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Background: Accurate risk stratification in pulmonary hypertension (PH) is integral for optimizing therapeutic strategies and improving patient outcomes. Recent artificial intelligence (AI) models have demonstrated notable efficacy in risk stratification of PH, achieving area under the curve (AUC) values of 0.94 and 0.81 in internal and external validation cohorts, respectively. This meta-analysis aims to demonstrate the effectiveness of AI models in the risk stratification of PH by comparing their performance to conventional risk stratification methods.

Methods: A systematic search of five databases (PubMed, Embase, ScienceDirect, Scopus, and the Cochrane Library) was conducted from inception to March 2025. Statistical analysis was performed in R (version 2024.12.1 + 563) using 2 × 2 contingency data. Sensitivity, specificity, and diagnostic odds ratio (DOR) were pooled using a bivariate random-effects model (reitsma from the mada package), while the AUC was meta-analyzed using logit-transformed values via the metagen() function from the meta package.

Results: Six studies were included in the final synthesis, comprising 14,095 patients: 4,481 in internal test datasets and 4,948 in external datasets. AI risk stratification models showed significant performance with a logit mean difference of 0.26 (95% CI 0.09–0.43; p = 0.31), having low heterogeneity (I2 = 14.3%) as compared to conventional methods. Furthermore, pooled sensitivity and specificity were 0.77 (95% CI 0.74–0.79) and 0.72 (95% CI 0.70–0.75) in favor of AI methods, respectively. The heterogeneities for pooled sensitivity and specificity were 57.1% (p = 0.04) and 91.8% (p < 0.0001), underscoring high variability across all studies. Finally, DOR was substantially high, 8.53 (6.59–11.04) in favor of AI models with a high heterogeneity of 73.6% (p = 0.002). Heterogeneity (I2) for pooled sensitivity went to 25.9% after excluding a major outlier, but it remained high for pooled specificity and DOR upon leave-one-out sensitivity analysis.

Conclusion: Artificial intelligence-based risk stratification demonstrates significantly higher diagnostic performance compared to conventional methods in pulmonary hypertension. The higher pooled AUC, sensitivity, specificity, and DOR highlight AI’s potential to enhance predictive accuracy, guiding better treatment strategies. Nonetheless, more superior quality studies are needed to validate AI models for clinical integration.
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Introduction

Pulmonary hypertension (PH) is a progressive, life-threatening condition characterized by elevated pulmonary vascular resistance, which can lead to right ventricular dysfunction. Accurate risk stratification is essential in PH, as it guides therapeutic decisions, monitors disease progression, and predicts outcomes such as mortality and hospitalization (Oliveros et al., 2025). Risk assessment can be performed using various measures such as the 6-min walk test, cardiopulmonary exercise testing, NT-pro BNP, and multiple chest imaging variables (Ahmed et al., 2023; Benza et al., 2021). Traditional risk scores—such as the REVEAL (Registry to Evaluate Early and Long-term Pulmonary Arterial Hypertension Disease Management), European Society of Cardiology/European Respiratory Society Risk Stratification Model (ESC/ERS), and COMPERA (Comparative, Prospective European Registry of Adult Patients with Pulmonary Arterial Hypertension) models—have long served as clinical tools for these purposes (Pausch et al., 2023; McLaughlin, 2024). However, these models often rely on linear assumptions and predefined variables, which may limit their predictive accuracy in the context of complex, heterogeneous patient populations (Pausch et al., 2023).

Recent advances in artificial intelligence (AI) and machine learning (ML) have opened new avenues for precision medicine in cardiopulmonary diseases, including PH. AI-based models have demonstrated the potential to process high-dimensional data, identify hidden patterns, and generate individualized risk predictions with greater accuracy than conventional scoring systems (Attaripour Esfahani, 2025; Siontis, 2022). Previous systematic reviews comparing AI and conventional risk models in pulmonary hypertension or related cardiopulmonary disorders have reported encouraging results; however, many lacked consistent validation, comprehensive external testing, or pooled diagnostic estimates (Attaripour Esfahani, 2025; Imai, 2024; Park, 2023; Siontis, 2022).

