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Abstract

Background: Pulmonary hypertension (PH) is a progressive disorder characterized by elevated pulmonary artery pressure and
increased pulmonary vascular resistance, ultimately leading to right heart failure. Early detection is critical for improving patient
outcomes.

Objective: To establish anovel machine learning-based diagnostic model for PH.

Methods: A diagnostic model for the early detection of pulmonary hypertension (PH) was developed through a two-step
approach. First, Recursive Feature Elimination (RFE) was employed to select the most relevant echocardiographic variables,
which were subsequently integrated into a composite ultrasound index using machine learning techniques such as XGBoost. In
the second step, this ultrasound index was integrated with clinical variables identified through LASSO regression. Together,
these elements were combined to construct a logistic regression model for diagnosis. The model’s performance was rigorously
evaluated using ROC curves, calibration plots, and decision curve analysis (DCA) to ensureits clinical relevance and accuracy.

Results: Machine learning identified key echocardiographic and clinical predictors, with the XGBoost model achieving high
AUC, sensitivity, and specificity. LASSO regression identified critical clinical variables, including prothrombin time activity and
serum cystatin C. The diagnostic model demonstrated high predictive accuracy, with an AUC of 0.997. Calibration and decision
curve analyses indicated close alignment between predicted and observed outcomes validating the model’s clinical value,
especialy at higher risk thresholds.

Conclusions; This model enhances early pulmonary hypertension (PH) diagnosis through a non-invasive approach and
demonstrates strong predictive accuracy. It facilitates early intervention and personalized treatment, with potential applicationsin
broader cardiovascular disease management. Clinical Trial: The study was approved by the Research Ethics Commission of
Wuhan Zhongnan Hospital and the requirement for informed consent was waived by the Ethics Commission (Approval
N0.2023185)
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Abstract

Background: Pulmonary hypertension (PH) is a progressive disorder characterized by elevated
pulmonary artery pressure and increased pulmonary vascular resistance, ultimately leading to right
heart failure. Early detection is critical for improving patient outcomes.

Objective: To establish a novel machine learning-based diagnostic model for PH.

Methods: A diagnostic model for the early detection of pulmonary hypertension (PH) was developed
through a two-step approach. First, Recursive Feature Elimination (RFE) was employed to select the
most relevant echocardiographic variables, which were subsequently integrated into a composite
ultrasound index using machine learning techniques such as XGBoost. In the second step, this
ultrasound index was integrated with clinical variables identified through LASSO regression.
Together, these elements were combined to construct a logistic regression model for diagnosis. The
model’s performance was rigorously evaluated using ROC curves, calibration plots, and decision
curve analysis (DCA) to ensure its clinical relevance and accuracy.

Results: Machine learning identified key echocardiographic and clinical predictors, with the
XGBoost model achieving high AUC, sensitivity, and specificity. LASSO regression identified
critical clinical variables, including prothrombin time activity and serum cystatin C. The diagnostic
model demonstrated high predictive accuracy, with an AUC of 0.997. Calibration and decision curve
analyses indicated close alignment between predicted and observed outcomes validating the model’s
clinical value, especially at higher risk thresholds.

Conclusion: This model enhances early pulmonary hypertension (PH) diagnosis through a non-
invasive approach and demonstrates strong predictive accuracy. It facilitates early intervention and
personalized treatment, with potential applications in broader cardiovascular disease management.
Keywords: Pulmonary hypertension, machine learning, risk prediction, echocardiography, clinical

data
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Introduction

Pulmonary hypertension (PH) is a progressive and complex vascular disorder characterized by
elevated pulmonary artery pressure and increased pulmonary vascular resistance, ultimately leading
to right heart failure(1). Given its multifactorial etiology, which includes conditions such as
idiopathic pulmonary arterial hypertension (IPAH), left heart disease, lung disease, chronic
thromboembolic pulmonary hypertension (CTEPH), and other less common causes, early
identification and risk assessment are critical for improving patient outcomes(2-5). PH is associated
with a poor prognosis, as it significantly impairs right heart function and overall patient survival,
making early detection essential(6).

Echocardiography, as a non-invasive imaging modality, has become integral to the evaluation of PH.
It enables clinicians to assess right ventricular size and function, and estimate pulmonary artery
pressures through tricuspid regurgitation velocity (TRV) and pulmonary artery systolic pressure
(PASP). Several studies have highlighted the importance of echocardiographic parameters including
right ventricular size, function (e.g., TAPSE), and TRV in predicting PH severity and outcomes(7-9).
Moreover, comprehensive models such as the REVEAL-ECHO score, which integrate multiple
echocardiographic variables, have significantly improved the ability to predict PH risk and have been
validated across multiple cohorts(7, 10).

However, relying solely on echocardiographic data for PH diagnosis and risk prediction has
limitations. Recent research has increasingly emphasized the need to integrate echocardiographic
findings with clinical data, including age, sex, BMI, and comorbidities, to enhance predictive
accuracy(11, 12). For instance, studies involving hyperthyroid patients demonstrated that models
incorporating both clinical variables and echocardiographic parameters significantly improved PH
risk assessment(13). Similarly, Nomogram models combining these data have proven effective in
evaluating PH risk in postoperative patients and those with comorbidities such as obstructive sleep

apnea(14, 15).
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In recent years, the application of machine learning techniques to PH risk prediction has gained
traction. Methods like recursive feature elimination (RFE) and advanced algorithms such as random
forests and XGBoost have been shown to optimize feature selection, improving model robustness
and prediction accuracy(15). These advancements, particularly when integrating echocardiographic
and clinical data, have yielded models that outperform traditional methods in PH risk prediction(5).
In summary, echocardiography remains a cornerstone in PH assessment, but integrating clinical data
and leveraging advanced statistical methods and machine learning techniques holds great promise for
enhancing early detection and risk stratification. These combined approaches offer valuable insights
into personalized treatment strategies, facilitating timely interventions and potentially improving
clinical outcomes for patients with PH.

Materials and Methods

Study Population and Data Collection

This study retrospectively enrolled data from 294 patients with PH and 1231 control subjects who
underwent echocardiographic examinations at Zhongnan Hospital of Wuhan University from January
2022 to April 2024. The inclusion criteria for the PH group were: (1) a discharge diagnosis of
pulmonary hypertension; (2) confirmation of PH through right heart catheterization (RHC); and (3)
age >14 years. Patients were excluded if: (1) the mean pulmonary arterial pressure (mPAP), as
measured by RHC was <20 mmHg, or (2) the mPAP data from RHC were missing. The inclusion
criteria for the control group were: (1) echocardiography results indicating no abnormalities in
cardiac morphology, valve function, or ventricular wall motion; and (2) age >14 years. Control
subjects were excluded if more than 5% of their data were missing. This study was approved by the
Ethics Committee of Zhongnan Hospital of Wuhan University (Approval No. 2023185).

