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Abstract

Federated Learning (FL) enables multiple clients to
jointly train a model without sharing raw data. How-
ever, traditional FL algorithms such as FedAvg strug-
gle with heterogeneous (non-I1ID) data, letting the largest
client dominate the shared model. We analyze three clients
from the PhysioNet/CinC 2020 Challenge dataset — CPSC
(n=4108), Georgia (n=5489), and PTB-XL (n=20517) —
under three ECG classification settings: (i) decentralized,
client-only training; (ii) a central baseline with all data
pooled; and (iii) a federated approach sharing only model
updates. For (iii), we compare FedAvg and FedProx, which
weight clients by sample size, against their label-aware
counterparts FedLA and FedProx+LA, which weight by la-
bel share instead. All settings use 5-fold cross-validation
across three padding strategies. Our results show that the
best aggregation method depends on client size and la-
bel skew: FedAvg is the strongest choice for the major-
ity client (PTB-XL), while the label-aware methods are the
strongest choice for the minority, most label-skewed client
(CPSC). The Georgia client gains nothing from federation
under any aggregation method, so the benefit of federation
is distributed unevenly across clients. We find this bene-
fit to be largest where local data is scarcest, with CPSC
gaining 0.079 AUROC over local-only training under Fed-
Prox+LA, compared to 0.006 for PTB-XL under FedAvg.

1. Introduction

Cardiovascular Diseases (CVDs) remain the leading
cause of death worldwide, responsible for an estimated
20.5 million deaths in 2021, roughly 80% of which oc-
curred in low- and middle-income countries [1]. The 12-
lead ECG remains the most widely used tool for detect-
ing and monitoring CVDs, and deep neural networks now
classify multiple concurrent abnormalities directly from
raw ECG waveforms. ECG data collected across differ-
ent hospitals is nevertheless inherently heterogeneous, for
two distinct reasons. First, acquisition hardware, sampling

protocols, and recording duration differ by manufacturer
and site. Second, independently of any single institution’s
practice, patient populations differ in age, sex, and region-
specific environmental exposure. Together, these data- and
population-level differences mean that the diagnoses ob-
served at one site are rarely representative of those ob-
served elsewhere, so training assumptions that treat hos-
pital data as identically distributed are unlikely to hold in

practice.
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Figure 1. In a FL scenario, each client first trains a local
model (1). Model updates are exchanged with a central
server (2), which aggregates them into a global model (3);
the updated global model is then returned to each client
for another round of local training, and the process repeats
over multiple communication rounds.
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Moreover, ECG recordings are protected health infor-
mation, and institutional and regulatory constraints fre-
quently prevent hospitals from sharing raw signals across
sites. Federated Learning (FL) offers a way to train a
shared model under these constraints: each site trains lo-
cally and transmits only model updates, which a server
aggregates, so that raw waveforms never leave the insti-
tution [2]. This makes FL an attractive tool for multi-
institution ECG classification, but the heterogeneity de-
scribed above turns training itself into a statistical chal-



lenge: an aggregation rule that is naive to differences in
each site’s device characteristics and diagnosis distribution
risks a shared model that reflects the largest or most homo-
geneous site rather than the federation as a whole. This pa-
per studies how the choice of federated aggregation algo-
rithm affects multi-label 12-lead ECG classification across
three heterogeneous sources, with particular attention to
per-client performance under label imbalance.

Related Work: Multiple frameworks exist for decentral-
ized training. Federated Averaging (FedAvg) remains the
original and most widely used baseline, in which clients
run local stochastic gradient descent and the server ag-
gregates their updates using weights proportional to each
client’s number of training samples [2]. When client
data are heterogeneous, this sample-size weighting lets the
largest client dominate the aggregate. FedProx addresses
client drift under heterogeneity by adding an ¢5 proximal
term to each client’s local objective, penalizing divergence
from the current global model while retaining FedAvg’s
sample-size aggregation weights [3]. FedLA instead mod-
ifies the aggregation step itself, replacing sample-size
weights with weights derived from each client’s share of
the global label distribution, so that clients holding a dis-
proportionate share of a given label’s examples are up-
weighted independently of their raw dataset size [4]. Fed-
Prox+LA combines both ideas, applying FedLA’s label-
aware weights on top of FedProx’s proximal term. We
benchmark these four aggregation strategies on the Phy-
sioNet/CinC 2020 Challenge dataset, whose multi-source
design makes this kind of heterogeneity inevitable [5].

2. Methods

Dataset and clients We use the PhysioNet 2020 Chal-
lenge training data [S] and treat three of its sources as
federated clients: CPSC, Georgia, and PTB-XL. Each
recording is a 12-lead waveform annotated with one or
more SNOMED CT diagnosis codes. Rather than the
full officially-scored label set, we target the five most
frequent officially-scored diagnoses computed over the
pooled data and applied identically to all clients: sinus
rhythm (SR), left axis deviation (LAD), T-wave abnormal-
ity (TAb), atrial fibrillation (AF), and complete right bun-
dle branch block (CRBBB). After filtering to this shared
label space the clients contain 4108 (CPSC), 5489 (Geor-
gia), and 20517 (PTB-XL) records.

