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Abstract

In ex vivo heart evaluation, an explanted heart is kept
beating outside the body for functional assessment. Hearts
may develop acute heart failure (AHF), requiring prompt
flow reduction; detection currently relies on continuous vi-
sual monitoring. We aimed to automate AHF detection
in a porcine ex vivo system. Data from 13 experiments
were split chronologically into training (10 experiments,
29 events) and test (3, 5 events) sets. Of seven recorded
signals, four became beat-by-beat features, each expressed
as its short-term deviation from a causal baseline. Three
control signals formed a composite flag. A detection trig-
gered when the weighted sum of active flags reached a pre-
defined count. Three variants—all-feature, reduced (heart
rate and left atrial pressure only), and weighted (these two
double-weighted)—were compared. The weighted model
generalized best, with I of 0.80 (training) and 0.65 (test),
detecting 90% of training events with roughly one false
positive per true positive. On extended datasets simulat-
ing continued operation, Fs improved to 0.85 and 0.76,
with all test events detected. Median detection latency was
~ 4 s before intervention. Automated early warning there-
fore appears feasible.

1. Introduction

Globally, only about one-third of hearts from brain-dead
donors are transplanted, despite the large number of pa-
tients on transplant waiting lists [2]. Some donor hearts
are considered marginal and do not meet adopted inclu-
sion criteria due to age or other risk factors. Ex vivo
heart evaluation could assess the functional quality of such
hearts before transplantation. Building on advances in
non-ischemic heart preservation [3, 4], an ex vivo perfu-
sion system is under development to evaluate marginal
donor hearts and assess their suitability for transplantation
(Fig. 1) [1]. A key step toward clinical implementation is
automation.
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Figure 1. Schematic of the ex vivo perfusion system, re-
produced from [1] under CC BY-NC 4.0. The left and right
heart circuits are perfused separately; the pressures used in
this study are measured on the left side.

During ex vivo evaluation, hearts may develop acute
heart failure (AHF), which reduces pumping efficiency and
causes backfilling in the perfusion system. To protect the
heart and the system, the input flow is manually reduced
until normal rhythm is restored. This intervention cur-
rently relies on continuous visual monitoring. An auto-
mated warning system would reduce this dependence on
human oversight.

This work investigates whether AHF events can be
detected—and ideally anticipated—automatically from
hemodynamic signals available in the system. We ex-
tract beat-by-beat features motivated by cardiac physiol-
ogy, build a simple flag-based detection model with three
variants of increasing emphasis on the most informative
signals, and evaluate them offline using causal processing.
To our knowledge, no automated early warning for AHF
during ex vivo cardiac perfusion has been reported. The
study is limited to a porcine model and to signals from the
left side of the heart, which dominates systemic circula-
tion.



2. Methods

2.1. Data and pre-processing

Data from 13 porcine heart experiments were analyzed.
All experiments were approved by the Ethics Commit-
tee for Animal Research at Lund University (approval
Nos. 5.8.18-22454/2021 and 5.8.18-16949/2025) and con-
ducted in accordance with Directive 2010/63/EU. Porcine
hearts were used due to their anatomical and hemodynamic
similarity to human hearts [5].

Signals were sampled at 250 Hz (200 Hz in some exper-
iments; all analysis was time-based) and included aortic
pressure (AP), coronary flow (CF), left ventricular pressure
(LVP), and left atrial pressure (LAP). Control signals—
left pump flow (LP), and left diastolic and systolic control
pressures (LDCP, LSCP)—were recorded at 1 Hz. Each
recording was trimmed to exclude startup and shutdown
phases, long missing segments were removed, remaining
gaps were linearly interpolated, and LVP, LAP, AP, and
CF were zero-phase low-pass filtered (second-order But-
terworth, 30 Hz cutoff).

The data were split chronologically: the first 10 experi-
ments (29 events, 17 h 40 min) for training and the 3 most
recent (5 events, 6 h 55 min) for testing. After each event,
the subsequent 60 s were removed. This mirrors how the
warning system would operate in practice: once a detec-
tion is made, the system is paused while the failure is han-
dled, and restarted once the heart is stable.

