
EDITED BY  

Vladimir Lj Jakovljevic,  

University of Kragujevac, Serbia

REVIEWED BY  

Andrea Sonaglioni,  

IRCCS MultiMedica, Italy  

Nurmakhan Zholshybek,  

Nazarbayev University, Kazakhstan

*CORRESPONDENCE  

Tom Schaal  

tom.schaal@whz.de

†These authors share first authorship

RECEIVED 22 August 2025 
REVISED 07 March 2026 
ACCEPTED 12 March 2026 
PUBLISHED 15 April 2026

CITATION 

Rozikhodjaeva G, Juraev O, 

Brauweiler H.-C and Schaal T (2026) 

Rule-based clinical decision support 

system for automated assessment of left 

ventricular diastolic function during 

stress echocardiography.  

Front. Health Serv. 6:1690832. 

doi: 10.3389/frhs.2026.1690832

COPYRIGHT 

© 2026 Rozikhodjaeva, Juraev, 

Brauweiler and Schaal. This is an open- 

access article distributed under the 

terms of the Creative Commons 

Attribution License (CC BY). The use, 

distribution or reproduction in other 

forums is permitted, provided the 

original author(s) and the copyright 

owner(s) are credited and that the 

original publication in this journal is 

cited, in accordance with accepted 

academic practice. No use, distribution 

or reproduction is permitted which does 

not comply with these terms.

Rule-based clinical decision 
support system for automated 
assessment of left ventricular 
diastolic function during stress 
echocardiography

Gulnora Rozikhodjaeva
1,2†

, Omonulla Juraev
1†
,  

H.-Christian Brauweiler
3 

and Tom Schaal
4*

1Central Clinical Hospital No. 1 of the Main Medical Department Under the Administration of the 

Republic of Uzbekistan, Tashkent, Uzbekistan, 2Center for the Development of Professional 

Qualifications of Medical Workers, Tashkent, Uzbekistan, 3Faculty of Business and Economics, 

University of Applied Sciences Zwickau, Zwickau, Germany, 4Faculty of Health and Healthcare 

Sciences, University of Applied Sciences Zwickau, Zwickau, Germany

Background: Heart failure with preserved ejection fraction (HFpEF) remains 

challenging to diagnose due to the complexity of diastolic function 

assessment during stress echocardiography, where multiple hemodynamic 

parameters must be evaluated under time pressure. Explainable artificial 

intelligence, specifically rule-based Clinical Decision Support Systems (CDSS), 

offers promising improvements in reproducibility and interpretability.

Methods: A rule-based CDSS was developed and clinically validated to 

automate left ventricular diastolic function assessment during semi-supine 

bicycle stress echocardiography. A prospective cohort of 134 patients (mean 

age 61.3 ± 8.7 years) with exertional dyspnea and preserved left ventricular 

ejection fraction (LVEF >50%) was enrolled, excluding individuals with 

significant valvular pathologies, arrhythmias, or unstable ischemia. 

Echocardiographic and Doppler data were collected using Toshiba Aplio500 

and Esaote MyLabSIGMA systems. The algorithm incorporated manual input 

of measurements, computed derived indices (e.g., diastolic reserve index, 

myocardial stiffness, vascular resistance), and applied rule-based logic in 

accordance with ASE/EACVI (2016/2022) guidelines and the ESC 

HFpEF consensus.

Results: The CDSS generated diagnostic conclusions within 3 min per case, 

matching expert assessments in 93% of cases and correctly identifying stress- 

induced diastolic dysfunction in 85%. It demonstrated high diagnostic 

agreement (ICC > 0.94) and discrimination (AUC = 0.92). Rule-based outputs, 

such as “Impaired diastolic reserve” or “Right ventricular dysfunction under 

load,” were based on combinations of parameters (e.g., E/e′ > 15, Δe′ ≤ 0, 

TAPSE < 17 mm, PCWR > 12 mmHg).

Conclusion: The explainable, guideline-compliant CDSS enables real-time, 

transparent analysis of diastolic function, supporting improved diagnostic 

consistency and augmented physician decision-making in cardiovascular care.
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1 Introduction

Diastolic dysfunction of the left ventricle (LV) is a key 
diagnostic criterion for heart failure with preserved ejection 
fraction (HFpEF). The complex interaction of multiple 
echocardiographic parameters during stress echocardiography, 
coupled with strict time constraints, makes accurate interpretation 
challenging and prone to inter-observer variability (1, 2). Diastolic 
stress testing has been proposed to unmask dynamic 
abnormalities that are not evident at rest, providing critical 
information for the diagnosis of HFpEF (3). However, this 
method requires real-time acquisition, rapid calculations, and the 
integration of multiple indices, including transmitral *ow, mitral 
annular velocities, pulmonary pressures, and cardiac output (1, 4).

In clinical practice, this process is often hindered by time 
constraints, complexity, and a lack of standardized decision- 
making tools. The interpretation of diastolic function under 
stress is especially vulnerable to operator dependency, and the 
accuracy of diagnosis may be reduced outside of expert centers. 
Artificial intelligence (AI) technologies offer new opportunities 
for automation of echocardiographic analyses. Although many 
approaches utilize deep learning (DL) algorithms, the lack of 
transparency and explainability (“black-box problem”) limits 
their adoption in clinical routines (5, 6). Alternatively, rule- 
based or symbolic AI methods enable knowledge-based 
reasoning and transparent logic *ows, which are essential for 
clinical decision-making (7–11).

Explainable AI (XAI) approaches are increasingly viewed as 
essential for implementing trustworthy systems in medicine, 
especially in cardiology and imaging (12, 13). These tools can 
integrate domain knowledge and provide human-readable 
explanations for every diagnostic step, thereby supporting safety 
and regulatory requirements. Hence, the development of rule- 
based Clinical Decision Support Systems (CDSS) for stress 
echocardiography could address the key limitations of manual 
interpretation and opaque AI systems, enhancing accuracy, 
reproducibility, and clinical confidence (8, 14). The primary 
challenge addressed in this study is the high inter-observer 
variability and time-consuming nature of the diagnosis of 
HFpEF during stress echocardiography.

This study aimed to develop and validate a rule-based CDSS 
for automating the assessment of LV diastolic function during 
stress echocardiography and to compare its diagnostic 
performance with that of expert cardiologists.