Despite promising results, the comparative performance of AI-based models versus traditional risk stratification tools remains uncertain due to variability in study designs, data sources, outcome measures, and validation strategies. Therefore, we conducted a systematic review and meta-analysis to evaluate the prognostic performance of AI models relative to conventional scoring systems in predicting clinical outcomes among patients with PH.



Materials and methods


Protocol

This meta-analysis followed the guidelines set by reporting recommendations of the Preferred Reporting Items for Systematic Reviews and Meta-Analyses for Diagnostic Test Accuracy Studies Statement (PRISMA-DTA) (McInnes et al., 2018).



Data sources and search strategy

We conducted a comprehensive literature search across five databases: PubMed, Embase, ScienceDirect, Scopus, and the Cochrane Library, which yielded 503 results in the initial search. After removing 44 duplicates, 459 records remained for title/abstract screening. Nineteen studies were sought for full-text assessment, of which six studies met the inclusion criteria and were included in the review. The search strategy included all the keywords and medical subject headings (MeSH) terms in combination with the Boolean operators “AND” and “OR” given in Supplementary Table S1. Each study was independently screened for final inclusion by AD and KB. Any disagreements between the two reviewers were resolved through discussion with a third neutral reviewer, FH. We also searched for references to the retrieved articles and indexed abstracts to include any relevant studies that may have been missed during the search. After this, six studies that fit our inclusion criteria were finalized.



Inclusion criteria

We included studies enrolling patients with pulmonary hypertension (PH) who underwent risk stratification using clinical and functional variables (6-min walk distance, 6MWD; cardiopulmonary exercise testing, CPET), biomarkers (N-terminal pro-B-type natriuretic peptide, NT-proBNP; troponin-T), echocardiography (tricuspid annular plane systolic excursion, TAPSE; systolic pulmonary artery pressure, sPAP), invasive hemodynamics (mean pulmonary arterial pressure, mPAP; cardiac output, CO; pulmonary vascular resistance, PVR; right atrial pressure, RAP), cardiac magnetic resonance imaging (CMR; right ventricular ejection fraction, RVEF; stroke volume index, SVI), other imaging modalities as reported, and established risk scores (REVEAL 2.0; French Pulmonary Hypertension Registry, FPHR; COMPERA; Swedish Pulmonary Arterial Hypertension Registry, SPAHR; European Society of Cardiology/European Respiratory Society, ESC/ERS). We compared the performance of artificial intelligence (AI) algorithms with conventional (non-AI) interpretation methods; the primary outcome was the area under the receiver operating characteristic curve (AUC), and secondary outcomes included sensitivity, specificity, summary receiver operating characteristic (SROC), and prevalence as reported.



Exclusion criteria

We excluded studies for the following reasons: non-human research; case reports; case series; cross-sectional designs; editorials, reviews, comments; and conference abstracts without full text. We also excluded studies with no full text or with missing data that precluded outcome extraction, studies not involving PH populations or not performing risk stratification using the specified clinical, biomarker, imaging, hemodynamic, or risk-score domains, and studies that did not report AI-versus-conventional performance or failed to provide AUC, sensitivity, specificity, SROC, or prevalence required for synthesis.



Data extraction

Two independent reviewers, HA and KB, performed data extraction using Microsoft Excel (version 16.0), and any discrepancies were resolved by a third, neutral reviewer, FH. The extracted data included all the key categories from the studies. These included author name, country, year of study, study design, AI algorithms used along with their parameters, and the traditional method of interpretation used. Patient characteristics that were recorded at baseline were mean age, sex, Right Heart Catheterization parameters (mean PAP, PVR, cardiac index, mean RAP, sPAP), and comorbidities. For the studies presenting binary classification results, we extracted the data in the form of a confusion matrix containing true positives, false positives, true negatives, and false negatives to analyze the pooled data.



Quality assessment

The quality assessment was conducted by the QUADAS-2 tool. It has four domains, which are patient selection, index test, reference standard, and flow/timing, for the assessment of bias and concerns regarding applicability (Whiting et al., 2011). Each domain was classified as “low risk,” “some concerns,” or “high risk” based on the predetermined assessment criteria. Two independent reviewers did the assessments. The traffic light plot and summary plot are visible in (Supplementary Figures S1, S2).



