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Problem: Existing complex cardiovascular models have multiple parameters, which complicates the task of personalization [1].

Solution: Infusing complexity to the models through Physically Informed Neural Networks (PINNs), keeping parameter pool small yet still capturing
complex spikes that are relevant for clinical assessments. [2,3]

MATERIALS AND METHODS

e Two-Chamber Cardiovascular Model

We used a single-circuit lumped-parameter model with two heart chambers:
left atrium and ventricle. Pulmonary circulation and right heart excluded.

RESULTS

A systematic loss study was conducted evaluating the next loss configurations
applied globally across all six state variables and individually per variable. The next
is a heat map of how loss fluctuated for each training scenario.
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Governing Ordinary Differential Equation (ODE) system:
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A neural network introduces corrections to the governing ODE system [4]. The
corrected equations are integrated over the cardiac cycle for a given set of 23.0 ¢
parameters and initial conditions (ICs), producing predicted trajectories
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A PINN framework was developed to enrich a 2-chamber ODE cardiovascular

Figure 1. PINN training diagram. Green: inputs, purple: outputs. model toward 4-chamber hemodynamic complexity.

 Loss function selection proved critical, with strong variable-dependent

* Loss function design sensitivity observed across the six state variables and seven loss configurations.

The following loss terms were selected to guide the network toward 4-
chamber dynamics, balancing solution accuracy with physical consistency.

* Data loss consistently degraded training on variable #1 (PLV) while improving it
for variable #4 (PSV).

* Zero mean loss consistently attenuates the gains of other losses when applied
per variable yet has been proved beneficial in the all-variable configuration.

Loss term

Expression

Data (D)

L = Mpred - Mtarget

FUTURE WORK

Extension to multi-patient training: training on different ICs and parameter
sets, treating them as a virtual cohort, with each case paired to its closest 4-
chamber analogue (via M¢grget)-

First derivative (FD) L= M,pred - M,target .

Physics (Ph) L = ODE(Myyeq)

* Sensitivity and identifiability analysis: Assess how sensitive the learned
dynamics are to variations in parameters and IC and identify the most critical
parameters for an accurate reconstruction.

Mass conservation (M)

L=J(:(Q—6)dt

 Generalizability assessment: test model performance and robustness across
the virtual cohort to quantify its ability to generalize to unseen parameter

Zero- ZM
ero-mean (ZM) regimes and ICs.

L= z nn; for i: {all variables }

Negativity (N) L=V;ifV; <0fori=LV,LA
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Table 1. Loss functions evaluated in this study.
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