2 Materials and methods

2.1 Study design and population

This prospective, single-center study was conducted between 
2020 and 2022 at the Department of Functional Diagnostics, 
Central Clinical Hospital No. 1 of the Head Medical Department 
under the Administration of the President of the Republic of 
Uzbekistan. This study aimed to develop and validate a rule- 
based Clinical Decision Support System (CDSS) for the 
automated evaluation of left ventricular diastolic function during 
semi-supine bicycle stress echocardiography. A total of 134 adult 
patients (mean age 61.3 ± 8.7 years; 58.2% women) were 

consecutively enrolled based on clinical suspicion of HFpEF, 
specifically in the setting of exertional dyspnea with normal 
LVEF. Inclusion criteria were: age ≥ 18 years; preserved left 
ventricular ejection fraction (LVEF ≥ 50%) by biplane Simpson 
method; symptoms consistent with HFpEF: exertional dyspnea, 
fatigue, or exercise intolerance; sinus rhythm at rest; ability to 
complete exercise protocol.

The exclusion criteria were as follows: moderate to severe 
valvular heart disease, significant arrhythmias (e.g., atrial 
fibrillation/*utter), unstable coronary artery disease or recent 
myocardial infarction, acute or systemic in*ammatory diseases, 
and poor echocardiographic imaging window.

All the participants provided written informed consent. The 
study was approved by the institutional ethics committee and 
conducted in accordance with the Declaration of Helsinki and 
Good Clinical Practice (GCP) guidelines.

2.2 Stress echocardiography protocol

All patients underwent semi-supine bicycle stress 
echocardiography with a standardized ramp protocol. The tests 
were performed under the supervision of experienced 
cardiologists and trained sonographers. The initial workload was 
set at 25 watts and increased in 25-watt increments every 3 min 
until symptom-limited maximum effort was achieved or clinical 
indications for termination were met. Echocardiographic data 
were acquired at baseline (resting conditions) and peak exercise. 
Imaging was performed using two commercial ultrasound 
systems: Aplio500 (Toshiba Medical Systems) and MyLab SIGMA 
(Esaote). The following echocardiographic modalities were used: 

• Two-dimensional (2D) grayscale imaging
• Pulsed-wave Doppler for mitral in*ow and LV out*ow 

tract velocities
• Tissue Doppler Imaging (TDI) for mitral annular velocities 

(e′, a′, s′)
• Continuous-wave Doppler for tricuspid regurgitation 

velocity (TRV)
• Inferior vena cava (IVC) imaging for right atrial 

pressure estimation

All images and Doppler tracings were digitally recorded in the 
DICOM format and archived for subsequent expert review and 
processing using the CDSS.

2.3 Expert evaluation and reference 
standard

Two senior echocardiographers with over 10 years of clinical 
experience (high-level certification) independently analyzed all 
echocardiographic studies. They were blinded to each other’s 
assessments and the CDSS outputs. Their individual 
interpretations were based on the current ASE/EACVI 
guidelines and included the calculation of key indices, such as 
the E/e′ ratio, TAPSE, Δe′, VTI, PCWR, and SVR.

Disagreements were resolved by consensus after a joint data 
review. The final expert consensus interpretation served as the 
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reference standard for evaluating the diagnostic performance of 
the CDSS. All assessments were performed using vendor- 
independent, of*ine analysis software to minimize system 
variability.

2.4 Architecture of the rule-based CDSS

A Clinical Decision Support System (CDSS) was developed 
using a symbolic artificial intelligence (AI) approach based on 
deterministic rules derived from established echocardiographic 
guidelines. The system was implemented as a modular desktop 
application with four core components (Figure 1):

2.4.1 Data input module

A structured interface for the manual input of quantitative 
echocardiographic and clinical parameters, including E/e′, e′ 
velocities, TAPSE, VTI, heart rate, blood pressure, and 
anthropometric data. The module includes validation checks for 
range limits and logical consistency.

2.4.2 Calculation engine

This component computes the derived hemodynamic indices 
using established equations. Examples include:

Stroke volume (SV) ¼ LVOT area �VTI:

Cardiac output (CO) ¼ SV �HR:

Cardiac index (CI) ¼ CO=BSA:

Pulmonary capillary wedge resistance (PCWR) ¼ (E=e0)=SV:

Systemic vascular resistance (SVR) ¼ (MAP � RAP)=CO � 80:

2.4.3 Inference module

The core decision-making logic was implemented as a series of 
IF-THEN rules referencing thresholds from the ASE/EACVI and 
ESC HFpEF recommendations. For example: 

IF Δe′ ≤ 0 AND E/e′ > 15 → THEN “Impaired diastolic 
reserve”.

IF PCWR> 12mmHg AND VTI<18 cm→THEN “Elevated 
afterload with low stroke volume” (Table 1).

The system integrates these metrics into a diagnostic 
framework that generates interpretable conclusions. Each 
conclusion was based on a combination of rules activated by 
specific parameter thresholds. This allows the CDSS to mimic 
clinical reasoning while providing fully traceable decision logic.

2.4.4 Reporting module

This module generates structured diagnostic conclusions. It 
included traceable logic paths showing which rules were 
activated and *agged all the abnormal parameters. Each report 
included a summary section with clinical interpretations and 
reference guidelines.

The CDSS was run as a standalone executable program on 
Windows-based systems and was tested in an of*ine 
environment during clinical validation to ensure reproducibility 
and independence from network- or cloud-based services.

FIGURE 1 

Architecture of the rule-based CDSS.
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2.5 Parameters and thresholds used

The CDSS computes a comprehensive set of 
echocardiographic and hemodynamic parameters to evaluate 
diastolic function during stress. These include both directly 
measured and derived indices. The following parameters and 
thresholds were used for classification (Figure 2):

2.6 Statistical analysis

Statistical analyses were conducted using IBM Statistics SPSS 
(version 25.0, IBM Corp., Armonk, NY, USA) and MedCalc 
(version 20.0). Continuous variables are reported as 
mean ± standard deviation (SD), and categorical variables are 
expressed as absolute numbers and percentages. Agreement 
between the CDSS and expert consensus interpretation was 
evaluated using the interclass correlation coefficient (ICC) for 
continuous variables (e.g., E/e′, TAPSE, and PCWR) and 
Cohen’s kappa coefficient (κ) for categorical outcomes (e.g., 
presence or absence of diastolic dysfunction). An ICC value 
>0.85 was considered indicative of excellent agreement. The 
diagnostic performance metrics included sensitivity, specificity, 
positive predictive value (PPV), negative predictive value 
(NPV), and area under the receiver operating characteristic 

curve (AUC) for the system’s classification of probable 
HFpEF (2, 3).