Statistical analysis

All statistical analyses were performed using R (version 2024.12.1 + 563) using 2 × 2 contingency data (Shim et al., 2019).

Bivariate DTA Meta-Analysis: A bivariate diagnostic random-effects meta-analysis was conducted using the Reitsma model via the reitsma function from the mada package to estimate the diagnostic summary and the summary receiver operating characteristic (SROC) curve. Due to package limitations (the mada package does not support bivariate forest plots), univariate analyses were performed separately.

Univariate DTA Meta-Analysis: The analysis was performed using the meta and metaprop functions in R (version 2024.12.1 + 563) using a logit transformation (PLOGIT) to stabilize variances (Shim et al., 2019). The Clopper–Pearson (CP) method was used to calculate confidence intervals, thereby ensuring accurate estimates of proportions. Forest plots for sensitivity, specificity, and DOR were generated using the forest function.

Heterogeneity and Sensitivity Analysis: To assess study heterogeneity, sensitivity analysis was performed using the metainf() function from the meta package.

Publication Bias: Potential publication bias was evaluated using funnel plots (funnel function, meta package). Egger’s test (metabias function, meta package).

AUC: Logit AUC conversion was performed before pooling using the metagen function in R. The general inverse variance method, combined with a restricted maximum likelihood (REML) model, was used to estimate between-study heterogeneity (I2). Sensitivity analyses, funnel plots, and Egger’s test were used to assess robustness and publication bias. Subgroup analyses were conducted based on the studies, which provided standard errors (SEs) and which had the imputed SEs because they were originally absent from the studies.




Results


Search results

We retrieved approximately 503 studies from databases such as PubMed, Science Direct, Cochrane, Scopus, and Embase. After removing 44 duplicates, 459 studies in Title/Abstract screening, and 13 studies in full text screening, we included 6 studies that matched our inclusion criteria. The details of the search results are mentioned in Figure 1.

[image: Flowchart depicting the identification and inclusion process of studies via databases. Initially, 503 records identified from databases: Pubmed (29), Embase (14), Science Direct (30), Scopus (418), and Cochrane (12). Forty-four duplicate records removed before screening. Four hundred seventy-eight records screened, with 459 excluded. Nineteen reports sought for retrieval, with none not retrieved. Nineteen reports assessed for eligibility, resulting in 13 exclusions based on publication type, abstracts only, and no relevant outcome. Six studies included in the final review.]

FIGURE 1
 PRISMA flowchart.




Study characteristics

All 6 studies included in this analysis had a cumulative sample size of 14,095 patients, with 4,481 patients in internal test data and 4,948 patients in external data. Additionally, the traditional method group had 1900 patients collectively. The age of patients ranged from 11 months to 74 years. The Random Forest Model was the most common AI algorithm model used, whereas REVEAL 2.0 is the most common traditional stratification tool used in these studies. Approximately 4,170 patients had idiopathic pulmonary hypertension, and 2,578 patients had some sort of connective tissue disease at baseline. The comprehensive data on the baseline of patients are mentioned in Table 1.


TABLE 1 Baseline characteristics.


	Study ID
	Country
	Study design
	AI- algorithms models
	Traditional methods
	Total No. of patients
	AI-algorithms group—(n)
	Traditional methods group—(n)
	Mean age (years)
	Male—n (%)



	Internal test data
	External test data
	AI-algorithms group
	Traditional group

 

 	
Kanwar et al. (2020)
 	USA, Germany, Australia, Poland, Thailand 	Retrospective Cohort Study 	-PHORA
 –Bayesian Network (Tree-Augmented Naïve Bayes) 	REVEAL 2.0 	7,356 	2,529 	4,827 	2529* 	53.6 	2096(28.4) 	505 (20.0)


 	
Kheyfets et al. (2023)
 	United States 	Retrospective Cohort Study 	-Random Forest Model 	REVEAL 2.0 	205 	34 	38 	NA 	49.7 	44 (26.3) 	NA


 	
Duan et al. (2022)
 	China 	Retrospective Cohort Study 	AI models:
 -CatBoost
 -XGBoost
 -LightGBM
 -Random Forest 	Traditional logistic regression 	5,913 	4,139 	NA 	1,774 	0.11 (0.00, 0.60) 	3,255 (55.04) 	NA