Data Collection and Variables

Data collected included demographic information (age and gender), echocardiographic parameters,

and laboratory test results. Echocardiographic parameters assessed cardiac structure and function,
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including measurements such as ascending aortic diameter, left atrial and left ventricular size,
interventricular septal thickness, and pulmonary artery diameter. Additionally, the degree of
regurgitation, flow velocity, and pressure gradients for the mitral, tricuspid, and aortic valves were
recorded. All echocardiographic measurements were double-checked to ensure consistency and
accuracy. Laboratory data included complete blood count, coagulation profiles, liver and kidney
function, electrolytes, lipid profile, thyroid function, immune function, and arterial blood gas
analysis.

Data Preprocessing

In the data preprocessing step, we used R packages (Version 1.4.3) to handle missing values through
median imputation, replacing missing entries with the median of each variable to maintain data
completeness. Continuous variables were centered and standardized, ensuring a mean of 0 and a
standard deviation of 1 to meet the requirements of machine learning models. Categorical variables
were converted to factors to ensure the accuracy of subsequent statistical analyses.

Feature Selection

We used stratified sampling to randomly split the data into training and testing sets in a 3:1 ratio. For
selecting features from echocardiographic variables, we applied RFE using a Random Forest-based
approach. RFE iteratively removed features with the least contribution to model performance,
ultimately identifying the optimal subset of features. To ensure robustness and generalizability, we
employed 10-fold cross-validation during feature selection.

Using the selected echocardiographic features, we trained multiple machine learning models,
including logistic regression, LASSO regression, elastic net, decision tree, random forest, XGBoost,
support vector machine (SVM), k-nearest neighbors (KNN), naive Bayes, and gradient boosting
machine (GBM). Model training and evaluation were primarily conducted using the "caret"
package(16). We used 10-fold cross-validation and grid search to optimize the hyperparameters. The

primary performance metric was the Area Under the Receiver Operating Characteristic Curve (AUC-
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ROC), which was computed and plotted using the "pROC" package. The model with the highest
AUC-ROC was selected as the optimal model for the echocardiographic features. For the optimal
model, we further performed internal and external validation using bootstrap methods to evaluate its
robustness. To enhance model interpretability, Shapley Additive Explanations (SHAP) were used to
analyze the contribution of each variable to the model's predictions(17). Finally, we developed an
ultrasound index based on the optimal model in the training and test set.

For feature selection from routine clinical variables, we conducted LASSO regression analysis using
the glmnet package. 10-fold cross-validation was used to select the optimal regularization parameter.
Specifically, we calculated a range of lambda values and chose lambda.1se, which is the lambda
value with the best performance in cross-validation, adjusted by one standard error.

Logistic Regression and Nomogram Construction

After identifying the optimal echocardiographic features and selected clinical variables, we
combined them to develop a comprehensive logistic regression model. The model was fitted using
the "lrm" function from the "rms" package. To prevent overfitting, we incorporated L2 regularization
(ridge regression) as needed. Analysis of model coefficients provided insights into the contribution of
each feature to predicting PH.

To facilitate the clinical application of the model, we constructed a nomogram using the "nomogram"
function from the "rmsv package(18). This nomogram visualizes the logistic regression model in an
easy-to-use format, allowing clinicians to estimate an individual's probability of developing PH by
summing the scores for each predictive variable. The use of a nomogram ensures the interpretability
and practicality of the model in a clinical setting.

Model Calibration and Decision Curve Analysis

To assess the performance of the nomogram and logistic regression model, we used the Receiver
Operating Characteristic (ROC) curve. To evaluate the consistency between the predicted

probabilities and observed outcomes, calibration curves were plotted using the "calibrate" function
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from the "rms" package. Additionally, decision curve analysis (DCA) was conducted using the
"rmda" package to quantify the net benefit of the model across different threshold probabilities,
providing insight into its clinical utility(19, 20). Finally, we developed an online tool to facilitate the
prediction of the risk of PH using R packages shiny (version 1.9.1).

Statistical Analysis

The SHAP analysis was conducted using SHAP[JVersion 0.46.0[] in Python (version 3.10.8), while
all other statistical analyses were performed using R[Jversion 4.4.1[] USA[]. For continuous variables
that followed a normal distribution, group comparisons were made using t-tests. For continuous
variables that did not follow a normal distribution, non-parametric tests, such as the Mann-Whitney
U test or the Kruskal-Wallis test, were applied. Categorical variables were presented as percentages
and compared between groups using the Chi-square test. A P < 0.05 was considered statistically
significant.

Results

Differences in Echocardiographic Parameters and Laboratory Findings between Pulmonary
Hypertension Patients and Controls

This study ultimately included a cohort of 710 control subjects and 181 patients with PH. The
findings revealed significant differences between the PH and control groups in several
echocardiographic parameters and laboratory test results. Compared to controls, PH patients
exhibited significantly larger dimensions of the ascending aorta, left atrium, left ventricle, right
atrium, and right ventricle, whereas their left ventricular ejection fraction (EF%) and fractional
shortening (FS%) were significantly lower (all P < 0.05, Table 1). Additionally, PH patients
exhibited elevated red blood cell counts, reduced platelet counts, an increased neutrophil percentage,
and a decreased lymphocyte percentage (all P < 0.05, Table 2). In terms of coagulation function, PH
patients demonstrated prolonged prothrombin time (PT) and an increased international normalized

ratio (INR), as well as elevated levels of total bilirubin, direct bilirubin, and indirect bilirubin (all P <

https://preprints.jmir.org/preprint/74117 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Cheng Sret d
0.05, Table 3 and 4). Regarding electrolyte levels, PH patients exhibited reduced potassium, sodium,
and phosphorus levels, along with elevated chlorine and calcium (all P < 0.05, Table 5). Overall,
these results indicate that PH patients exhibit distinct pathological changes in cardiac structure,
hematology, and liver function.

Feature Selection, Model Performance, and SHAP Analysis for Predicting Pulmonary Hypertension
In this study, we employed RFE with a Random Forest model to select the most influential
echocardiographic features for predicting PH. Using 10-fold cross-validation, we identified 16
optimal features that significantly contributed to model performance, including the right atrium (RA)
and pulmonary artery (PA), which exhibited the highest importance scores (Figure 1A). Figure 1B
illustrates the relationship between cross-validation accuracy and the number of variables during the
RFE process. As depicted, the model accuracy stabilizes when the number of variables reaches 10 to
16, suggesting that the model achieves optimal predictive performance at this point. Figure 1C
illustrates that the XGBoost model outperformed others, excelling in AUC, sensitivity, and
specificity, demonstrating high robustness in distinguishing between false positives and negatives.
Figures 1D highlight SHAP analysis, revealing that the RA, left ventricular outflow tract velocity,
and pulmonary artery diameter had the most significant impact on model predictions, thus making
them critical for PH classification.