The processing time (in minutes) from data input to report 
generation was recorded for each patient in the study. Statistical 
significance was set at p < 0.05.

3 Results

3.1 Patient characteristics

A total of 134 patients (mean age, 61.3 ± 8.7 years; range, 42– 
77 years) were included in the final analysis of this study. The 
clinical and demographic characteristics are summarized in 
Table 2.

3.2 CDSS output and decision profiles

The rule-based CDSS successfully generated diagnostic 
conclusions for all 134 cases without computational errors or 
interruptions. Based on predefined logic rules, the system 
provided structured reports with one or more of the following 
diagnostic statements: “Impaired diastolic reserve”—72 cases 
(53.7%); “Signs of myocardial stiffness”—49 cases (36.6%); 

TABLE 1 Summary of IF-THEN rules referencing thresholds.

Clinical rule → CDSS output

IF Δe′ ≤ 0 AND E/e′ > 15 THEN Impaired diastolic reserve

IF TAPSE < 17 mm AND PCWR > 12 mmHg THEN Right ventricular dysfunction under load

IF SVR > 1,200 AND VTI < 18 cm THEN Reduced stroke volume with vasoconstriction

IF E/e′ ≤ 10 AND Δe′ > 1.5 THEN Normal diastolic adaptation to stress

IF E/e′ > 15 AND TRV > 2.8 m/s THEN Elevated LV filling pressure

IF PCWR > 12 mmHg AND CO < 4.0 L/min THEN Post-load elevation with low output

FIGURE 2 

Parameters and thresholds were used for the classification.
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“HFpEF likely”—59 cases (44.0%); “Reduced stroke volume with 
increased vascular resistance”—41 cases (30.6%); “Normal 
diastolic function under load”—23 cases (17.2%) (Figure 3).

Each conclusion included a rule trace summary with links to 
the criteria met, supporting explainability and auditability (9, 14).

3.3 Comparison with expert assessments

The results of the system were compared with the consensus 
diagnosis of two independent expert echocardiographers 
(Figure 4).

The diagram shows excellent agreement between the results 
obtained and the expert assessment (Figure 5).

TABLE 2 The clinical and demographic characteristics.

Parameter Value

Total patients 134

Female sex (%) 86.2%

Mean BMI (kg/m2) 28.7 ± 3.2

Hypertension (%) 87.1%

Type 2 diabetes mellitus (%) 19%

Preserved LVEF (≥50%) (%) 100%

Exertional dyspnea (%) 91.0%

History of CAD (%) 27.6%

NYHA functional class I–II (%) 83.6%

FIGURE 3 

Frequency of different diagnostic patterns (cases-percentages).

FIGURE 4 

Agreement of results to expert assessment.
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3.3.1 Agreement analysis

Interclass Correlation Coefficient (ICC): 

E/e′: 0.87.
TAPSE: 0.89.
VTI: 0.91.
PCWR: 0.86.
SV: 0.88.

Cohen’s Kappa (κ) for categorical classification of diastolic 
dysfunction: 0.81 (strong agreement).

3.3.2 Overall match of the system vs. expert’s final 
conclusion

The concordance rate was 93%. Discordant in 9 cases, of 
which 6 were borderline by expert judgment (e.g., Δe′ = 0.1).

3.4 Diagnostic performance

The CDSS performance for identifying diastolic dysfunction 
and probable HFpEF during stress echocardiography was 
evaluated as follows:

These metrics are comparable to previously published data for 
expert interpretation and surpass the performance of earlier AI- 
assisted tools in diastolic function analysis (4, 7).

3.5 Processing time and operational 
metrics

Average time from input to report generation: 2 min 46 s 
(166 s) per case (SD: ±31 s). This represents a >60% reduction 
in time compared to manual processing by experts (average of 
7 min per case). System uptime: 100%. No runtime errors 
occurred during batch analysis.

3.6 Usability and explainability

A brief user survey (n = 5 cardiologists) was conducted to 
assess the practical usability and interpretability of the CDSS in 
a clinical setting. 

• All users found the system’s conclusions to be 
understandable and clinically relevant.

• Four out of five reported that the rule-tracing feature 
improved their confidence in borderline or 
ambiguous cases.

• All participants (n = 5) indicated that the interface was intuitive 
and could be integrated into the daily work*ow 
without disruption.

All participants expressed interest in using the system in 
outpatient and functional testing settings.

The explainability of the CDSS was consistently rated as a 
strength. Users emphasized the value of transparent decision 
logic, especially in contexts where guideline adherence and 
reproducibility are critical (9, 14–17).

3.7 Illustrative case examples

To demonstrate how the CDSS operates across its functional 
modules in real clinical scenarios, two representative cases are 
presented (Tables 3–12). Each case illustrates the sequential 
activation of system modules from stress protocol initiation to 
final diagnostic synthesis.

Two illustrative cases were selected to demonstrate the 
decision pathway of the proposed CDSS under physiological and 
pathological hemodynamic conditions.

FIGURE 5 

Overall design of the CDSS. Modules of the CDSS.

TABLE 3 The CDSS performance for identifying diastolic dysfunction.

Metric Value

Sensitivity 91.5%

Specificity 88.1%

Positive predictive value (PPV) 89.6%

Negative predictive value (NPV) 90.3%

Area under curve (AUC) 0.93 (95% CI: 0.89–0.97)
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3.7.1 Case A—physiological adaptation to load

3.7.1.1 Load test protocol module

Semi-supine bicycle ergometry was performed using a 
standard protocol. The test was terminated due to patient 
fatigue. No electrocardiographic abnormalities were observed.

3.7.1.2 Data input module

The echocardiographic and clinical parameters were entered.

3.7.1.3 Calculation engine

3.7.1.4 Inference module

No pathological rule clusters were activated.
The system identified preserved diastolic reserve and 

physiological vascular adaptation.

3.7.1.5 Reporting module

The CDSS automatically generated the following structured 
clinical interpretation: 

• Normal diastolic adaptation to exercise. No evidence of 
HFpEF.

• Normal left ventricular filling pressure at rest and 
during exercise.

• Preserved diastolic reserve.
• Normal myocardial stiffness.

3.7.2 Case B—HFpEF with impaired reserve

3.7.2.1 Load test protocol module

The stress protocol was completed under similar 
standardized conditions.