 	
Sonnweber et al. (2023)
 	Austria 	Retrospective Cohort Study 	-Elastic Net Cox regression
 -Partitioning
 Around Medoids (PAM) 	- (FPHR) 3-parameter
 - (FPHR) 4-parameter (FPHR 4p)
 - (COMPERA) Score:
 - (SPAHR) Model
 - (mRASP) 	183 	100 	83 	NA 	66 (IQR: 53–71) **
 70 (IQR: 54–74) *** 	64 (35.09) 	NA


 	
Yang et al. (2023)
 	China 	AI model development and validation (imaging-based) study 	-Prior Prompt Network (P2-Net) 	- Cox Proportional Hazards Model
 - Time-dependent ROC for classification
 Parameters Used:
 - Hazard ratios (HRs)
 - (C-index)
 - Log-rank test 	140 	NA 	NA 	36 	NA 	NA 	NA


 	
Ostermann et al. (2023)
 	Germany 	Retrospective Cohort Study 	-Least Absolute Shrinkage
 -Selection Operator (LASSO)
 Cox Regression Model 	NA 	298 	208 	NA 	90 	64 years (IQR 48–74) 	115 (39) 	NA





*REVEAL 2.0 and Internal Validation were used on the same database called the REVEAL 2.0 Registry. **These patients are combined WHO Performance Status I/II combined. ***These patients are combined WHO Performance Status III/IV combined. ****Internal Validation data. *****External Validation data. AI, artificial intelligence; n, number of patients; NA, not available or not applicable; PAP, Pulmonary Arterial Pressure; PVR, pulmonary vascular resistance; PAH, pulmonary arterial hypertension; IQR, Interquartile Range; mmHg, millimeters of mercury; and Wood unit, unit for PVR measurement. Scoring systems and registries include REVEAL 2.0 (Registry to Evaluate Early and Long-term PAH Disease Management); FPHR, French Pulmonary Hypertension Registry; COMPERA, Comparative; Prospective Registry of Newly Initiated Therapies for Pulmonary Hypertension; SPAHR, Swedish PAH Register; mRASP, Modified Risk Assessment Score of PAH; and PHORA, Pulmonary Hypertension Outcomes Risk Assessment. Machine learning models and techniques include Random Forest; CatBoost, XGBoost, LightGBM, Elastic Net Cox regression; LASSO, Least Absolute Shrinkage and Selection Operator; Bayesian Network (including Tree-Augmented Naïve Bayes); and P2-Net, Prior Prompt Network. Additional methods include PAM, partitioning around medoids; ROC, receiver operating characteristic; C-index, Concordance Index, and log-rank test used in survival analysis.
 



Quality assessment

Quality Assessment was performed using QUADAS-2, which showcased the risk of bias and applicability concerns among all the included studies. Five out of six studies exhibited a low risk of bias (ROB) in all domains. However, Yang et al. (2023) highlighted a high risk of bias due to suboptimal performance in Domain 4 (flow and timing) of ROB. All the included studies (Kanwar et al., 2020; Kheyfets et al., 2023; Duan et al., 2022; Sonnweber et al., 2023; Yang et al., 2023; Ostermann et al., 2023) showed low applicability concerns as shown in Supplementary Figures S1, S2.



Diagnostic test accuracy results


Area under curve

Area under curve (AUC) significantly favors AI-algorithm models, with the random effects model reporting a value of 0.26 (95% CI 0.09–0.43) and the common effect model indicating up to 0.23 (95% CI 0.10–0.35). Moreover, heterogeneity (I2) is also low (14.3%, T2 = 0.0233, p = 0.3075), underscoring the consistency of these results across all studies included. However, the value of heterogeneity is non-significant (Figure 2).

[image: Forest plot showing results from multiple studies. Each study is listed with its GEN value, standard error, confidence intervals, and weights for common and random effects models. The central plot displays effect sizes with confidence intervals. Summary effects for common and random models are 0.23 and 0.26, respectively. Heterogeneity statistics are provided: I-squared is 14.3 percent, tau-squared is 0.0233, p-value is 0.3075. Overall effect tests show statistical significance for both models.]