Figure 2 shows the within-client prevalence of the five
labels. The distribution is markedly heterogeneous: PTB-
XL is dominated by sinus rhythm (~88%), CPSC by
CRBBB (~48%) and AF (~33%), and Georgia by T-wave
abnormality (~42%). Combined with PTB-XL holding
roughly two thirds of all records, this creates both quan-
tity and label-distribution skew across clients, which is the
setting label-aware aggregation is designed for.
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Figure 2. Within-client prevalence of the five shared diag-
noses. The label distribution is strongly non-IID across
clients: PTB-XL is dominated by sinus rhythm, CPSC
by CRBBB and AF, and Georgia by T-wave abnormality,
while PTB-XL also holds the large majority of all records.

2.1. Training Framework

All experiments use CTNLite, a lightweight port of the
wide-and-deep convolution-transformer that won the orig-
inal CinC 2020 Challenge [6]. CTNLite keeps the convolu-
tional encoder and a transformer encoder with mean pool-
ing over time followed by fully connected layers, but drops
the original model’s fusion of demographic and hand-
crafted waveform features, so that it trains directly on raw
waveforms. All models are trained with Adam (learning
rate 10~3) under a binary cross-entropy objective over the
five target labels.

Padding ablation: CPSC recordings are highly variable
in length (up to ~118s), whereas Georgia and PTB-
XL recordings are almost uniformly 10s. We therefore
compare a fixed-length crop/pad pipeline (f ixed+wrap)
against a batch_dynamic scheme that pads each mini-
batch only to its own maximum length and masks padded
positions in the transformer, with two fill strategies (wrap
and zero). This yields three padding configurations; the
results below use fixed+wrap unless noted, and the per-
client pattern is consistent across all three.

Federated learning algorithms: We compare five train-
ing modes. Central pools all client data into a sin-
gle model, an upper-reference not subject to communica-
tion constraints. FedAvg aggregates client updates with
weights proportional to local training-set size [2]. Fed-
Prox adds an ¢ proximal term (¢ = 0.01) to each
client’s local objective, penalizing drift from the global
model, and otherwise aggregates as FedAvg [3]. FedLA
replaces the aggregation weights with label-distribution-
derived weights: for each label, each client’s share of that
label’s total count across clients is computed, summed over
labels, and normalized across clients [4]. FedProx+LA
combines the FedProx local proximal term with FedLA’s
aggregation weights. All federated modes use one local
epoch per communication round.



Local-only baseline: To quantify what federation actu-
ally helps each site, we additionally train a model on a sin-
gle client’s data alone and evaluate it on that same client’s
hold-out data, for every client, fold, and padding config-
uration. These models use the identical architecture, op-
timizer, and schedule as the federated runs, and are con-
strained to the same five-label output space derived from
the pooled data, so that their scores remain directly com-
parable to the federated per-client numbers.
Experimental protocol: Each of the three padding con-
figurations x five training modes is evaluated with 5-
fold cross-validation on the full client data, 30 training
epochs/communication rounds per fold. Within each fold,
20% of a client’s records are set aside as the hold-out first,
and the remaining data is further split into a 85% train-
ing and 15% validation portion, which represents 68% and
12% of all data respectively. The validation split is not
used for model selection or threshold tuning in any re-
ported result, so every number reflects the model at the
final epoch / round rather than a validation-selected check-
point. To avoid data leakage, all federated modes split each
client’s data independently, so a client’s hold-out never
overlaps with its own training or validation data. Central
instead pools all clients before splitting, so its partition is
comparable in expectation but not identical to the federated
one. We report AUROC (macro, threshold-independent) as
mean = standard deviation across the five folds, computed
both on the pooled hold-out and on each client’s own hold-
out.

3. Results

Padding ablation: Table 1 reports the pooled (Global)
AUROC for all five training modes under the three padding
configurations described in Methods. No single padding
configuration wins outright: batch_dynamic+wrap is
best for FedAvg and FedProx, and batch_dynamic
+ zero is best for Central, FedLA, and FedProx+LA.
However, fixed+wrap stays close behind the winning
configuration for three of the five modes — FedAvg, Fed-
Prox, and FedLA - trailing the best alternative by no more
than 0.005 AUROC in each case. We use fixed+wrap as
the paper’s primary configuration because it remains com-
petitive for most of the modes we study, not because it is
uniformly the strongest padding strategy.

Table 1. Global (pooled) AUROC (5-fold mean =+ std) by
padding configuration and training mode. Bold marks the
best configuration per mode.

Mode fixed+wrap batch_dyn.+wrap  batch_dyn.+zero
Central 0.954£0.002 0.955+0.002 0.960-+£0.003
FedAvg 0.929+0.002 0.930+0.003 0.929-+0.003
FedProx 0.928+0.003 0.930+0.003 0.928-+0.004
FedLA 0.931£0.003 0.933£0.002 0.933£0.001
FedProx+LA  0.92340.006 0.923£0.003 0.929-+0.004
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Figure 3. Per-client AUROC (5-fold mean = std,

fixed+wrap). Hatched bars are local-only training, col-
ored bars are the four federated modes, and the dashed line
is central pooled AUROC. Brackets give the paired ¢-test
between local-only training and that client’s best feder-
ated mode, Holm-corrected across the three comparisons.
Georgia’s significant difference is a decrease.