The XGBoost model was evaluated using a 3:1 developing-to-validation split. The confusion matrix
in Figure A shows a high number of correct predictions for the normal class, though there are more
false positives (129) for the PH class. In contrast, Figure F displays a slightly lower number of false
positives, suggesting improved performance in the second model. The ROC curves (Figures 2B and
2G) reveal AUCs of 0.999 and 0.997, indicating excellent discrimination between classes. Precision-
recall curves (Figures 2C and 2H) show very high performance, with precision remaining close to 1
until recall values start dropping, which highlights robust performance in identifying true positives.

Specificity and sensitivity metrics (Figures 2D and 2I) were both near 1, indicating high sensitivity
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without a significant drop in specificity—an important balance for minimizing both false positives
and false negatives. The Accuracy vs. Threshold curves (Figures E and J) reveal that optimal
accuracy is achieved at a threshold between 0.7 and 0.8, indicating stable performance across a range
of thresholds. Overall, the XGBoost model demonstrates excellent performance, with high AUC
values, strong precision-recall trade-offs, and a well-balanced sensitivity and specificity, making it a
reliable tool for PH diagnosis.

Model Development and Evaluation for Pulmonary Hypertension Diagnosis

LASSO regression identified key clinical features—including prothrombin time activity, serum
cystatin C, and ultrasound indices—as the most influential variables (Figure 3A). The binomial
deviance plot helped select the optimal A to balance complexity and performance, whereas the
coefficient shrinkage plot highlighted the most impactful features as A increased (Figure 3B).

Based on these features, we developed a logistic regression model to diagnose pulmonary
hypertension (PH). A nomogram was constructed to quantify each variable's contribution to the
diagnosis. The nomogram visually illustrates the scoring for each feature, and the total score is
utilized to estimate the risk probability of PH through a linear predictor (Figure 3C). The decision
curve analysis further underscores the model's clinical utility, with the Ultrasound nomogram
consistently yielding a higher net benefit, especially at higher risk thresholds (Figure 3D). The
model's performance evaluation shows strong predictive accuracy. The ROC curves demonstrate
excellent discriminatory power, with an AUC of 0.999 for the training set and 0.984 for the testing
set (Figure 4 A and B). The calibration curves suggest that the model's predictions are well-aligned
with actual outcomes, reflecting reliable calibration (Figure 4 C and D). Overall, the model exhibits
robustness, stability, and valuable clinical applicability for predicting pulmonary hypertension.
Ultrasound and Clinical Variable-Based Pulmonary Hypertension Risk Prediction Model

A pulmonary hypertension risk calculator is introduced, which utilizes echocardiographic parameters

including the right atrium, pulmonary artery diameter, and left atrium to predict an ultrasound index.
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The accompanying SHAP analysis on the right illustrates the contribution of each feature to the
model's output, enabling clinicians to rapidly assess a patient’s risk by entering echocardiographic
data (Figure 5A). Additionally, a nomogram-based pulmonary hypertension risk prediction tool is
presented. This tool calculates total points based on clinical variables, such as prothrombin time and
serum cystatin C levels. It then displays the total points along with the corresponding risk of
pulmonary hypertension, thereby streamlining the assessment process for clinicians (Figure 5B).

Discussion

Our study introduces an integrated diagnostic model combining ultrasound-derived parameters and
clinical data to enhance early risk prediction of PH. Using RFE, LASSO regression, and various
machine learning algorithms, we optimized the model and rigorously assessed its predictive
performance. Given that PH is a rapidly progressive disease with high mortality, early detection and
intervention are essential for improving outcomes (21, 22). Current diagnostic methods for
pulmonary artery pressure rely heavily on two approaches: right heart catheterization and
echocardiography which estimates pressure based on tricuspid regurgitation velocity*>*. However,
catheterization is invasive, and echocardiography can be prone to significant inaccuracies. To
overcome these limitations, this research proposes a novel non-invasive diagnostic pathway that
integrates ultrasound and clinical data, thereby providing an effective tool for the early detection of
PH. Furthermore, the model establishes a foundation for personalized treatment strategies and
continuous monitoring, advancing the precision medicine approach to PH management. In our study,
we used RFE to identify an optimal subset of ultrasound features and validated their importance in
predicting PH. The results demonstrated that variables such as right atrium (RA), left atrium (LA),
and pulmonary artery diameter (PAD) significantly contributed to model performance. The
physiological relevance of these ultrasound parameters aligns closely with the pathophysiology of
PH. Enlargement of the right and left atria reflects increased pulmonary circulation pressure and

heightened right ventricular load, both of which are common in PH patients(26). Additionally, an
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enlarged pulmonary artery diameter correlates directly with elevated pulmonary vascular resistance,
further exacerbating right ventricular pressure overload(27).

A key strength of our study lies in the rigorous validation of all cases in the PH group were verified
by right heart catheterization with a mean pulmonary artery pressure >20 mmHg, combined with
echocardiographic data. Additionally, all individuals in the control group had complete
echocardiographic data, with all cardiac function parameters within normal ranges. In other words,
our case group was diagnosed with PH by the gold standard, whereas our control group was verified
by echocardiography to have no structural or functional abnormalities in the heart, thus eliminating
the possibility of false positives or false negatives. Although these stringent inclusion criteria resulted
in a more limited sample size, they substantially enhanced the precision and clinical relevance of our
data and model.

Compared to previous studies, our research systematically identified key ultrasound parameters using
RFE, with the process validated through 10-fold cross-validation to ensure the robustness of feature
selection(28-30). Unlike traditional approaches that focus on individual ultrasound parameters, our
innovation lies in integrating multidimensional ultrasound features with clinical data to construct an
efficient and interpretable diagnostic model, significantly enhancing early prediction capabilities for
PH(31, 32). This advancement provides clinicians with a more precise ultrasound-based detection
strategy to facilitate the early identification of high-risk patients, enabling timely intervention.

In this study, we further modeled the ultrasound features using multiple machine learning algorithms,
such as XGBoost, Random Forest, and Logistic Regression. Among these models, XGBoost
demonstrated the best predictive performance, achieving an AUC of 0.997, highlighting its strength
in handling high-dimensional data and modeling complex nonlinear relationships. As a gradient-
boosting algorithm, XGBoost incrementally reduces the model error to enhance predictive accuracy,
rendering it particularly effective for clinical data with intricate interactions(33, 34). To enhance the

interpretability of the XGBoost model, we constructed an analysis using SHAP. SHAP values
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quantified the contribution of each feature to the model's predictions, emphasizing the importance of
variables such as the right atrium and pulmonary artery diameter in predicting PH. Compared to
traditional "black-box" models, incorporating SHAP analysis significantly enhanced the model's
interpretability, providing more clinical insights. SHAP not only increases transparency but also
enables clinicians to better understand the predictive mechanisms of the model, thus supporting more
informed and reasoned clinical decision-making.

