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Abstract
Background: Pulmonary thromboembolism (PTE) is one of the most important complications in cancer
patients. Gastrointestinal cancers are at increased risk of PTE. However, there were few studies that
predict pulmonary embolism using machine learning (ML) in cancer patients. The purpose of this study
was to develop an ML based prediction model for PTE in gastrointestinal cancer patients, and to compare
its performance with the conventional model.

Methods: In a tertiary hospital, patients who underwent computed tomographic pulmonary angiography
(CTPA) were reviewed retrospectively from 2010 to 2020. Demographic and predictor variables including
the Wells score and D-dimer were investigated. ML was based on the random forest model. In the model
comparison, the area under receiver operating curve (AUROC) was used to evaluate the predictive
performance of each model.

Results: A total of 446 gastrointestinal cancer patients were analyzed in this study. The overall incidence
of PTE was 30.0%. PTE was the most common in pancreatic cancer (47.2%). Compared with the
conventional model (AUROC 0.605), the performance of ML model predicting PTE was improved (0.706, P
= 0.002) and was further improved with additional input of further demographic factors including age
and sex (0.743, P < 0.001). The number of patients classi�ed as requiring CTPA was signi�cantly reduced
according to the prediction with ML (1.8% vs 9.4%, P< 0.001).

Conclusion: Prediction model based on ML might have advantages to improve the diagnostic
performance and reduce the number of CTPA compared to the conventional model for PTE in patients
with gastrointestinal cancer. 

Introduction
Venous thromboembolism (VTE) occurs in 15%-20% of cancer patients (1). In the cancer populations,
VTE increases the risk of death (2, 3). Epidemiologic studies reported the highest risk of VTE in
intraabdominal cancers including gastrointestinal cancers (4-6). Among VTEs, pulmonary
thromboembolism (PTE) is a clinically important disease requiring urgent management. Early detection is
important because massive PTE can cause cardiac arrest or circulatory collapse, associated with high
mortality rates (7). 

Computed tomography pulmonary angiography (CTPA) is the method of choice for the evaluation of
pulmonary vasculature in patients with suspected PTE (8). However, CTPA is not appropriate for primary
test for PTE because only 15%-25% of presenting patients have PTE (8, 9). Unnecessary CTPA should be
avoided because of radiation exposure, side effects of contrast media, and cost. 

Many studies have developed diagnostic strategies for PTE. These diagnostic strategies identify low-risk
patients for PTE in whom imaging studies and anticoagulation therapy can be safely withheld (9).
Assessments of clinical pretest probability (C-PTP) such as the Wells score is most often used in
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combination with the D-dimer test. It is well established that patients with low C-PTP and D-dimer levels
of less than 500ng per milliliter are considered PTE ruled out (8-10). However, these patients account for
only approximately 30% of outpatients (11). 

There have been studies to reduce unnecessary CTPA in patients with suspected PTE. Several studies
attempted to change the cut-off value of the D-dimer test (11, 12). Recently, there have been studies to
improve the diagnosis of PTE using arti�cial intelligence. In one study, machine learning (ML) was used
to support clinical decisions for CTPA in moderate to high C-PTP patients (13). Another study conducted
risk-strati�cation for deep vein thrombosis (DVT) by ML using the Wells score and D-dimer (14). However,
there are few studies using ML to support the decision on CTPA in cancer patients with suspected PTE. 

There is a limit to applying the existing diagnostic methods for PTE to cancer patients. This is because
cancer patients usually have high D-dimer level, which can result in false positive (15). Additionally, PTE
is relatively common in gastrointestinal cancers (4-6). Therefore, our purpose was to reduce unnecessary
CTPA by improving diagnostic strategy for PTE in gastrointestinal cancer patients through ML. 

Methods
Study design and patients 

This retrospective study investigated the patients with gastrointestinal cancer who underwent CTPA at
a tertiary center (Seoul National University Hospital, Seoul, Korea) between 2010 and 2020, using an
electrical medical records database (Figure 1). The diagnosis of gastrointestinal cancer was con�rmed by
the pathological results. Hepatocellular carcinoma diagnosed based on imaging without pathological
con�rmation was also included (16). The patients with exclusion criteria were not included in the
analysis. Exclusion criteria were as follow; suspected PTE associated with causes other than cancer or
other malignancy, no evidence of malignancy at the time of CTPA, ambiguous diagnosis of PTE on CTPA,
missing data. Diagnosis of PTE was con�rmed by trained experts based on CTPA.