FIGURE 2
 Forest plot shows pooled AUC across all studies.



Sensitivity analysis of AUC

Heterogeneity (I2) further decreases substantially with the omission of Duan et al. (2022), showing the role of these two studies in increasing the heterogeneity (I2) of our analysis (Supplementary Figure S3).



Subgroup analysis of AUC

All the studies were divided into two subgroups. The first included studies that reported their standard errors (SEs), while the second group comprised those for which SEs had to be imputed. Heterogeneity (I2) decreased to 0% (T2 = 0, p = 0.9853) in studies where SEs were provided. Studies in the imputed SE group showed a heterogeneity (I2) of 50.5% (T2 = 0.0214, p = 0.1327). This indicates that studies with imputed SEs contributed to increased heterogeneity. However, the heterogeneity (I2) values remained non-significant (Supplementary Figure S4).




Univariate analysis


Sensitivity

The random effect model showed a statistically significant pooled sensitivity of 0.77 (95% CI 0.74–0.79) in favor of AI-Algorithm Models across the included studies. These results were slightly different for the common effect model, estimating up to 0.78 (95% CI 0.75–0.79). The heterogeneity (I2) was modestly high in these results, accounting for up to 57.1% (T2 = 0.0107, p = 0.0399) (Figure 3).

[image: Forest plot showing six studies analyzing sensitivity, with events versus total and proportions with 95% confidence intervals. The studies range from 2020 to 2023. A common effect model shows a sensitivity proportion of 0.78 with a confidence interval of [0.76, 0.79]. The random effects model has a proportion of 0.77 [0.74, 0.79]. Heterogeneity statistics are provided, with I² at 57.1%, τ² at 0.0107, and p-value at 0.0399.]

FIGURE 3
 Forest plot for pooled sensitivity across all studies.




Sensitivity analysis of pooled sensitivity

The sensitivity analysis on pooled sensitivity showed that by omitting (Kanwar et al., 2020) heterogeneity (I2) came down to 25.9%, therefore indicating it is the study responsible for increasing heterogeneity (I2). Moreover (Duan et al., 2022), omission causes the heterogeneity (I2) to go up to 65.4% therefore showing its effect on moderating the heterogeneity (Supplementary Figure S5).



Specificity

Pooled Specificity yielded on the random effects model was 0.72 (95% CI 0.70–0.75) in favor of AI algorithm models. The common effect model showed the same results with slightly different confidence intervals (0.72 (95% CI 0.71–0.72). Heterogeneity (I2) of these results was 91.8% (T2 = 0.0181, p < 0.0001), therefore, highlighting high variability across included studies (Figure 4).

[image: Forest plot showing a meta-analysis of six studies, illustrating specificity proportions and their 95% confidence intervals. The common effect model and random effects model both indicate a specificity of 0.72. The heterogeneity is I² = 91.8%, with a tau-squared value of 0.0181, and the p-value is less than 0.0001.]

FIGURE 4
 Forest plot for pooled specificity across all studies.




Sensitivity analysis of pooled specificity

Excluding all sensitivity analysis studies had minimal effect on heterogeneity (I2); however, the removal of Duan et al. (2022) notably decreased heterogeneity to 86.6% (Supplementary Figure S6).



Diagnostic odds ratio

The diagnostic odds ratio (DOR) yielded was substantially high and significant in favor of AI algorithm models. The random effects model showed it around 8.53 (6.59–11.04), whereas the common effect model demonstrated it around 8.42 (7.37–9.63). The heterogeneity (I2) of these results was 73.6% (T2 = 0.0637, p = 0.0020), signifying high variability across the included studies (Figure 5).

[image: A forest plot displaying diagnostic odds ratios (DOR) for various studies. The studies listed include Kheyfets et al., 2023, Kanwar, M. K., 2020, and Duan et al., 2022a-d. The plot shows odds ratios with confidence intervals for each study. Heterogeneity is indicated with an I-squared value of 73.6 percent and a p-value of 0.0020. Both common and random effects models show a summary DOR around 8.5, indicating consistent effect sizes across the studies.]