Building on the ultrasound features, we further constructed feature selection for conventional clinical
variables using LASSO regression, identifying key variables such as prothrombin time activity and
serum cystatin C. Prothrombin time activity is closely associated with coagulopathy in patients with
PH, as previous studies demonstrating a significant association between PH and increased
thrombotic risk(35). Serum cystatin C, a marker of renal function, is frequently elevated in cases of
increased cardiovascular risk(36). This study represents the first to integrate these serum biomarkers
with ultrasound features, offering a novel and comprehensive multidimensional predictive model for
PH diagnosis.

To facilitate the clinical application of our model, we developed a nomogram based on logistic
regression. The nomogram serves as a straightforward, visual tool for clinicians, allowing them to
calculate individual PH risk by summing scores of each predictor variable(37). Compared to
conventional diagnostic methods, the nomogram provides a personalized risk assessment approach,
aiding clinicians in more precise disease screening and early intervention(38). We further evaluated
the clinical utility of the model using calibration curves and DCA. The calibration curves
demonstrated that the predicted risk is closely aligned with observed outcomes, supporting the
model's applicability and robustness across diverse populations. DCA indicated that our model,
incorporating both ultrasound and clinical variables, offers significant clinical benefit over the
baseline model at different risk thresholds. These results indicate that our model not only exhibits

theoretical predictive accuracy but also demonstrates substantial practical value in real-world clinical
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settings.
Although several machine learning models have been developed for PH, they exhibit certain
limitations. Many models rely on a single data source, which restricts predictive accuracy and
reliability. For instance, Athénais Boucly's study identified cytokines as prognostic biomarkers in
pulmonary arterial hypertension but failed to account for potential confounding factors, such as
clinical variables or imaging data, which may influence the results(39). Similarly, Yukina Hirata's
research demonstrated improved accuracy of a machine learning model compared to traditional
methods in the derivation cohort; however, its performance in the validation cohort was only
comparable to guideline-based echocardiographic assessments, underscoring the need for further
optimization and validation(40). Additionally, previous studies frequently employed univariable and
multivariable models to evaluate the relationship between clinical and echocardiographic parameters
in precapillary pulmonary hypertension (PH)(41). However, they lacked advanced feature selection
methods like LASSO and Recursive Feature Elimination (RFE), which could have enhanced model
performance by identifying key predictive variables, reducing overfitting, and providing deeper
insights into prognostic factors. In contrast, our research proposes an innovative approach by
integrating ultrasound parameters with clinical variables, thereby enhancing the model's predictive
performance through multidimensional integration(42, 43). Unlike prior work, we optimized feature
selection using both RFE and LASSO regression and ensured model robustness through comparison
and tuning across multiple machine-learning models(44). We also significantly enhanced model
interpretability using SHAP (Shapley Additive Explanations), which makes this high-performing
"black-box" model more transparent and trustworthy for clinical use, ultimately enhancing its
applicability and credibility in a healthcare context(17, 45, 46).
Despite the strong performance of our model in predicting PH, it exhibits certain limitations. First,
the study sample size was relatively small, which limits the generalizability of the findings. Future

work should involve validation using larger, multicenter datasets to ensure the model's external
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validity. Second, although we employed cross-validation and SHAP analysis to assess model
robustness and interpretability, further validation is needed to determine its effectiveness in real-
world clinical settings, particularly with dynamic data. Additionally, as new ultrasound technologies
and biomarkers emerge, future research should incorporate additional multidimensional biological
data to enhance the predictive accuracy and applicability of the model.

Conclusion

Our study introduces an innovative multidimensional diagnostic model for PH, integrating
ultrasound parameters and clinical data, and applying machine learning methods to optimize feature
selection and model construction. Our approach significantly improves the early diagnostic
capability for PH. The model not only exhibits high predictive performance and interpretability but
also demonstrates substantial potential for clinical application. Future research could build on this
model to explore its utility in diagnosing other cardiovascular diseases, thereby broadening its
clinical impact.
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Figure 1: (A) eDeviance Plot from Lasso Regression. (B) Coefficient Path for Lasso Regression. (C)
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for Validation cohort. (I) Specificity vs Sensitivity for Validation cohort. (J) Accuracy vs Threshold

for Validation cohort.
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Table 1 Comparison of Demographic and Echocardiographic Parameters
Between Normal and Pulmonary Hypertension (PH) Patients

PH _
Normal (N=181) P value Overall(N=895)
Age
52.0 53.2
Mean (SD) (13.8) (16.9) 0.38 52.3 (14.5)
53.0 54.7
Median [Min, Max] [15.0, [16.0, 54.0 [15.0, 88.0]
88.0] 85.1]
Sex
310 81 o
Male (43.4%) (44.8%) 0.811 391 (43.7%)
404 100 o
Female (56.6%) (55.2%) 504 (56.3%)
AAO
3.02 3.15
Mean (SD) (0.280) (0.540) 0.002 3.05(0.352)
3.10 3.20
Median [Min, Max] [2.20, [1.80, 3.10[1.80, 4.90]
3.70] 4.90]
LA
3.18 4.22
Mean (SD) (0.362) (1.18) <0.001 3.39 (0.746)
3.20 4.00
Median [Min, Max] [1.80, [2.10, 3.30[1.80, 7.70]
4.30] 7.70]
LV
4.41 4.98
Mean (SD) (0.333) (1.42) <0.001 4.53 (0.740)
4.40 4.60
Median [Min, Max] [3.20, [2.50, 4.40 [2.50, 9.90]
5.30] 9.90]
VS
0.933 0.997
Mean (SD) 0.112) (0.210) <0.001 0.946 (0.140)
1.00
Median [Min, Max] 0'2030050’ [0.500, 0.900 [0, 2.10]
’ 2.10]
Missing 0 (0%) 1 (0.6%) 1(0.1%)
LVPW
0.908 0.968
Mean (SD) (0.0988) (0.254) 0.002 0.920 (0.146)

Table 1 Comparison of Demographic and Echocardiographic Parameters Between Normal and
Pulmonary Hypertension (PH) Patients (continued)

0.900 1.00
Median [Min, Max] [0.600, [0.500,
1.20] 3.40]
Missing 0(0%)  1(0.6%)
RA
30.8 47.2
Mean (SD) (3.74) (13.1)
31.0
Median [Min, Max] [20.0, 4?'87[]0’
41.0]
RV
3.01 4.33
Mean (SD) (0.362) (1.13)
3.00 4.15
Median [Min, Max] [1.90, [2.30,
4.10] 7.60]
Missing 0(0%)  1(0.6%)
PA
Mean (SD) 20.7 29.8

https://preprints.jmir.org/preprint/74117

0.900 [0.500, 3.40]

1(0.1%)
<0.001 34.1 (9.45)

32.0 [0, 107]

<0.001 3.28 (0.799)

3.10 [1.90, 7.60]
1(0.1%)

<0.001 22.5 (5.58)
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Median [Min, Max]
FSPercent
Mean (SD)