This study was approved by the institutional review board (IRB) of the Seoul National University Hospital,
Korea (IRB No.2009-146-1159). The need for informed consent was waived by the IRB. 

Data collection and de�nition

Patient characteristics were retrospectively collected including age, sex, cancer diagnosis, the Wells score
and components of the Wells score, and D-dimer. Gastrointestinal cancers were de�ned as cancers of
gastrointestinal tract from esophagus to anus, cancers of liver and pancreatobiliary system (17). The
Wells score was calculated as previously used in patients suspected PTE (18). Components of the Wells
score included signs and symptoms of VTE, alternative diagnosis less likely than pulmonary embolism,
heart rate > 100 beats per minute, history of VTE, immobilization, malignancy, hemoptysis. Among them,
we did not include malignancy because all of the subjects were diagnosed with cancer. History of VTE
was de�ned as previous history of PTE or DVT(18). A low C-PTP was de�ned as a Wells score of 0 to 1.5,
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a moderate C-PTP was 2.0 to 6.0 and a high C-PTP was 6.5 or higher (18). Number needed to diagnosis
(NND) was de�ned as the number of patients who need to be examined to diagnosis one patient with the
disease. NND is the inverse of Youn index (sensitivity + speci�city – 1) (19).  

Study outcome measures

The primary outcome of this study was the area under the receiver operating characteristics curve
(AUROC) and accuracy of ML model for diagnosis of PTE in patients with gastrointestinal cancer.  

As a secondary outcome, we compared the number of performed CTPA for PTE in the ML model with the
conventional model. We also investigated NND and feature importance of the ML model. 

Statistical analysis

To compare the baseline characteristics, the Student’s t-test and Chi-square test were used for continuous
and dichotomous variables, respectively. If any subgroups had less than four subjects, the Fisher’s exact
test was used instead of a Chi-square test. 

ML was performed in a 10-fold cross-validation method. We classi�ed the subjects as 90% training group
and 10% validation group. The model is trained using demographic information and labels from the
training group, and prediction is performed based on the demographic information of the validation
group. After that, the model parameters are reset, and training and prediction are performed on the newly
split data. This process is repeated 10 times, while the data split is performed by setting the entire subject
to be included in the validation group only once. As a result, the model makes predictions once for every
subject, which can increase data e�ciency. 

The random forest model showed good performance in regression and classi�cation, especially in the
healthcare �eld, where deep learning is not accessible due to the lack of data (20, 21). Although PTE is an
important disease, the number is relatively small, so we used the random forest model (22). The random
forest model can track which features the model mainly considered in the process of making decisions.
This is a form of explainable arti�cial intelligence, which can solve the model reliability problem that
most deep learning algorithms currently have. In this paper, we used impurity-based feature
importance (23). The feature importance score is calculated by the ratio of the information gain of all
nodes split by a speci�c feature divided by the total sum of the information gains of all nodes.
Consequently, using this importance score, we determined how each feature is in�uenced for classifying
the data.

P-value lower than 0.05 indicated statistical signi�cance. Statistical calculations were performed with
SPSS and scikit-learn's random forest model. To measure the feature importance, the impurity-based
feature importance algorithm was used. When comparing prediction ROC curves between models,
statistical analysis based on the Delong test was performed.



Page 6/16

Results

Baseline characteristics of the study population
Of the 708 patients diagnosed with gastrointestinal cancer, 262 were excluded because of the exclusion
criteria thus, a total of 446 patients were analyzed (Fig. 1). Among them, 134 (30.0%) patients were
diagnosed with PTE. Table 1 shows the comparison of baseline characteristics according to PTE in the
gastrointestinal cancer patients. Pancreatic cancer was the most common type of cancer in patients with
PTE (47.2%). Patients with PTE had more high C-PTP (24.0% vs. 43.3%) and patients without PTE had
more moderate C-PTP (62.8% vs. 45.5%, P < 0.001). Patients suspected with DVT was higher in patients
with PTE (27.9% vs. 47.8%, P < 0.001). History of VTE (3.2% vs. 17.2%, P < 0.001) and hemoptysis (0.3%
vs. 3.0%, P = 0.0495) were more common in patients with PTE. There was no signi�cant difference
between the two groups in other variables.
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Table 1
Baseline characteristics of patients according to the presence of pulmonary thromboembolism.