3.7.2.2 Data input module

3.7.2.3 Calculation engine

3.7.2.4 Inference module

3.7.2.5 Reporting module

The CDSS produced the structured clinical conclusion: 

• Hemodynamic profile is consistent with HFpEF criteria.

• Stress-induced elevation of left ventricular filling pressure.
• Diastolic reserve, including indexed reserve, is impaired.
• Impaired left ventricular filling due to increased 

myocardial stiffness.

The proposed rule-based CDSS correctly differentiated 
physiological adaptation to exercise (Case A) from HFpEF with 
impaired diastolic reserve (Case B).

4 Discussion

The development and implementation of a rule-based Clinical 
Decision Support System (CDSS) for the automated assessment of 
left ventricular diastolic function during stress echocardiography 
represents a clinically interpretable and guideline-aligned 
approach to addressing diagnostic complexity in patients with 
preserved ejection fraction. In the present study, the CDSS 
demonstrated high diagnostic agreement with expert 
cardiologists (ICC > 0.85) and strong discriminative performance 
(AUC = 0.93), supporting its value as a structured decision- 
support tool in real-world cardiology practice (4, 6).

The evaluation of diastolic function, particularly under 
dynamic physiological conditions such as exercise stress, 
requires the integration of multiple interdependent parameters, 
including E/e′ ratio, tissue Doppler velocities, TAPSE, VTI, 
pulmonary capillary wedge pressure (PCWR), and vascular 
resistance indices (1, 2, 12, 18). Although international 
recommendations provide structured diagnostic algorithms (1, 
12), their application in stress conditions remains complex and 
operator-dependent. Manual interpretation in time-constrained 
environments, such as functional diagnostic laboratories, is 
therefore vulnerable to inter-observer variability and diagnostic 
inconsistency. The CDSS presented in this study addresses these 
limitations by automating parameter calculation, standardizing 
threshold-based logic, and generating structured, reproducible 
conclusions aligned with ASE/EACVI and ESC HFpEF 
consensus documents (1, 12, 19).

In recent years, artificial intelligence has significantly advanced 
echocardiographic analysis, particularly through deep learning- 
based image interpretation and automated functional 

TABLE 4.  Hemodynamic parameters and exercise test characteristics (Case A).

Date and time Patient name Birth year Age Weight (kg) Height (cm) BMI (kg/m2) BSA (m2)

03/06/2026, 04:01:21 B.T. 1980 46 75 175 24.49 1.90

Parameter Value Hemodynamics Rest Peak Dynamics (%)

Max. load 175 W Heart rate, bpm 65 135 107.7

Stage, min 3 Systolic blood pressure, mmHg 120 155 29.2

Test duration 20:00 Diastolic blood pressure, mmHg 75 80 6.7

Recovery, min 5 Mean arterial pressure, mmHg 90.0 105.0 16.7

Submax HR 155 Double product 78.0 209.3 168.3

Tolerance High Termination criteria Reached target HR

Threshold load, W 175 On ECG No ischemic changes

Functional class 1 Reaction Physiological
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quantification (17, 19, 25–27). However, despite impressive 
performance metrics, many neural network-based systems lack 
interpretability and provide limited transparency regarding the 
reasoning underlying their predictions. In high-stakes domains 
such as cardiology, this opacity may reduce clinician trust and 
complicate regulatory approval (10, 14). In contrast, the present 
CDSS adopts a deterministic rule-based architecture, ensuring 
that each diagnostic conclusion is directly traceable to 
predefined guideline-derived thresholds.

This approach aligns with contemporary principles of 
trustworthy artificial intelligence, which emphasize 
transparency, auditability, human oversight, and risk 
management in clinical AI systems (2). Unlike black-box 
models operating on latent image features, the proposed 
system processes structured numerical inputs and applies 
explicit decision rules, thereby allowing clinicians to verify 
each step of the inference process. For example, the conclusion 
“impaired diastolic reserve” results from the logical co- 

TABLE 5. Echocardiographic parameters at rest and peak exercise (Case A).

Parameter Rest Peak Dynamics (%)

Ascending aorta diameter (Ao), cm 3.1 3.2 3.2

Left atrial diameter (LA), cm 3.5 3.7 5.7

Indexed left atrial diameter (iLA), cm/m2 1.8 1.9 5.6

Interventricular septal thickness (IVS), cm 0.9 1.0 11.1

Posterior wall thickness (PW), cm 0.9 1.0 11.1

Left ventricular internal diameter in diastole (LVIDd), cm 4.8 5.0 4.2

Left ventricular internal diameter in systole (LVIDs), cm 3.1 2.9 −6.5

Left ventricular end-diastolic volume (LVEDV), mL 105 120 14.3

Indexed end-diastolic volume (EDVi), mL/m2 55.3 63.2 14.3

Left ventricular end-systolic volume (LVESV), mL 40 35 −12.5

Indexed end-systolic volume (LVESVi), mL/m2 21.1 18.4 −12.8

Right ventricular diameter (RV), cm 2.8 2.9 3.6

Ejection fraction (EF), % 62 71 14.5

Shortening fraction (SF), % 35 42 20.0

Stroke volume (SV), mL 72.7 90.1 23.9

Indexed stroke volume (iSV), mL/m2 38.3 47.4 23.8

Left ventricular myocardial mass (LVMM), g 140 145 3.6

Indexed left ventricular myocardial mass (iLVMM), g/m2 73.7 76.3 3.5

Relative wall thickness (RWT) 0.38 0.40 5.3

Left ventricular out*ow tract diameter (LVOT), cm 2.1 2.1 0.0

Velocity-time integral (VTI), cm 21 26 23.8

Early transmitral *ow velocity (E), cm/s 72 96 33.3

Late transmitral *ow velocity (A), cm/s 55 70 27.3

E/A ratio 1.3 1.4 7.7

Early diastolic mitral annular velocity (e′), cm/s 12 19 58.3

Late diastolic mitral annular velocity (a′), cm/s 10 14 40.0

E/e′ ratio 6.0 5.1 −15.0

Maximum inferior vena cava diameter (IVC max), mm 18 19 5.6

Minimum inferior vena cava diameter (IVC min), mm 8 9 12.5

Inferior vena cava collapsibility index (IVC CI), % 55 55 0.0

Cross-sectional area of LVOT (CSA LVOT), cm2 3.5 3.5 0.0

Tricuspid regurgitation velocity (TR), m/s 2.2 2.6 18.2

Tricuspid regurgitation pressure gradient (TRPG), mmHg 19.3 27.0 39.9

Mitral regurgitation velocity (MR), m/s 0.5 0.5 0.0

Mitral regurgitation pressure gradient (MRPG), mmHg 2.0 2.5 25.0
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occurrence of Δe′ ≤ 0, elevated PCWR, and reduced VTI-each 
parameter independently measurable and clinically 
interpretable. This traceable reasoning pathway enhances 
reproducibility and supports clinician confidence.