Median [Min, Max]

Missing
EFPercent
Mean (SD)

Median [Min, Max]

Missing
MVESpeed

Mean (SD)

(2.08)
21.0

[14.0,
31.0]

36.0
(3.86)
35.0
[22.0,
47.0]

0 (0%)

65.7
(4.54)
65.0
[53.0,
79.0]
0 (0%)

0.741
(0.195)

(8.44)

28.0 [0,
62.0]

32.6
(5.97)
33.0
[12.0,
44.0]
28
(15.5%)

57.1
(14.6)
62.0
[12.0,
75.0]
8 (4.4%)

1.01
(0.488)

<0.001

<0.001

<0.001

Cheng Sret d

21.0 [0, 62.0]

35.4 (4.50)
35.0 [12.0, 47.0]

28 (3.1%)

64.1 (8.34)

65.0 [12.0, 79.0]

8 (0.9%)

0.796 (0.300)

Table 1 Comparison of Demographic and Echocardiographic Parameters Between Normal and
Pulmonary Hypertension (PH) Patients (continued)

Median [Min, Max]

Missing
ASpeed

Mean (SD)

Median [Min, Max]

Missing
LVOTSpeed
Mean (SD)

Median [Min, Max]

Missing
AVSpeed
Mean (SD)

Median [Min, Max]

Missing
PVSpeed

Mean (SD)

Median [Min, Max]

Missing
MRRefluxDegree
Mean (SD)

Median [Min, Max]
ARRefluxDegree

https://preprints.jmir.org/preprint/74117

0.700
[0.300,
1.40]
0 (0%)

0.778
(0.189)
0.800
[0.400,
1.40]

0 (0%)

0.912
(0.189)
0.900
[0.500,
1.80]

0 (0%)

1.22
(0.216)
1.20
[0.700,
2.40]
11 (1.5%)

0.953
(0.175)
0.900
[0.600,
1.70]

0 (0%)

0.296
(0.457)
0 [0,
1.00]

0.900
[0.300,
3.00]
3 (1.7%)

0.782
(0.254)
0.800
[0.300,
1.60]
52
(28.7%)

0.739
(0.269)
0.800
[0.300,
1.20]
153
(84.5%)

1.32
(0.423)
1.20
[0.500,
3.10]
2 (1.1%)

1.09
(0.458)
1.00
[0.300,
4.10]
22
(12.2%)

1.08
(1.15)

1.00 [0,
4.00]

0.86

0.002

0.004

<0.001

<0.001

0.700 [0.300, 3.00]

3 (0.3%)

0.779 (0.200)

0.800 [0.300, 1.60]

52 (5.8%)

0.906 (0.195)

0.900 [0.300, 1.80]

153 (17.1%)

1.24(0.274)

1.20[0.500, 3.10]

13 (1.5%)

0.977 (0.256)

1.00 [0.300, 4.10]

22 (2.5%)

0.454 (0.729)

0 [0, 4.00]

[unpublished, non-peer-reviewed preprint]
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Table 1 Comparison of Demographic and Echocardiographic Parameters Between Normal and
Pulmonary Hypertension (PH) Patients (continued)
0.0980 0.459

Mean (SD) (0.298) (0.619) <0.001 0.171 (0.411)
. . 0o, 0 [0,
Median [Min, Max] 1.00] 3.00] 0 [0, 3.00]
TRRefluxDegree
0.396 1.85
Mean (SD) (0.489) (111) <0.001 0.690 (0.882)
. . 0[O0, 2.00 [0,
Median [Min, Max] 1.00] 4.00] 0 [0, 4.00]
Widening_of_ascending_aorta
714 142 o
No (100%) (78.5%) <0.001 856 (95.6%)
39
0, 0,
Yes 0 (0%) (21.5%) 39 (4.4%)
Aortic_valve_thickening
696 147 o
No (97.5%) (81.2%) <0.001 843 (94.2%)
34
0, 0,
Yes 18 (2.5%) (18.8%) 52 (5.8%)
Aortic_valve_echo_intensification
695 140 o
No (97.3%) (77.3%) <0.001 835 (93.3%)
41
0, 0,
Yes 19 (2.7%) (22.7%) 60 (6.7%)
aortic_valve_calcification
712 175 o
No (99.7%) (96.7%) <0.001 887 (99.1%)
Yes 2 (0.3%) 6 (3.3%) 8 (0.9%)
Aortic_valve_closure_is_poor
713 119 o
No (99.9%) (65.7%) <0.001 832 (93.0%)
62
0, 0,
Yes 1(0.1%) (34.3%) 63 (7.0%)
Pulmonary_artery_widening
714 88 o
No (100%) (48.6%) <0.001 802 (89.6%)
93
[0) 0,
Yes 0 (0%) (51.4%) 93 (10.4%)
Poor_closure_of_the_pulmonary_valve
713 157 o
No (99.9%) (86.7%) <0.001 870 (97.2%)
24
0, 0,
Yes 1(0.1%) (13.3%) 25 (2.8%)

Table 1 Comparison of Demographic and Echocardiographic Parameters Between Normal and
Pulmonary Hypertension (PH) Patients (continued)
Mitral_valve_insufficiency
704 83

No (98.6%) (45.9%) <0.001 787 (87.9%)
Yes 10 (1.4%) (54??%) 108 (12.1%)
tricuspid_insufficiency
No (92.787%) (18?.);%) <0.001 710 (79.3%)
Yes 37 (5.2%) (8%.‘:3%%)) 185 (20.7%)
The_ventricular_septum_thickened
No (9;.161%) (81%27%) <0.001 858 (95.9%)
Yes 3 (0.4%) (18%;‘% ) 37 (4.1%)
Left_ventricular_posterior_wall_thickened
No 714 164 <0.001 878 (98.1%)

(100%)  (90.6%)

https://preprints.jmir.org/preprint/74117 [unpublished, non-peer-reviewed preprint]
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Yes 0(0%)  17(9.4%) 17 (1.9%)
atrial_septal_defect
714 143 .
No (100%) (79.0%) <0.001 857 (95.8%)
38
[0} [s)
Yes 0 (0%) (21.0%) 38 (4.2%)
ventricular_septal_defect
714 171 )
No (100%) (945 <0001 885 (98.9%)
Yes 0 (0%) 10 (5.5%) 10 (1.1%)
ERatioE_yipie
9.24 13.0
Mean (SD) (1.99) (5.43) <0.001 9.97 (3.33)
9.00 12.0
Median [Min, Max] [4.00, [5.00, 10.0 [4.00, 33.0]
18.0] 33.0]
- 121 39 >,
Missing 169%)  (21.5%) 160 (17.9%)

Table 2 blood routine index in Normal and Pulmonary Hypertension (PH) Patients

Median [Min, Max]

https://preprints.jmir.org/preprint/74117

7.70 [0.800, 78.9]