  All patients Patients

without PTE

Patients

with PTE

 

  (n = 446) (n = 312) (n = 134) P value

Age (mean) 66.3 ± 11.4 66.6 ± 11.1 65.6 ± 12.3 0.385

Male (%) 306 (68.6) 221 (70.8) 85 (63.4) 0.123

Cancer (%)       0.001

Gastric cancer 88 (19.7) 72 (81.8) 16 (18.2)  

Colon cancer 92 (20.6) 62 (67.4) 30 (32.6)  

Hepatocellular carcinoma 106 (23.8) 80 (75.5) 26 (24.5)  

Pancreatic cancer 89 (20.0) 47 (52.8) 42 (47.2)  

Cholangiocarcinoma 46 (10.3) 30 (65.2) 16 (34.8)  

Others 25 (5.6) 21 (84.0) 4 (16.0)  

Components of Wells score (%)        

Signs and symptoms of DVT 151 (33.9) 87 (27.9) 64 (47.8) < 0.001

Alternative diagnosis

less likely than PTE

215 (48.2) 143 (45.8) 72 (53.7) 0.1453

Heart rate > 100/min 207 (46.4) 141 (45.2) 66 (49.3) 0.4755

Immobilization 171 (38.3) 116 (37.2) 55 (41.0) 0.4915

History of VTE 33 (7.4) 10 (3.2) 23 (17.2) < 0.001

Hemoptysis 5 (1.1) 1 (0.3) 4 (3.0) 0.0495

Wells score (%)       < 0.001

Low 56 (12.6) 41 (13.1) 15 (11.2)  

Moderate 257 (57.6) 196 (62.8) 61 (45.5)  

High 133 (29.8) 75 (24.0) 58 (43.3)  

D-dimer ≥  500 ng/mL (%) 437 (98.0) 304 (97.4) 133 (99.3) 0.211

DVT, deep vein thrombosis; PTE, pulmonary thromboembolism; VTE, venous thromboembolism
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Primary study outcomes
The results are summarized as AUROC in Table 2 and Fig. 2. AUROC and accuracy of the conventional
model using combination of the Wells score and D-dimer was 0.6049 and 0.6053. AUROC (0.6049 vs.
0.7057, P < 0.001) and accuracy (0.6053 vs. 0.6906, P < 0.001) of the ML model using component of the
Wells score and D-dimer was signi�cantly improved. And the performance of the ML model was further
improved with additional input of further demographic factors including age and sex (AUROC, 0.6049 vs.
0.7433, P < 0.001; accuracy 0.6053 vs. 0.7534, P < 0.001).

 
Table 2

Comparison of performance between the logistic regression approach and machine learning.
Model Conventional model Machine learning model

Feature Wells score + D-dimer WC + D-dimer Age + Sex +

WC + D-dimer

AUROC 0.6049 0.7057* 0.7433*

Accuracy 0.6053 0.6906* 0.7534*

Sensitivity 0.5373 0.5448 0.6343

Speci�city 0.6346 0.7532 0.8045

Precision 0.3470 0.4019 0.4792

Recall 0.5860 0.6490 0.7194

AUROC, area under reciever operating curve; WC, components of Wells score

* Statistically signi�cant difference when compared with the conventional model (p-value < 0.05)

Secondary study outcomes
Figure 3 shows the feature importance of the ML models. D-dimer and heart rate were the most important
variables in predicting PTE. Age factor was revealed as one of important factors in the ML model with
additional input of further demographic factors in predicting PTE.

Figure 4 indicate that the number of patients classi�ed as requiring CTPA during the diagnosis of PTE
was signi�cantly reduced according to the prediction with the ML model while maintaining the accuracy
of diagnosis. (1.8% vs. 9.4%, P < 0.001). In the ML model, an additional 34 patients avoided unnecessary
CTPA. And NND was also improved using the ML model. (5.8 vs. 2.3)

Discussion
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In gastrointestinal cancer patients, PTE is one of the most important complications requiring early
diagnosis and treatment. However, the current diagnostic strategies showed the unsatisfactory diagnostic
performance of PTE detection and result in the unnecessary CT scans. In this study, the ML model
signi�cantly improved the diagnostic performance of PTE and reduced the unnecessary CTPA scans.