2.2. Beat-by-beat features

A beat-to-beat representation was constructed by detect-
ing systolic peaks in LVP, with peaks arising from the di-
crotic notch discarded to retain one peak per beat. For each
beat we extracted left ventricular systolic and end-diastolic
pressures (LVSP, LVEDP), the maximum rate of ventric-
ular pressure rise (dP/dtmax), LAP, aortic systolic and
end-diastolic pressures (ASP, AEDP), and CF. Heart rate
(HR) was derived from the interval between consecutive
beats. Two composite features, aortic pulse pressure (APP
= ASP — AEDP) and coronary perfusion pressure (CPP
= AEDP — LVEDP), were also formed. These features
reflect mechanisms associated with AHF: elevated filling
pressures and HR, and reduced contractility and coronary
perfusion [6-10].

Each feature was expressed as the difference between
a short-term local estimate and a longer-term baseline es-
timate, both computed with causal median filters so that
only past and current samples were used. The sign was
chosen so that every feature increases during an event (e.g.
contractility markers were inverted).

2.3. Labeling and feature selection

Events were labeled retrospectively from manual pump-
flow reductions: a sharp drop in LP was flagged, and
each candidate was retained only if the surrounding LVP
showed irregularity indicative of failure, following consul-
tation with experienced operators. Because some LVP-
derived features were also used for detection, this in-
troduces a potential optimistic bias. A point label (L1)
marked the time of intervention; an extended label (Lo)
additionally marked the 10 s preceding each event, so that
features could be evaluated without setting thresholds.

For feature selection, the areas under the ROC curve
(AUROC) and under the precision—recall curve (AUPRC)
were computed against Ly over a grid of local and base-
line window lengths, on event-centered excerpts spanning
up to 120 s before each event. The selected windows were
1-5s (local) and 45-120s (baseline). HR and LAP were
the most informative signals (AUPRC up to 0.48 and 0.59,
against a positive-class prevalence of 0.12 in these ex-
cerpts), consistent with the known roles of tachycardia and
elevated filling pressure in AHF. AEDP was dropped as a
standalone feature, as no threshold achieved usable recall,
but is retained within APP and CPP.

2.4. Flag-based detection model

Each feature was assigned a threshold. A flag activated
when the feature exceeded its threshold for at least two
consecutive beats, and remained active for 10s (extended
if the threshold was re-exceeded). A detection triggered
when the number—or weighted sum—of simultaneously
active flags reached a count Ny,gs; a 12's persistence win-
dow merged temporally close detections (Fig. 2). The three
control signals were combined by a logical OR into a sin-
gle composite flag with a longer (120s) duration, moti-
vated by the observation that many events follow system
adjustments.

Three models were compared. The all-feature model
used all informative signals (HR, LAP, LVEDP, LVSP,
dP/dtmax, ASP, APP, CF, CPP) plus the control flag, each
weighted equally. Feature thresholds were set automati-
cally to reach a target recall on the training data. The
reduced model used only HR and LAP, plus the control
flag, with manually tuned thresholds. The weighted model
used the same features as the all-feature model but double-
weighted the two most informative, HR and LAP.

2.5. Datasets and evaluation

Because the data were truncated at intervention, an ex-
tended dataset was also created by extrapolating each fea-
ture and label 30s beyond every event using a decayed
linear trend, simulating continued operation without inter-
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Figure 2. Example of the flagging mechanism. Each feature raises a flag when it exceeds its threshold (colored bars); a
detection (grey) is triggered when the (weighted) number of simultaneously active flags reaches V.45, here 6 with nine
features plus the control flag. The dashed line marks the manual intervention; the two detections near 850s are false

positives.

Table 1. F5 score for each model on the full and extended
datasets. Training columns give the maximum over the
(Nfiags, o) grid; test columns give F» at the train-optimal
hyperparameters. Best test value in bold.