8.20[1.50, 19.4]

Normal PH (N=181) P value Overall(N=895)
WBC
Mean (SD) 6.16 (4.41) 6.15 (2.33) 0.972 6.16 (4.08)
Median [Min, Max] 5.67[1.05, 103] 5.62[2.50, 17.5] 5.65[1.05, 103]
Missing 0 (0%) 1 (0.6%) 1(0.1%)
RBC
Mean (SD) 4.19 (0.660) 4.38 (0.905) 0.01 4.23 (0.720)
Median [Min, Max] 4.22[1.76, 7.86] 4.27[1.77, 8.48] 4.23[1.76, 8.48]
Missing 0 (0%) 1 (0.6%) 1(0.1%)
Hb
Mean (SD) 127 (19.4) 131 (26.1) 0.137 128 (20.9)
Median [Min, Max] 129 [52.8, 194] 130 [60.0, 252] 129 [52.8, 252]
Missing 0 (0%) 1 (0.6%) 1(0.1%)
Plt
Mean (SD) 222 (80.4) 183 (75.3) <0.001 214 (80.8)
Median [Min, Max] 215[16.0, 575] 174 [34.0, 545] 206 [16.0, 575]
Missing 0 (0%) 1 (0.6%) 1(0.1%)
neutrophilic_granulocyte_percent
age
Mean (SD) 60.9 (12.4) 64.0 (11.1) 0.002 61.5(12.2)
Median [Min, Max] 61.0[12.8, 97.0] 63.6 [32.8, 94.2] 61.5[12.8, 97.0]
Missing 0 (0%) 1 (0.6%) 1(0.1%)
lymphocytes_Percentage
Mean (SD) 28.0 (10.6) 25.3 (10.1) 0.002 27.4 (10.5)
Median [Min, Max] 28.0[2.00, 72.2] 26.0[1.70, 53.4] 27.5[1.70, 72.2]
Missing 0 (0%) 1 (0.6%) 1(0.1%)
Monocyte_percentage
Mean (SD) 8.34 (3.94) 8.35(2.81) 0.993 8.34 (3.74)

7.80 [0.800, 78.9]

[unpublished, non-peer-reviewed preprint]
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Missing
Eosinophils_Percentage
Mean (SD)
Median [Min, Max]
Missing
Basophils_Percentage
Mean (SD)
Median [Min, Max]
Missing

Neutrophil_absolute_value

Mean (SD)

0 (0%)

2.20 (2.22)
1.55 [0, 27.5]
0 (0%)

0.562 (0.375)
0.500 [0, 3.30]

0 (0%)

3.85 (2.39)

1(0.6%)

1.83 (3.11)
1.20 [0, 37.0]
1 (0.6%)

0.595 (0.368)
0.500 [0, 2.60]

1 (0.6%)

4.03 (2.03)

0.13

0.284

0.304

Cheng Sret d

1(0.1%)

2.13 (2.43)
1.50 [0, 37.0]
1(0.1%)

0.569 (0.373)
0.500 [0, 3.30]

1(0.1%)

3.89 (2.32)

Table 2 blood routine index in Normal and Pulmonary Hypertension (PH) Patients

Median [Min, Max]
Missing

Lymphocyte_absolute_value

Mean (SD)
Median [Min, Max]
Missing
Monocyte_absolute_value
Mean (SD)
Median [Min, Max]
Missing

Eosinophils_absolute_value

Mean (SD)
Median [Min, Max]
Missing
Basophil_absolute_value
Mean (SD)
Median [Min, Max]
Missing
HCThematokrit
Mean (SD)
Median [Min, Max]
Missing
mean_RBC_volume
Mean (SD)
Median [Min, Max]
Missing

Average_hemoglobin_content

Mean (SD)
Median [Min, Max]
Missing

Average_hemoglobin_concentrati

on
Mean (SD)

Median [Min, Max]
Missing

Erythrocyte_distribution_width_

(0)%

https://preprints.jmir.org/preprint/74117

(continued)

3.40 [0.200, 28.7]
0 (0%)

1.57 (0.660)
1.50 [0.200, 6.79]
0 (0%)

0.582 (3.02)
0.410 [0, 80.9]
0 (0%)

0.124 (0.134)
0.100 [0, 1.40]
0 (0%)

0.0212 (0.0326)
0 [0, 0.200]
0 (0%)

38.4 (5.67)
38.8 [16.5, 61.8]
0 (0%)

91.8 (6.48)
92.0 [63.2, 120]
0 (0%)

30.5 (2.52)
30.7 [18.1, 40.9]
0 (0%)

332 (8.33)
332 [285, 364]
0 (0%)

3.53[1.38, 12.9]
1 (0.6%)

1.48 (0.691)
1.45[0.180, 3.86]
1 (0.6%)

0.500 (0.248)
0.470 [0.100, 2.00]
1 (0.6%)

0.106 (0.242)
0.100 [0, 3.04]
1 (0.6%)

0.0275 (0.0341)
0.0200 [0, 0.110]
1 (0.6%)

40.1(7.77)
40.1[17.6, 76.4]
1 (0.6%)

92.0 (7.42)
92.8 [65.5, 123]
1 (0.6%)

30.0 (3.08)
30.8 [19.5, 40.3]
1(0.6%)

325 (14.1)
328 [257, 352]
1 (0.6%)

[unpublished, non-peer-reviewed preprint]

0.105

0.474

0.326

0.027

0.005

0.754

0.029

<0.001

3.40 [0.200, 28.7]
1(0.1%)

1.55 (0.667)
1.50 [0.180, 6.79]
1(0.1%)

0.565 (2.70)
0.430 [0, 80.9]
1(0.1%)

0.121 (0.161)
0.100 [0, 3.04]
1(0.1%)

0.0225 (0.0330)
0 [0, 0.200]
1(0.1%)

38.7 (6.19)
38.9[16.5, 76.4]
1(0.1%)

91.9 (6.67)
92.1[63.2, 123]
1(0.1%)

30.4 (2.65)
30.7 [18.1, 40.9]
1(0.1%)

331 (10.1)
332[257, 364]
1(0.1%)
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Mean (SD) 14.1 (1.94) 14.9 (2.28) <0.001 14.3 (2.04)
Table 2 blood routine index in Normal and Pulmonary Hypertension (PH) Patients
(continued)
Median [Min, Max] 13.5[11.3, 28.9] 14.3[11.9, 26.1] 13.6 [11.3, 28.9]
Missing 0 (0%) 1 (0.6%) 1(0.1%)
mean_platelet_volume
Mean (SD) 8.69 (1.17) 9.69 (1.49) <0.001 8.89 (1.30)
Median [Min, Max] 8.50 [5.80, 14.5] 9.50[7.10, 13.6] 8.70 [5.80, 14.5]
Missing 0 (0%) 6 (3.3%) 6 (0.7%)