A recent study showed that the neural network model using raw structured EMR data can predict the risk
of PTE (13). However, since they analyzed all patients suspected with PTE, there will be limitations in
establishing a speci�c diagnostic strategy for PTE in cancer patients. They differ from this study by using
a predicting model for only moderate to high C-PTP. In this study, we investigated patients with
gastrointestinal cancer. Among patients diagnosed as cancer in South Korea in 2018, gastric cancer and
colorectal cancer were the most common, and gastrointestinal cancer accounted for 36% of all cancer
patients (24). Based on this study, the ML model could reduce unnecessary CTPA in thousands of
gastrointestinal cancer patients per year in South Korea. Considering that CTPA costs approximately 300
US dollars in South Korea, it can signi�cantly reduce medical expenses. And it can also reduce medical
burden by reducing contrast media induced complications such as nephropathy and anaphylaxis.

In this study, pancreatic cancer was the most common type of cancer in patients with PTE. Previous
studies reported that pancreatic cancer has the highest risk of VTE among all cancers (6, 25). Signs and
symptoms of DVT, history of VTE, hemoptysis are factors known to be related to PTE in previous studies
(8, 18, 26). However, although immobilization is a strong risk factor for PTE(18), there was no signi�cant
difference in immobilization according to PTE in this study. We analyzed cancer patients, and a bias may
have occurred because cancer is a risk factor for PTE(18). And cancer may have affected the
performance status of patients. In this study, the Wells score could not discriminate PTE, especially in the
moderate C-PTP. On the Wells score, cancer corresponds to 1 score. Because we analyzed cancer
patients, all subjects had at least a Wells score of 1 or higher.

Many studies have attempted to increase diagnostic rate by changing the cut-off value of D-dimer. One
study increased the diagnostic rate by changing the cut-off value of D-dimer according to age (27).
Another study ruled out more patients suspected with PTE by increasing the cut-off value of D-dimer to
1000 ng per milliliter in the low probability group in the Wells score (11). Based on these results, a change
in the cut-off value of the D-dimer test could improve the diagnostic rate for PTE. And it is even more
necessary in cancer patients with high false positive rate of the D-dimer test. In this study, we did not use
the previously known cut-off value for D-dimer, but let the ML model adjust the cut-off values according
to other variables. So we improved diagnostic performance and reduce the number of CTPA.

D-dimer was also the important factor in feature importance. This suggests that adjusting the cut-off
value of D-dimer using ML was important for prediction of PTE. Additionally, age and tachycardia were
important factors in feature importance. Their association with PTE has been reported in previous studies
(18, 28).

This study has several limitations. First, since it is a retrospective study, unexpected bias may exist.
Because we analyzed patients who had undergone CTPA, there may be a selective bias. Second, AUROC,
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sensitivity, and speci�city of the ML model are relatively low compared to other studies (13, 27). This is
because the subjects of this study are cancer patients. Cancer patients have a higher D-dimer level and
are more likely to be false-positive (15). We used ML to overcome these limitations of D-dimer. However,
since most arti�cial intelligence such as ML is a black box model, the cut-off value of D-dimer in the ML
model is unknown. Nevertheless, we showed the importance of D-dimer using feature importance, an
explainable arti�cial intelligence. Third, the number of patients investigated in this study is relatively
small. This is because PTE is relatively rare disease with an annual incidence of about 0.1% (22). And
other studies have developed ML models with good performance despite the small sample size (29, 30).

Despite these limitations, this study has several strengths. To the best of our knowledge, this study is the
�rst to develop the ML model to predict PTE in gastrointestinal cancer patients. We applied ML to the
simpli�ed model that has already been demonstrated. So it is more easily accessible in the emergent
department. And since the weight of each variable in the Wells score and the cut-off value of D-dimer are
adjusted in the ML model, the limitations of the existing diagnostic system can be overcome. Therefore, a
large prospective study in the future would be warranted to verify these results.

In conclusion, this ML model for predicting PTE might improve diagnostic strategies for PTE and reduce
the number of unnecessary CTPA during the diagnostic process of PTE in gastrointestinal cancer
patients.

Abbreviations
PTE: Pulmonary thromboembolism; ML: Machine learning; CTPA : Computed tomographic pulmonary
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thrombosis; NND: Number needed to diagnosis; AUROC: Area under the receiver operating characteristics
curve
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Figure 1

Study �ow chart

PTE, pulmonary thromboembolism; CTPA, computed tomographic pulmonary angiography. 
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Figure 2

AUROC of conventional model and machine learning model

AUROC, area under the receiver operating characteristics curve

Figure 3

Feature importance after machine learning

HR, heart rate; VTE, venous thromboembolism; DVT, deep vein thrombosis; PTE, pulmonary
thromboembolism. 
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Figure 4

Comparison of patients who need CT pulmonary angiography between conventional model and machine
learning model.

PTE, pulmonary thromboembolism.

 