Importantly, rule-based clinical decision support systems 
remain highly relevant in structured diagnostic environments 
where adherence to established guidelines is essential (11). 
While deep learning approaches may excel in pattern 
recognition tasks, deterministic symbolic architectures offer 
advantages in interpretability, portability, and regulatory 
transparency. The modular design of the CDSS-comprising data 
acquisition, derived hemodynamic computation, rule activation 
and clustering, and structured reporting-further strengthens 
interpretability and facilitates integration into existing 
clinical work*ows.

Time efficiency represents another clinically meaningful 
advantage. The average automated calculation and report 
generation time was approximately 3 min, rendering the 
system feasible for high-throughput outpatient and functional 
diagnostic settings. In busy clinical environments, 
standardized computational support may reduce cognitive 
load and improve consistency without replacing expert 
clinical judgment.

Receiver operating characteristic (ROC) analysis confirmed 
the robustness of the CDSS, demonstrating high sensitivity and 
specificity relative to expert consensus (AUC = 0.93), thereby 
supporting its role as a triage and validation instrument (7, 16, 
20). Agreement metrics further indicate that structured rule- 
based automation can approximate expert-level interpretation 
while maintaining transparency.

An additional perspective that may further enhance 
cardiovascular risk stratification involves the consideration of 
thoracic morphological indices. In particular, the modified 

TABLE 6. Derived hemodynamic and functional indices (Case A).

Parameter Rest Peak Dynamics 

(%)

Left atrial volume (LAV), mL 45 48 6.7

Indexed left atrial volume (LAVi), mL/ 

m2

23.7 25.3 6.8

Cardiac output (CO), L/min 4.7 12.2 159.6

Cardiac index (CI), L/min/m2 2.5 6.4 156.0

Minute distance (MD), cm/min 1,365 3,510 157.1

Tricuspid annular plane systolic 

excursion (TAPSE), mm

22 28 27.3

Diastolic reserve index (DRi) 3.7

DRi/HR 0.1

Left ventricular stiffness index (LVSI) 0.2 0.2 0.0

Systemic vascular resistance (SVR), 

dyn·s·cm−5

1,522.9 690.9 −54.6

Pulmonary capillary wedge pressure 

(PCWP), mmHg

9.3 8.2 −11.8

TABLE 7.  Rule-based diagnostic criteria and thresholds applied by the CDSS (Case A).

Parameter Rest Peak Parameter Rest Peak

E/e′ > 15 No No E/e′ > 15 + Δe′ = 0 + TR > 3 m/s No No

TAPSE < 17 mm No No LAVi > 34 mL/m2 No No

VTI < 18 cm No No SVR > 1,200 + E/e′ > 15 No No

VTI < 22 cm No No Elevated resting SVR with normal CO and EF No No

PCWP > 12 mmHg No No

TABLE 8.  Hemodynamic parameters and exercise test characteristics (Case B).

Date and time Patient name Birth year Age Weight (kg) Height (cm) BMI (kg/m2) BSA (m2)

03.06.2026, 03:23:21 XQ 1980 45 60 160 23.44 1.62

Parameter Value Hemodynamics Rest Peak Dynamics (%)

Max. load 150 W (6-stage) Heart rate, bpm 60 140 133.3

Stage, min 3 Systolic blood pressure, mmHg 110 180 63.6

Test duration 18:07 Diastolic blood pressure, mmHg 70 110 57.1

Recovery, min 6 Mean arterial pressure, mmHg 83.3 133.3 60.0

Submax HR 149 Double product 66.0 252.0 281.8

Tolerance High Termination criteria Patient fatigue

Threshold load, W 150 On ECG No changes

FC 1 Reaction Physiological

Rozikhodjaeva et al.                                                                                                                                                  10.3389/frhs.2026.1690832

Frontiers in Health Services 09 frontiersin.org

https://doi.org/10.3389/frhs.2026.1690832


Haller index (MHI) has recently been proposed as a non-invasive 
anthropometric parameter re*ecting chest wall conformation and 
anteroposterior thoracic diameter. Previous studies suggest that 
individuals with reduced thoracic depth may exhibit distinctive 
cardiopulmonary interactions that can in*uence cardiac 
chamber geometry and functional measurements during 
exercise. Assessment of MHI under stress conditions may 
therefore provide complementary insights into thoracic 
mechanics and cardiovascular performance during physical 
exertion. Incorporating structural thoracic parameters together 

with functional echocardiographic indices may represent a 
promising direction for future development of multimodal 
clinical decision support systems (21).

Several limitations of this study should be acknowledged. First, 
the current system relies on manual input of echocardiographic 
and clinical variables, which may introduce operator-dependent 
variability. Future integration with automated data extraction 
from echocardiographic workstations and PACS systems could 
improve work*ow efficiency and reduce the potential for input- 
related inconsistencies.

TABLE 9. Echocardiographic parameters at rest and peak exercise (Case B).

Parameter Rest Peak Dynamics (%)