Table 3 Indicators of coagulation function in Normal and Pulmonary Hypertension (PH)

Patients
Normal PH (N=181) P value Overall(N=895)
PTprothrombin_time
Mean (SD) 11.3(0.992) 14.7 (7.36) <0.001 12.0 (3.68)
Median [Min, Max] 11.1[9.50, 19.7] 12.7 [9.30, 70.1] 11.3[9.30, 70.1]
Missing 0 (0%) 1 (0.6%) 1 (0.1%)

https://preprints.jmir.org/preprint/74117 [unpublished, non-peer-reviewed preprint]
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INR
Mean (SD)

Median [Min, Max]
Missing
Prothrombin_time_activity
Mean (SD)

Median [Min, Max]
Missing
APTTactivated_partial_thrombop

lastin_time
Mean (SD)

Median [Min, Max]
Missing
TTthrombin_time
Mean (SD)
Median [Min, Max]
Missing
Fibrinogen_content
Mean (SD)
Median [Min, Max]
Missing
Ddimer

Mean (SD)
Median [Min, Max]
Missing

1.04 (0.0920)
1.02 [0.870, 1.81]
0 (0%)

96.2 (12.9)
97.0 [43.0, 130]
0 (0%)

30.9 (3.93)
30.5[17.4, 74.2]
0 (0%)

14.5 (1.76)
14.5[11.0, 46.7]
0 (0%)

328 (86.0)
314 [97.0, 743]
0 (0%)

401 (1130)
136 [0, 15900]
0 (0%)

1.35 (0.662)
1.16 [0.850, 6.08]
1(0.6%)

75.3 (22.4)
80.0 [10.0, 136]
1(0.6%)

33.3 (7.91)
31.8[24.3, 103]
1(0.6%)

16.3 (16.3)
15.0 [12.2, 231]
4 (2.2%)

297 (75.9)
286 [141, 536]
2 (1.1%)

1420 (5630)
189 [1.00, 63200]
5 (2.8%)

<0.001

<0.001

<0.001

0.14

<0.001

0.018

Cheng Sret d

1.10 (0.332)
1.04 [0.850, 6.08]
1(0.1%)

92.0 (17.4)
94.0 [10.0, 136]
1(0.1%)

31.4 (5.09)
30.6 [17.4, 103]
1(0.1%)

14.9 (7.46)
14.6 [11.0, 231]
4 (0.4%)

322 (84.9)
308 [97.0, 743]
2 (0.2%)

602 (2720)
141 [0, 63200]
5 (0.6%)

Table 4 Liver and kidney function indicators in Normal and Pulmonary Hypertension (PH)

Patients
Normal PH (N=181) P value Overall(N=895)
ALT
Mean (SD) 26.0 (45.1) 84.0 (394) 0.091 35.2 (163)
Median [Min, Max] 18.0 [3.00, 867] 19.5[1.00, 3330] 18.0 [1.00, 3330]
Missing 0 (0%) 47 (26.0%) 47 (5.3%)
AST
Mean (SD) 24.6 (33.2) 95.0 (556) 0.092 38.7 (252)
Median [Min, Max] 19.0 [4.00, 574] 22.0[9.00, 6160] 20.0 [4.00, 6160]
Missing 0 (0%) 2 (1.1%) 2 (0.2%)
ASTratioALT
Mean (SD) 1.22 (0.611) 8.42 (16.9) <0.001 2.65 (8.06)
Median [Min, Max] 1.11 [0.270, 6.86] 1.44[0.350, 133] 1.17 [0.270, 133]
Missing 0 (0%) 4 (2.2%) 4 (0.4%)
TBIL
Mean (SD) 12.4 (12.4) 16.4 (17.0) 0.003 13.2 (13.6)
Median [Min, Max] 10.6 [1.50, 275] 12.0[0.540, 103] 10.6 [0.540, 275]

https://preprints.jmir.org/preprint/74117
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Missing
DBIL
Mean (SD)
Median [Min, Max]
Missing
IDBIL
Mean (SD)
Median [Min, Max]
Missing
TotalProtein
Mean (SD)
Median [Min, Max]
Missing
Alb
Mean (SD)
Median [Min, Max]
Missing
Glb
Mean (SD)
Median [Min, Max]

0 (0%)

4.36 (12.3)
2.70 [0.300, 231]
0 (0%)

8.66 (5.09)
7.70 [0.800, 44.1]
0 (0%)

68.6 (9.60)
68.9 [3.04, 105]
0 (0%)

40.9 (5.48)
40.9 [15.7, 76.5]
0 (0%)

31.0 (26.0)
28.3[11.7, 319]

2 (1.1%)

8.86 (8.70)
5.60 [0.600, 51.1]
2 (1.1%)

12.3 (11.1)
9.40 [1.10, 94.1]
2 (1.1%)

54.3 (25.4)
64.9 [3.20, 88.5]
2 (1.1%)

45.9 (12.9)
41.5[22.1, 86.5]
2 (1.1%)

30.6 (6.03)
30.1[16.3, 47.0]

<0.001

<0.001

<0.001

<0.001

0.698

Cheng Sret d
2 (0.2%)

5.26 (11.8)
2.90 [0.300, 231]
2 (0.2%)

9.39 (6.90)
7.90 [0.800, 94.1]
2 (0.2%)

65.7 (15.3)
68.2 [3.04, 105]
2 (0.2%)

41.9 (7.82)
41.0 [15.7, 86.5]
2 (0.2%)

31.0 (23.4)
28.7[11.7, 319]

Table 4 Liver and kidney function indicators in Normal and Pulmonary Hypertension (PH)
Patients (continued)

Missing
AlbratioGlb
Mean (SD)

Median [Min, Max]
Missing
gamma_GGT
Mean (SD)
Median [Min, Max]
Missing
ALP_alkaline_phosphatase
Mean (SD)
Median [Min, Max]
Missing
TBA_total bile_acid
Mean (SD)
Median [Min, Max]
Missing
BUN
Mean (SD)
Median [Min, Max]
Missing
creatinine
Mean (SD)
Median [Min, Max]

Missing
Uric_Acid
Mean (SD)

https://preprints.jmir.org/preprint/74117

0 (0%)

1.71 (2.31)
1.46 [0.450, 28.6]
0 (0%)

37.8 (62.7)
21.5[0.630, 927]
0 (0%)

80.3 (53.7)
72.0 [3.59, 612]
0 (0%)

6.84 (22.1)
3.10 [0.100, 303]
0 (0%)

6.58 (10.0)
5.14 [1.20, 105]
0 (0%)

80.9 (104)
65.0 [2.23, 1140]

0 (0%)

327 (103)

2 (1.1%)

8.35 (12.7)
1.51[0.730, 48.9]
2 (1.1%)

44.9 (79.8)
23.0 [0.600, 752]
2 (1.1%)

73.1 (63.9)
64.0 [11.0, 768]
2 (1.1%)