Per-client performance: Figure 3 and Table 2 report the
5-fold AUROC for each client under fixed+wrap, for
the four federated modes and for the local-only baseline,
with central pooled training as an upper reference. On the
pooled hold-out the four federated modes lie within 0.008
AUROC of each other, so no aggregation rule stands out
there. However, the per-client view shows a different story.
On PTB-XL, the largest client, FedAvg is the strongest
federated mode, which is consistent with a sample-size
weighting that matches the client holding roughly two
thirds of all records. On Georgia, the mid-sized client, the
four modes lie within 0.006 of each other and every one of
them falls below the local-only baseline.

Table 2. Per-client AUROC (5-fold mean =+ std,
fixed+wrap): local-only training versus the best-
performing federated mode for that client. A is best-
federated minus local-only; p is a paired ¢-test across the
five folds, Holm-corrected over the three per-client com-

parisons.
Client Local-only Best federated A D
CPSC 0.863+0.031  0.942+0.019 (FedProx+LA) +0.079 0.021
Georgia  0.933+0.002 0.923-+£0.004 (FedProx) —0.010 0.011

PTB-XL 0.951+0.001 0.957+0.001 (FedAvg) +0.006 0.011

On CPSC, the smallest and most label-skewed client,
the separation is the largest: FedProx+LA is the strongest
mode, followed by FedProx and, FedLA while FedAvg is
the weakest. The three clients therefore benefit very un-
equally from federation, and the sign of A flips between
them. CPSC gains 0.079 AUROC over training alone,
PTB-XL gains 0.006, and Georgia loses 0.010; all three
differences are significant under fixed+wrap. How
much CPSC gains depends on which aggregation rule is
used, and not only on federating at all: FedProx+LA re-



covers +0.079 AUROC where plain FedAvg recovers only
-+0.050.

4. Discussion

This work shows that reporting only the overall pooled
performance gain does not tell the whole story, especially
for realistic applications such as hospital settings. The
per-client breakdown is essential to interpret these results,
since the four aggregation rules look indistinguishable
on the pooled hold-out alone, while on CPSC and PTB-
XL they move in opposite directions. Each aggregation
method has its own strength. FedAvg and FedProx weight
clients by their number of training samples, so PTB-XL —
roughly two thirds of all records — benefits from an aggre-
gate that reflects its own size and label prior. FedLA and
FedProx+LA instead weight clients by their share of each
label, which up-weights CPSC despite its small size be-
cause it holds a disproportionate share of the CRBBB and
AF examples. The resulting takeaway is that no aggrega-
tion method is best everywhere: which rule helps depends
on how a client’s data distribution relates to the federation
as a whole, and for Georgia federation offers no benefit
under any rule we tested. FedProx+LA even scores below
PTB-XL’s own local-only baseline (0.939 versus 0.951),
so a method that helps one client can actively cost another.
Still, for two of the three clients some form of federation
improved on training alone, which lets us conclude that
there is a genuine advantage to federated training: hospi-
tals can benefit from each other’s data without ever sharing
it, provided the aggregation rule is matched to the setting.
Limitations: Every federated mode remains below pooled
central training (0.954 versus 0.923-0.931), so the privacy
constraint still carries an accuracy cost that aggregation
choice does not recover. CPSC’s gain is also the least
robust result we report: it reaches significance only un-
der fixed+wrap, because its local-only baseline is both
stronger and about twice as variable under batch-dynamic
padding. Its macro AUROC additionally rests on fewer
effective labels — one of five has no positive hold-out ex-
amples and a second only a handful — which explains its
wider error bars. The federation comprises only three real
institutional clients, too few to characterize how the effect
scales with client count. The label space is restricted to
five diagnoses, and FedProx’s i and the local epoch count
were fixed rather than tuned per client or mode.

5. Conclusion

We benchmarked central, FedAvg, FedProx, FedLA,
and FedProx+LA on three heterogeneous PhysioNet/CinC
2020 sources under 5-fold cross-validation, together with

a local-only per-client baseline. The pooled metric alone

would suggest the aggregation rule barely matters; the per-
client view shows the opposite, with each rule favoring a

different client depending on its size and label distribution.
Federated learning is therefore worth adopting here, but
not as a fixed recipe: each site should check against its
own local-only model whether it gains at all, and the ag-
gregation rule should be matched to the label distribution
of the federation rather than chosen once for all clients.
In this sense the aggregation rule is a fairness lever, not a
uniform accuracy gain. Since label-aware aggregation was
originally proposed for vehicular object detection, our re-
sults also show that the idea transfers to multi-label clinical
ECG classification. We see the full 27-class label space,
more participating sites, and rarer diagnoses as the clearest
extension, since label-aware weighting may matter even
more there.
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