Ascending aorta diameter (Ao), cm 2.9 3.0 3.4

Left atrial diameter (LA), cm 3.4 3.8 11.8

Indexed left atrial diameter (iLA), cm/m2 2.1 2.3 9.5

Interventricular septal thickness (IVS), cm 1.0 1.1 10.0

Posterior wall thickness (PW), cm 1.0 1.1 10.0

Left ventricular internal diameter in diastole (LVIDd), cm 4.1 4.5 9.8

Left ventricular internal diameter in systole (LVIDs), cm 2.5 2.6 4.0

Left ventricular end-diastolic volume (LVEDV), mL 74.2 92.4 24.5

Indexed end-diastolic volume (EDVi), mL/m2 45.8 57.0 24.5

Left ventricular end-systolic volume (LVESV), mL 22.3 24.6 10.3

Indexed end-systolic volume (LVESVi), mL/m2 13.8 15.2 10.1

Right ventricular diameter (RV), cm 2.9 3.1 6.9

Ejection fraction (EF), % 69.9 73.4 5.0

Shortening fraction (SF), % 39 42.2 8.2

Stroke volume (SV), mL 90.5 100.9 11.5

Indexed stroke volume (iSV), mL/m2 55.9 62.3 11.4

Left ventricular myocardial mass (LVMM), g 132.1 175.0 32.5

Indexed left ventricular myocardial mass (iLVMM), g/m2 81.5 108.0 32.5

Relative wall thickness (RWT) 0.5 0.5 0.0

Left ventricular out*ow tract diameter (LVOT), cm 2.4 2.6 8.3

Velocity-time integral (VTI), cm 20 19 −5.0

Early transmitral *ow velocity (E), cm/s 92 121 31.5

Late transmitral *ow velocity (A), cm/s 60 50 −16.7

E/A ratio 1.5 2.4 60.0

Early diastolic mitral annular velocity (e′), cm/s 6 6 0.0

Late diastolic mitral annular velocity (a′), cm/s 22 18 −18.2

E/e′ ratio 15.3 20.2 32.0

Maximum inferior vena cava diameter (IVC max), mm 30 36 20.0

Minimum inferior vena cava diameter (IVC min), mm 15 18 20.0

Inferior vena cava collapsibility index (IVC CI), % 50 50 0.0

Cross-sectional area of LVOT (CSA LVOT), cm2 4.5 5.3 17.8

Tricuspid regurgitation velocity (TR), m/s 3.1 3.5 12.9

Tricuspid regurgitation pressure gradient (TRPG), mmHg 38.4 49.0 27.6

Mitral regurgitation velocity (MR), m/s 0.95 0.9 −5.3

Mitral regurgitation pressure gradient (MRPG), mmHg 3.6 3.1 −13.9
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Second, this investigation represents a single-center validation 
study conducted using two ultrasound platforms. Although the 
CDSS processes standardized echocardiographic variables rather 
than vendor-specific imaging data, broader validation across 
multiple institutions, patient populations, and ultrasound 
vendors is required to confirm the robustness and 
generalizability of the system.

Third, while the rule-based architecture ensures 
transparency and interpretability, future hybrid models 
combining explainable rule-based logic with machine learning- 

assisted parameter extraction may further enhance diagnostic 
performance.

4.1 Generalizability and external validation

Although the present study was conducted in a single tertiary 
center using two ultrasound platforms, the CDSS architecture was 
intentionally designed to be vendor-independent. The system does 
not rely on raw image data, proprietary software features, or 
device-specific post-processing algorithms. Instead, it operates 
on standardized numerical echocardiographic parameters (e.g., 
E/e′, tissue Doppler velocities, TAPSE, VTI, heart rate, blood 
pressure) that are universally available across contemporary 
echocardiographic systems and defined within international 
recommendations (7, 12, 22–24).

Because the inference engine applies deterministic threshold- 
based logic derived from ASE/EACVI and ESC HFpEF guidelines, 
its functionality is not restricted to a specific manufacturer or 
institutional work*ow. This structured approach enhances 
portability and reduces the risk of model performance degradation 
due to cross-vendor variability, a limitation frequently observed in 
deep learning-based imaging systems (17, 19, 20).

Nevertheless, external validation across multiple centers, 
devices, and patient populations remains essential. Differences 
in acquisition protocols, operator expertise, and demographic 
characteristics may in*uence measured parameters and 
downstream inference. Prospective multicenter studies 
incorporating diverse datasets will therefore be required to 
confirm robustness, reproducibility, and clinical scalability of the 
proposed CDSS. Importantly, the rule-based architecture 
facilitates recalibration if population-specific adjustments 
become necessary, thereby supporting adaptive deployment 
without compromising transparency.

TABLE 10. Derived hemodynamic and functional indices (Case B).

Parameter Rest Peak Dynamics 

(%)

Left atrial volume (LAV), mL 34 36 5.9

Indexed left atrial volume (LAVi), mL/ 

m2

21.0 22.2 5.7

Cardiac output (CO), L/min 5.4 14.1 161.1

Cardiac index (CI), L/min/m2 3.4 8.7 155.9

Minute distance (MD), cm/min 1,200 2,660 121.7

Tricuspid annular plane systolic 

excursion (TAPSE), mm

16 15 −6.3

Diastolic reserve index (DRi) 3.7

DRi/HR 0.1

Left ventricular stiffness index (LVSI) 0.21 0.22 4.8

Systemic vascular resistance (SVR), 

dyn·s·cm−5

1,228.0 755.3 −38.5

Pulmonary capillary wedge pressure 

(PCWP), mmHg

20.9 26.9 28.7

TABLE 11. Rule-based diagnostic criteria and thresholds applied by the CDSS (Case B).

Parameter Rest Peak Parameter Rest Peak

E/e′ > 15 Yes Yes E/e′ > 15 + Δe′ = 0 + TR > 3 m/s Yes Yes

TAPSE < 17 mm Yes Yes LAVi > 34 mL/m2 No No

VTI < 18 cm No No SVR > 1,200 + E/e′ > 15 Yes No

VTI < 22 cm Yes Yes Elevated filling pressure despite preserved CO and EF Yes Yes

PCWP > 12 mmHg Yes Yes

TABLE 12 Agreement between CDSS outputs and expert cardiologist assessments.

Parameter Expert assessment CDSS assessment Agreement (ICC)

E/e′ ratio Elevated filling pressure Elevated filling pressure 0.88

TAPSE RV function preserved/reduced Same classification 0.86

VTI Normal/reduced stroke volume Same classification 0.87

PCWR Elevated/normal Same classification 0.89

Overall diastolic function classification Expert consensus CDSS output 0.85

Rozikhodjaeva et al.                                                                                                                                                  10.3389/frhs.2026.1690832

Frontiers in Health Services 11 frontiersin.org

https://doi.org/10.3389/frhs.2026.1690832


5 Conclusion

In conclusion, the proposed rule-based CDSS represents a 
transparent, guideline-aligned, and clinically interpretable form 
of artificial intelligence in cardiology. By combining 
deterministic reasoning, structured reporting, and high 
diagnostic agreement with expert assessment, the system offers a 
safe and reproducible approach to stress-induced diastolic 
function evaluation. This study demonstrates that a rule-based 
Clinical Decision Support System (CDSS) can deliver a fast, 
reliable, and explainable analysis of diastolic function during 
stress echocardiography.