FIGURE 5
 Forest plot for pooled diagnostic odds ratio (DOR) across all studies.




Sensitivity analysis of pooled diagnostic odds ratio

Sensitivity analysis demonstrates that the omission of Kanwar et al. (2020) drops the heterogeneity (I2) to 63.3%, which remains high (Supplementary Figure S7).




Interpretation of receiver operating curve (ROC) plane plot and ROC curve

The ROC plane plot in Figure 6 shows the diagnostic accuracy and 95% confidence intervals of AI algorithm models across various studies. The majority of the studies lie in zones of moderate diagnostic accuracy, with sensitivity and specificity ranging from 70 to 80%. (Kheyfets et al., 2023) come out as an outlier with near-perfect sensitivity; however, its higher confidence interval highlights the limitation of its results. Overall, the plot demonstrates moderately high diagnostic accuracy, consistent across studies but with some variability in precision.

[image: ROC plane displaying points with error bars representing studies, labeled with specifics on sensitivity, one minus specificity, and sample size. The graph plots sensitivity on the y-axis against one minus specificity on the x-axis.]

FIGURE 6
 SROC plane with 95% confidence interval plot of all studies.






Discussion

This meta-analysis aimed to assess the prognostic ability of AI algorithms in the prediction of the severity of disease, risk stratification by analyzing various parameters and risk scores among patients affected by PH. We evaluated the efficacy of AI models compared to conventional prognostic methods. The clinical effectiveness was assessed through different diagnostic performance metrics, including area under the curve (AUC), sensitivity, and specificity. The results of this study present both the advantages and challenges associated with implementing these methods into clinical practice.

The AI models were developed by analyzing patients’ data and the key information from various variables used in the risk stratification of PH patients (Vraka et al., 2023). In routine clinical practice, physicians use parameters such as 6MWD, CPET, Nt-pro BNP levels, and different echocardiography, RHC, and cardiac MRI variables to assess the severity and stage of the disease. In our study, the most commonly used variables in AI-driven PH risk stratification were 6MWD (Duan et al., 2022; Kheyfets et al., 2023; Sonnweber et al., 2023), NT-proBNP (Kheyfets et al., 2023; Sonnweber et al., 2023), PVR (Kanwar et al., 2020; Sonnweber et al., 2023), cardiac function markers, (cardiac index, Kanwar et al., 2020; Sonnweber et al., 2023), right atrial area (Kanwar et al., 2020; Sonnweber et al., 2023), and demographic factors age, (Duan et al., 2022; Sonnweber et al., 2023), gender (Duan et al., 2022; Kanwar et al., 2020), WHO functional class (Kanwar et al., 2020; Sonnweber et al., 2023) and the most commonly used risk scores were REVEAL 2.0 (Kanwar et al., 2020; Kheyfets et al., 2023), FPHR, SPAHR, and mRASP (Sonnweber et al., 2023) among AI-driven models and conventional prognosis methods.


Strengths of AI models

Included AI-based stratification algorithms yielded promising diagnostic results across various prognostic metrics. The sensitivity of the AI models was 0.77, which is considered a good diagnostic performance. The application of ML methods could provide a faster diagnosis. Theoretically, AI models could predict the incidence of adverse events significantly faster than the use of standard prognostic tools. This could impact the treatment workflow, as early intervention for PH could significantly improve a patient’s quality of life. Pooled DOR yielded a result of 8.53, confirming its effectiveness in correctly identifying patients with the condition. The high diagnostic results were generally consistent across the included studies.

Moreover, the clinical value of AI algorithms yielded a statistically higher AUC compared to traditional risk scores, which confirmed the high prognostic accuracy of the computer-aided algorithm for PH. AUC remains a premier diagnostic outcome, as the higher the AUC, the more effective the algorithm is at the prognostic task.