Full Extended
Model Train Test Train Test
All-feature 0.74 0.59 0.81 0.74
Reduced 0.79 036 085 0.67
Weighted 0.80 0.65 0.85 0.76

vention. Models were evaluated on the full and extended
datasets, for both training and test.

Detections were scored by overlap with L;: a true pos-
itive (TP) required overlap with an event, a false negative
(FN) was a missed event, and a false positive (FP) was a
detection outside any event. The Fjg score,

Precision - Recall

Fg=(1+p32
p=01+5) 32 Precision 4 Recall’

with § = 2, was the primary metric. It weights re-
call above precision because a missed event may damage
the heart, whereas a false alarm mainly reduces usability
[11,12]. For each model, F; was computed over a grid of
Niags and a uniform threshold scaling factor av. Test sets
were evaluated using the hyperparameters optimal on the
corresponding training set. Detection latency, the time be-
tween the onset of L1 and the detection, was analyzed for
true positives.

3. Results

On the full training data all three models detected 86—
90% of AHF events. In Table 1 the reduced and weighted
models slightly outperformed the all-feature model, so
adding features did not necessarily help. The weighted
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Figure 3. Detection latency relative to manual interven-
tion on the full training dataset. Negative values denote
detection before intervention; medians are near —4 s.

model achieved the highest F5 on both test sets. On the
training data it detected 90% of events (26 of 29) with
roughly one false positive per true positive, about 1.2 false
alarms per hour over the 17h 40 min recording. On the
full test set it detected 4 of 5 events with 7 false positives
(1.0 per hour), as did the all-feature model with 10 false
positives, whereas the reduced model detected 2.

The reduced model generalized poorly: F5 dropped
from 0.79 (train) to 0.36 (test) on the full data. Restrict-
ing the model to the two best-training features therefore
appears to encourage overfitting. On the extended datasets
all models improved and the weighted model detected all
five test events; these numbers are optimistic, since the ex-
trapolation lets features keep evolving and thereby eases
detection.

Latency analysis (Fig. 3) showed median detections ~
4 s before manual intervention, occasionally more than 30's
early, with only small differences between models. On the
extended datasets, where later detection was also possible,
most latencies remained negative: events were typically
anticipated rather than merely detected.



4. Discussion

The feature ranking aligned with known AHF physiol-
ogy: HR and LAP, which rise during failure, were most in-
formative, while contractility-related features (dP/dtmax,
LVSP) decreased as expected. AHF here therefore resem-
bles in vivo failure in the signals considered, although the
system provides no ECG or systemic information of the
kind used by most clinical detection methods [13].

Among the variants, the weighted model generalized
most consistently: up-weighting the most informative fea-
tures appears to balance sensitivity and robustness better
than discarding the others, as the reduced model does. The
reduced model was also tuned differently (manual thresh-
olds), so its weaker generalization cannot be attributed to
the feature set alone. The latency results indicate that the
approach can provide early warning, not only detection.

Several limitations temper these findings. The dataset is
small, especially the test set (5 events), so model-ranking
differences should be read as tentative. Labels were de-
rived retrospectively from a surrogate (pump flow) and
partly from LVP, which is also a feature source; this may
introduce optimistic bias. Modeling was offline; although
all processing was causal, online behavior is not guaran-
teed. Results on the extended datasets are optimistic by
construction. The findings are therefore exploratory. The
most important next step is online validation, ideally of
both the reduced and weighted models, toward clinical ex
vivo evaluation of human donor hearts.

5. Conclusions

A simple flag-based model detects AHF events in an ex
vivo perfusion system before manual intervention, from
beat-by-beat hemodynamic features derived from left-
heart pressures and flow. The weighted model, which
double-weights heart rate and left atrial pressure, gener-
alized most consistently and anticipated the operator in
most cases. The evidence is limited by a small test set
and by surrogate labels; online validation is the necessary
next step toward automated early warning in ex vivo heart
evaluation.
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