The system achieved excellent agreement with expert 
interpretations, reduced diagnostic time by over 60%, and 
strictly adhered to the international guidelines. Its architecture 
aligns with the principles of trustworthy AI, including 
transparency, safety, and human-centered design.

Although not intended to replace clinicians, the CDSS offers a 
reproducible and structured diagnostic framework that supports 
decision-making in real-world cardiovascular practice. It bridges 
the gap between manual assessment and fully automated black- 
box models, providing a safe and interpretable AI solution for 
echocardiographic diagnoses.

Data availability statement

The raw data supporting the conclusions of this article will be 
made available by the authors, without undue reservation.

Ethics statement

The studies involving humans were approved by Local Ethics 
Committee of the Central Clinical Hospital No.1 under the 
Ministry of Health. The studies were conducted in accordance 
with the local legislation and institutional requirements. The 
participants provided their written informed consent to 
participate in this study.

Author contributions

GR: Methodology, Conceptualization, Formal analysis, 
Writing – original draft. OJ: Formal analysis, Conceptualization, 
Writing – original draft. H-CB: Writing – review & editing. TS: 
Supervision, Writing – review & editing.

Funding

The author(s) declared that financial support was not received 
for this work and/or its publication.

Conflict of interest

The author(s) declared that this work was conducted in the 
absence of any commercial or financial relationships that could 
be construed as a potential con*ict of interest.

Generative AI statement

The author(s) declared that generative AI was not used in the 
creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this 
article has been generated by Frontiers with the support of 
artificial intelligence and reasonable efforts have been made to 
ensure accuracy, including review by the authors wherever 
possible. If you identify any issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those of the 
authors and do not necessarily represent those of their affiliated 
organizations, or those of the publisher, the editors and the 
reviewers. Any product that may be evaluated in this article, or 
claim that may be made by its manufacturer, is not guaranteed 
or endorsed by the publisher.

References

1. Nagueh SF, Smiseth OA, Appleton CP, Byrd BF, Dokainish H, Edvardsen T, et al. 
Recommendations for the evaluation of left ventricular diastolic function by 
echocardiography: an update from the American society of echocardiography and 
the European association of cardiovascular imaging. J Am Soc Echocardiogr. (2016) 
29(4):277–314. doi: 10.1016/j.echo.2016.01.011

2. Smiseth OA, Morris DA, Cardim N, Cikes M, Delgado V, Donal E, et al. 
Multimodality imaging in patients with heart failure and preserved ejection 
fraction: an expert consensus document of the European association of 
cardiovascular imaging. Eur Heart J Cardiovasc Imaging. (2022) 23(2):e34–61. 
doi: 10.1093/ehjci/jeab154

3. Povišer L, Čurila K. How to invasively assess left ventricular function and its 
efficiency of work. Cor Vasa. (2024) 66(1):44–51. doi: 10.33678/cor.2023.080

4. Cai Q, Lin M, Zhang M, Qin Y, Meng Y, Wang J, et al. Automated 
echocardiographic diastolic function grading: a hybrid multi-task deep learning 
and machine learning approach. Int J Cardiol. (2024) 416:132504. doi: 10.1016/j. 
ijcard.2024.132504

5. Barry T, Farina JM, Chao CJ, Ayoub C, Jeong J, Patel BN, et al. The role of artificial 
intelligence in echocardiography. J Imaging. (2023) 9(2):50. doi: 10.3390/ 
jimaging9020050

6. Zhang J, Gajjala S, Agrawal P, Tison GH, Hallock LA, Beussink-Nelson L, et al. 
Fully automated echocardiogram interpretation in clinical practice. Circulation. 
(2018) 138(16):1623–35. doi: 10.1161/CIRCULATIONAHA.118.034338

7. Park J, Jeon J, Yoon YE, Jang Y, Kim J, Jeong D, et al. Artificial intelligence- 
enhanced automation of left ventricular diastolic assessment: a pilot study for 
feasibility, diagnostic validation, and outcome prediction. Cardiovasc Diagn Ther. 
(2024) 14(3):352–66. doi: 10.21037/cdt-24-25

8. Holzinger A, Langs G, Denk H, Zatloukal K, Müller H. Causability and 
explainability of artificial intelligence in medicine. Wiley Interdiscip Rev Data Min 
Knowl Discov. (2019) 9(4):e1312. doi: 10.1002/widm.1312

9. Aziz D, Maganti K, Yanamala N, Sengupta PP. The role of artificial intelligence in 
echocardiography: a clinical update. Curr Cardiol Rep. (2023) 25(12):1897–907. 
doi: 10.1007/s11886-023-02005-2

10. Shortliffe EH, Sepúlveda MJ. Clinical decision support in the era of artificial 
intelligence. JAMA. (2018) 320(21):2199–200. doi: 10.1001/jama.2018.17163

11. Sutton RT, Pincock D, Baumgart DC, Sadowski DC, Fedorak RN, Kroeker KI. An 
overview of clinical decision support systems: benefits, risks, and strategies for 
success. NPJ Digit Med. (2020) 3:17. doi: 10.1038/s41746-020-0221-y

Rozikhodjaeva et al.                                                                                                                                                  10.3389/frhs.2026.1690832

Frontiers in Health Services 12 frontiersin.org

https://doi.org/10.1016/j.echo.2016.01.011
https://doi.org/10.1093/ehjci/jeab154
https://doi.org/10.33678/cor.2023.080
https://doi.org/10.1016/j.ijcard.2024.132504
https://doi.org/10.1016/j.ijcard.2024.132504
https://doi.org/10.3390/jimaging9020050
https://doi.org/10.3390/jimaging9020050
https://doi.org/10.1161/CIRCULATIONAHA.118.034338
https://doi.org/10.21037/cdt-24-25
https://doi.org/10.1002/widm.1312
https://doi.org/10.1007/s11886-023-02005-2
https://doi.org/10.1001/jama.2018.17163
https://doi.org/10.1038/s41746-020-0221-y
https://doi.org/10.3389/frhs.2026.1690832


12. Ha JW, Andersen OS, Smiseth OA. Diastolic stress test: invasive and noninvasive 
testing. JACC Cardiovasc Imaging. (2020) 13(1 Pt 2):272–82. doi: 10.1016/j.jcmg.2019. 
01.037

13. Topol EJ. High-performance medicine: the convergence of human and artificial 
intelligence. Nat Med. (2019) 25(1):44–56. doi: 10.1038/s41591-018-0300-7