Variability and heterogeneity in results

However, although these strong prognostic findings are promising, there were notable differences among the studies included in this meta-analysis. High heterogeneity was observed in sensitivity (57.1%), specificity (91.8%), and diagnostic odds ratio (DOR) (73.6%). The inconsistency in these primary outcomes was significant, and several factors could impact this variability across the included studies. First, variations in the AI model itself could significantly impact the final diagnostic performance. Differences in terms of training and validation set sizes, along with validation methods (traditional split, k-cross validation, or external testing of the model), could determine whether the model was trained sufficiently to provide a reliable diagnosis (Sivakumar et al., 2024). Moreover, the algorithm structure itself could be dependent on parameter tuning, optimization algorithms, or the learning rate and technique of the model. The selection of variables for model prediction was another aspect that determined prognostic performance. Studies could adjust different priorities for given clinical variables, leading to differences across the models. Finally, variations in patient demographics could theoretically lead to different prevalence of adverse events across the studies, making diagnosis more challenging across subpopulations where adverse events occurred less.



Challenges

Currently, no direct head-to-head meta-analysis exists comparing AI-based and traditional risk stratification methods for patients with PH, primarily due to the limited number of available studies. Existing research utilizes various models developed with different clinical variables, and physicians worldwide use diverse risk stratification approaches, resulting in considerable heterogeneity. However, in recent studies, AI models demonstrated greater diagnostic performance for the diagnosis of PH, especially those analyzing cardiac MRI (Hardacre et al., 2021), echocardiography (Salehi et al., 2025), and clinical biomarkers (Fadilah et al., 2024), compared with conventional methods.

Finally, ethical concerns remain a leading issue. The use of private patient data should be appropriately secured and must not be leaked outside hospital facilities. This might be especially challenging in multi-institutional models, where data are transferred through the Internet, and there is a risk of sensitive data leaks. There are also important barriers to translating AI-assisted technology into clinical medicine, including integration into clinical workflows, physician acceptance, and regulatory approval (Nair et al., 2024). Studies show that even accurate AI tools may be met with resistance due to liability concerns, the need for robust evidence, and ethical considerations in patient care (Ahmed et al., 2023).




Limitations

This study has several limitations. First, the high inconsistency observed among AI models may be due to differences in the number of validation sets, the clinical variables used, and differences in algorithms, all of which limit the generalizability of the findings. Although these models demonstrate high diagnostic performance, such variability raises important concerns about their reliable adoption in clinical practice. Second, the heterogeneous PH patient population also contributed to the high heterogeneity. Third, only six studies were included due to limited literature directly addressing the prognostic accuracy of AI-based risk stratification and traditional methods in PH patients. This small sample size may produce an underpowered analysis, emphasizing the need for more high-quality, large-scale studies for robust comparisons. Finally, limited external validation and the “black box” nature of AI models present challenges for objectively assessing performance and hinder clinical reliability, underscoring the need for more transparent, explainable approaches in future studies.



Implications for future research

The results of this study open the door to future paths, which may lead to the integration of AI algorithms into routine clinical practice. Naturally, more studies concerning PH management are needed to fully validate the prognostic ability, especially across diverse clinical settings. The use of convolutional neural networks and deep learning-based families of algorithms could provide even more accurate results compared to traditional ML models. However, such investments typically require significantly larger training and validation set sizes to accurately train the model for such tasks. The inclusion of various clinical variables, multimodal imaging sources, and multiple AI algorithms could improve the management of PH. Standardization of methodologies is needed to provide more robust comparisons of the diagnostic performance. Economic analysis could potentially analyze how these AI-based algorithms impact the management of PH and whether there can be any cost savings with the use of computer-based prognosis. Finally, higher-quality trials are needed, as currently included studies possess bias concerns. Future trials should consider key variables such as 6MWD, NT-proBNP, PVR, cardiac function markers (e.g., cardiac index and right atrial area), and demographic factors (age, gender, and the WHO functional class), along with validated risk scores such as REVEAL 2.0, FPHR, SPAHR, and mRASP, to enhance comparability and clinical relevance.



Conclusion

AI algorithm models showed superiority in risk stratification, prognostication, and severity assessment of the PH patients. The AUC was significantly higher for AI models compared to traditional methods, with the results showing limited variability across all included studies. Sensitivity, specificity, and diagnostic odds ratio were also higher than those of traditional methods. However, challenges such as limited external validation, inconsistent results, and ethical concerns must be addressed. Future research should focus on robust, transparent, and secure AI applications to ensure clinical reliability.
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