26.1 (37.4)
6.60 [0.400, 204]
2 (1.1%)

7.44 (9.33)
5.82 [0.400, 112]
3 (1.7%)

62.0 (43.5)
62.6 [1.95, 255]

4(2.2%)

331 (193)

<0.001

0.273

0.167

<0.001

0.279

<0.001

0.796

2 (0.2%)

3.04 (6.61)
1.46 [0.450, 48.9]
2 (0.2%)

39.3 (66.5)
22.0 [0.600, 927]
2 (0.2%)

78.9 (56.0)
70.0 [3.59, 768]
2 (0.2%)

10.7 (27.0)
3.50 [0.100, 303]
2 (0.2%)

6.75 (9.91)
5.25 [0.400, 112]
3(0.3%)

77.1 (95.6)
64.2 [1.95, 1140]

4 (0.4%)

328 (126)

[unpublished, non-peer-reviewed preprint]
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Median [Min, Max]
Missing
Carbon_dioxide
Mean (SD)
Median [Min, Max]
Missing
Serum_cystatin_C
Mean (SD)
Median [Min, Max]

317 [0.760, 839]
0 (0%)

23.9 (4.21)
23.8[1.00, 34.9]
0 (0%)

1.04 (0.794)
0.900 [0.360, 7.59]

335 [44.8, 1000]
4 (2.2%)

110 (171)
24.8 [12.3, 842]
4(2.2%)

6.99 (10.5)
1.11[0.510, 38.1]

<0.001

<0.001

Cheng Sret d

321 [0.760, 1000]
4 (0.4%)

41.0 (83.5)
23.9[1.00, 842]
4(0.4%)

2.18 (5.20)
0.910 [0.360, 38.1]

Table 4 Liver and kidney function indicators in Normal and Pulmonary Hypertension (PH)
Patients (continued)

Missing

0 (0%)

12 (6.6%)

12 (1.3%)

Table 5 Electrolyte level in Normal and Pulmonary Hypertension (PH) Patients

Normal PH (N=181) P value Overall(N=895)
Potassium
Mean (SD) 3.94 (0.462) 3.42 (1.22) <0.001 3.84 (0.707)
Median [Min, Max] 3.94[0.990, 6.27] 3.84[0.720, 5.72] 3.93[0.720, 6.27]
Missing 0 (0%) 10 (5.5%) 10 (1.1%)
Sodium
Mean (SD) 138 (13.9) 108 (57.5) <0.001 132 (30.8)
Median [Min, Max] 140 [0.940, 148] 138 [2.93, 155] 140 [0.940, 155]
Missing 0 (0%) 6 (3.3%) 6 (0.7%)
Chlorine
Mean (SD) 103 (11.7) 113 (15.0) <0.001 105 (13.0)
Median [Min, Max] 105 [2.22, 114] 106 [91.0, 146] 105 [2.22, 146]
Missing 0 (0%) 6 (3.3%) 6 (0.7%)
Calcium
Mean (SD) 2.57 (5.43) 26.0 (43.1) <0.001 7.19 (21.8)
Median [Min, Max] 2.30[0.390, 105] 2.32[1.78, 111] 2.30[0.390, 111]
Missing 0 (0%) 6 (3.3%) 6 (0.7%)
Magnesium
Mean (SD) 2.40 (26.1) 1.20 (0.596) 0.22 2.17 (23.5)
Median [Min, Max] 0.880 [0.380, 667] 0.890 [0.530, 2.54] 0.880 [0.380, 667]
Missing 0 (0%) 14 (7.7%) 14 (1.6%)
Phosphorus
Mean (SD) 5.38 (45.6) 1.16 (0.281) 0.014 4.57 (41.0)
Median [Min, Max] 1.18 [0.310, 784] 1.17 [0.660, 2.32] 1.17 [0.310, 784]
Missing 0 (0%) 11 (6.1%) 11 (1.2%)

https://preprints.jmir.org/preprint/74117
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Workflow of the analysis.

Cheng Sret d

From January 2022 to April 2024, underwent echocardiographic

examinations at Zhangnan Hospdal of Wuhan Universiy

w
¥ &
1,231 conbrgl
the mean pulmonary arberial 204 patients subpects Control subjects were
pressure (MPAP) from RHC was | Jetetet w  excluded if more than 5% of
<20 mmHg, or the mPAP data | , their data were missing
from RHC missed were axcluded =
181 patients 710 control subjects
| ]
!
Pargmeter information collected by echocandiography({32) and Clinical indexs(53)
2
& *
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¢
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Figures
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Cheng Sret d
(A) eDeviance Plot from Lasso Regression. (B) Coefficient Path for Lasso Regression. (C) Nomogram.
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(A) Confusion Matrix for Developing cohort. (B) ROC Curve for Developing cohort (AUC = 0.999). (C) Precision-Recall
Curve for Developing cohort. (D) Specificity vs Sensitivity for Developing cohort. (E) Accuracy vs Threshold for Developing
cohort. (F) Confusion Matrix for Validation cohort. (G) ROC Curve for Validation cohort (AUC = 0.997). (H) Precision-Recall
Curvefor Validation cohort. (1) Specificity vs Sensitivity for Validation cohort. (J) Accuracy vs Threshold for Validation

cohort.
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(A) Deviance Plot from Lasso Regression. (B) Coefficient Path for Lasso Regression. (C) Nomogram for Risk Prediction of
Pulmonary Hypertension. (D) Decision Curve Analysis.
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(A) ROC of the nomogram in the developing cohort. (B) ROC of the nomogram in validation cohort. (C) Calibration curve of
the nomogram in the developing cohort. (D) Calibration curve of the nomogram in the validation cohort.
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(A) Ultrasound-based pulmonary hypertension risk calculator showing index prediction and SHAP analysis explaining feature
contributions to model output. The PH risk prediction nomogram uses clinical variables to calculate atotal score, estimating the
corresponding PH risk percentage.
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Table 4. Liver and kidney function indicators in normal and pulmonary hypertension (PH) patients.
URL.: http://asset.jmir.pub/assets/f 7167c5dablldca841127642ade2ad?b.docx

Table 1.Comparison of demographic and echocardiographic parameters between normal and pulmonary hypertension (PH)
patients.
URL.: http://asset.jmir.pub/assets/2d382dae87a0f d92bd53d9637eef 154e.doc

Table 2. blood routine index in normal and pulmonary hypertension (PH) patients.
URL: http://asset.jmir.pub/assets/b59e9b694844cebabe8e4 78c4060bd51.docx

Table 3. Indicators of coagulation function in normal and pulmonary hypertension (PH) patients.
URL: http://asset.jmir.pub/assets/ad4069a2930b166644b02d0035587f ce.docx

Table 5. Electrolyte level in normal and pulmonary hypertension (PH) patients.
URL.: http://asset.jmir.pub/assets/860b8168403bedd24af ccf Obff2760efb.docx
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