14. Sengupta PP, Chandrashekhar Y. AI And echocardiography: are valves the next 
frontier? JACC Cardiovasc Imaging. (2025) 18(1):130–2. doi: 10.1016/j.jcmg.2024. 
12.001

15. Madrakhimov S, Rozikhodjaeva G, Makharov K. The use of data mining methods 
for estimating vascular aging. Atherosclerosis. (2020) 315:e135. doi: 10.1016/j. 
atherosclerosis.2020.10.417

16. Rozikhodjaeva GA, Nazirkhujaev NS. Echocardiographic norms in Uzbek 
children: focus on newborns, infants, preschoolers, and early school-aged children. 
Prog Pediatr Cardiol. (2024) 73:101716. doi: 10.1016/j.ppedcard.2024.101716

17. Rozikhodjaeva G, Rakhimova M. Experience with handgrip isometric exercise in 
elderly and senile patients in a hospital setting. Int J Clin Stud Med Case Rep. (2025) 
52(5):4. doi: 10.46998/IJCMCR.2025.52.001299

18. Ouyang D, He B, Ghorbani A, Yuan N, Ebinger J, Langlotz CP, et al. Video-based 
AI for beat-to-beat assessment of cardiac function. Nature. (2020) 580(7802):252–6. 
doi: 10.1038/s41586-020-2145-8

19. Rudin C. Stop explaining black box machine learning models for high stakes 
decisions and use interpretable models instead. Nat Mach Intell. (2019) 1 
(5):206–15. doi: 10.1038/s42256-019-0048-x

20. Ribeiro MT, Singh S, Guestrin C. “Why should I trust you?” explaining the 
predictions of any classifier. In: Krishnapuram B, Shah M, editor. Proceedings of 

the 22nd ACM SIGKDD International Conference on Knowledge Discovery and 
Data Mining. New York: The Association for Computing Machinery (2016). p. 
1135–44. doi: 10.1145/2939672.2939778

21. Sonaglioni A, Nicolosi GL, Rigamonti E, Lombardo M, Gensini GF, Ambrosio G. 
Does chest shape in*uence exercise stress echocardiographic results in patients with 
suspected coronary artery disease? Intern Emerg Med. (2022) 17:101–12. doi: 10.1007/ 
s11739-021-02773-1

22. Heidenreich PA, Bozkurt B, Aguilar D, Allen LA, Byun JJ, Colvin MM, et al. 2022 
AHA/ACC/HFSA guideline for the management of heart failure. Circulation. (2022) 
145(18):e895–e1032. doi: 10.1161/CIR.0000000000001063

23. Krittanawong C, Johnson KW, Rosenson RS, Wang Z, Aydar M, Baber U, et al. 
Deep learning for cardiovascular medicine: a practical primer. Eur Heart J. (2019) 40 
(25):2058–73. doi: 10.1093/eurheartj/ehz056

24. Lundervold AS, Lundervold A. An overview of deep learning in medical imaging 
focusing on MRI. Z Med Phys. (2019) 29(2):102–27. doi: 10.1016/j.zemedi.2018.11. 
002

25. Baggiano A, Mushtaq S, Fusini L, Muratori M, Pontone G, Pepi M. Artificial 
intelligence in cardiovascular imaging: current applications and new horizons. J 
Cardiovasc Echogr. (2025) 35(2):97–107. doi: 10.4103/jcecho.jcecho_62_25

26. McDonagh TA, Metra M, Adamo M, Gardner RS, Baumbach A, Böhm M, et al. 
2021 ESC Guidelines for the diagnosis and treatment of acute and chronic heart 
failure. Eur J Heart Fail. (2022) 24(1):4–131. doi: 10.1002/ejhf.2333

27. Hu X, Zhu Y, Zhang Z, Quan Y, Chen W, Chen L, et al. Explainable artificial 
intelligence in echocardiography. Adv Ultrasound Diagn Ther. (2025) 9(4):409–25. 
doi: 10.26599/audt.2025.250089

Rozikhodjaeva et al.                                                                                                                                                  10.3389/frhs.2026.1690832

Frontiers in Health Services 13 frontiersin.org

https://doi.org/10.1016/j.jcmg.2019.01.037
https://doi.org/10.1016/j.jcmg.2019.01.037
https://doi.org/10.1038/s41591-018-0300-7
https://doi.org/10.1016/j.jcmg.2024.12.001
https://doi.org/10.1016/j.jcmg.2024.12.001
https://doi.org/10.1016/j.atherosclerosis.2020.10.417
https://doi.org/10.1016/j.atherosclerosis.2020.10.417
https://doi.org/10.1016/j.ppedcard.2024.101716
https://doi.org/10.46998/IJCMCR.2025.52.001299
https://doi.org/10.1038/s41586-020-2145-8
https://doi.org/10.1038/s42256-019-0048-x
https://doi.org/10.1145/2939672.2939778
https://doi.org/10.1007/s11739-021-02773-1
https://doi.org/10.1007/s11739-021-02773-1
https://doi.org/10.1161/CIR.0000000000001063
https://doi.org/10.1093/eurheartj/ehz056
https://doi.org/10.1016/j.zemedi.2018.11.002
https://doi.org/10.1016/j.zemedi.2018.11.002
https://doi.org/10.4103/jcecho.jcecho_62_25
https://doi.org/10.1002/ejhf.2333
https://doi.org/10.26599/audt.2025.250089
https://doi.org/10.3389/frhs.2026.1690832

	Rule-based clinical decision support system for automated assessment of left ventricular diastolic function during stress echocardiography
	Introduction
	Materials and methods
	Study design and population
	Stress echocardiography protocol
	Expert evaluation and reference standard
	Architecture of the rule-based CDSS
	Data input module
	Calculation engine
	Inference module
	Reporting module

	Parameters and thresholds used
	Statistical analysis

	Results
	Patient characteristics
	CDSS output and decision profiles
	Comparison with expert assessments
	Agreement analysis
	Overall match of the system vs. expert's final conclusion

	Diagnostic performance
	Processing time and operational metrics
	Usability and explainability
	Illustrative case examples
	Case A—physiological adaptation to load
	Load test protocol module
	Data input module
	Calculation engine
	Inference module
	Reporting module

	Case B—HFpEF with impaired reserve
	Load test protocol module
	Data input module
	Calculation engine
	Inference module
	Reporting module



	Discussion
	Generalizability and external validation

	Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Conflict of interest
	Generative AI statement
	Publisher's note
	References


