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Abstract. Chest x-ray diagnosis is performed across hospitals with di-
verse patient populations and clinical priorities, so different institutions
often annotate different subsets of thoracic abnormalities. This varia-
tion in label distributions is inherent to medical federated learning (FL)
and constrains its deployment in real-world clinical settings, yet remains
largely underexplored. Most existing FL approaches assume a homoge-
neous label space or require institutions to share their diagnostic labels
to construct a global taxonomy. These assumptions rarely hold in prac-
tice due to privacy regulations and institutional constraints. We propose
FedDAP, a federated learning framework for chest x-ray diagnosis with
heterogeneous labels that operates without sharing local labels or raw
data. Our approach maps local feature representations into a shared se-
mantic space defined by disease-aligned class prototypes. At the server,
a dynamic layer-wise aggregation strategy weights each layer according
to its discriminative capability, allowing clients to contribute meaning-
fully across the network layers. Experiments on three public chest x-ray
datasets under 3-client and 6-client configurations show consistent gains
over the strongest state-of-the-art baseline, with a relative improvement
of up to 3.7% in accuracy and up to +1.60 AUROC. The code is available
at https://github.com/obedjamir/FedDAP.git.

Keywords: Federated learning · Label heterogeneity · Chest x-ray di-
agnosis · Class prototypes.

1 Introduction

Federated learning (FL) [15] enables collaborative training across institutions
that cannot share patient data due to regulations such as the GDPR [1]. In
practical FL scenarios for chest x-ray diagnosis, institutions annotate different
subsets of thoracic abnormalities depending on clinical objectives, patient de-
mographics, and reporting protocols. The resulting diagnostic label spaces are
generally partially overlapping or even fully disjoint. A single model cannot be
trained over such a non-uniform label space without requiring institutions to
disclose their annotations. Most existing FL approaches instead assume a ho-
mogeneous label space or require label sharing to construct a global taxonomy.
These assumptions are generally impractical in healthcare due to privacy regu-
lations and institutional constraints.
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Fig. 1. A visual representation of the proposed approach. Each client model consists
of common base layers and a projection layer that maps local features to a shared
semantic space. Every base layer j of each client i is assigned an aggregation weight
αij that determines its impact on the globally aggregated model.

Personalized FL addresses statistical heterogeneity through methods such as
proximal or dynamic regularization [13, 2], clustering [5], multi-task learning [18],
transfer learning [21], or meta-learning [8]. Some methods decouple the network
into a shared body and a personalized head [3, 14, 7, 6, 16]. Similarly, FD-Fed [11]
addresses label heterogeneity without label sharing. However, these methods
generally adopt parameter-level personalization and rely on static aggregation,
lacking mechanisms to align representations across disjoint label spaces.

To address this challenge, we propose FedDAP (Federated Learning via Disease-
Aligned Prototypes), a framework for chest x-ray diagnosis under label hetero-
geneity that does not require sharing of local labels or raw data (Fig. 1). FedDAP
couples shared base layers with a projection layer that maps features into a se-
mantic space defined by disease-aligned class prototypes. These prototypes are
derived from a pretrained text encoder with relevant semantic information. The
projection layer aligns local feature representations to these prototypes, and a
personalized classifier head predicts the disease label from the aligned features.
We further propose a dynamic layer-wise aggregation strategy that weights each
base layer by its discriminative capability. Clients with larger datasets contribute
more to disease-agnostic layers, while clients covering a broader set of disease
classes contribute more to discriminative layers. Our contributions are:

– A federated learning framework for chest x-ray diagnosis across clients with
heterogeneous label distributions.

– A semantic alignment mechanism that uses disease-aligned prototypes to
allow clients to learn semantically consistent feature representations.

– A dynamic layer-wise aggregation strategy that weights each base layer by
its discriminative capability.
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– Evaluation on three public chest x-ray datasets under 3-client and 6-client
configurations.

2 Method

We consider N clients, each holding a private dataset Di = {(x, y)} of chest
x-ray images with single disease labels drawn from a local label space Ci. The
label spaces of clients may overlap partially or be entirely disjoint. Aggrega-
tion strategies, such as FedAvg [15] assume identical client models trained over
a common label space. This makes FedAvg incompatible with our setting. The
proposed FedDAP divides each client model into base layers and a classifica-
tion head. The base layers extract relevant features from the chest x-ray images
and the classification head learns to predict the correct disease label using the
extracted features. FedDAP introduces a projection layer between the base lay-
ers and the classification head of each client model. The projection layer maps
feature representations into a shared semantic space, defined by disease-aligned
prototypes. These prototypes are derived from a pretrained text encoder with
relevant semantic information. Because of this, each disease has a fixed proto-
type. The objective is to enable clients with heterogeneous label spaces to learn
in a shared semantic space defined by disease-aligned prototypes.

2.1 Client Training via Disease-Aligned Prototypes

For each disease label l ∈ Ci, we use the pretrained BioViL-T text encoder [4]
to encode the corresponding disease name, resulting in a text embedding P̃l.
We then normalize this embedding to define the disease-aligned prototype as
Pl = P̃l/∥P̃l∥2. All clients use the same pretrained text encoder. Because each
disease has a fixed prototype, these prototypes create a shared, disease-aligned
semantic space for all clients, regardless of their individual label spaces.

For each client i, a learnable projection layer ϕi(·) is placed between the
base layers and the classification head of the client model. ϕi(·) takes the feature
representation hi(x) produced by the base layers for each image x and aligns
it to the corresponding disease-aligned prototype Pl. We do this by maximiz-
ing cosine similarity between the normalized feature representations vi(x) =
ϕi(hi(x))/∥ϕi(hi(x))∥2 and the corresponding disease-aligned prototype Pl. The
overall objective for semantic alignment via disease-aligned prototypes is

Lproto
i = −

∑
(x,y)∈Di

log
exp

(
vi(x)

⊤Py/τ
)∑

l∈Ci
exp (vi(x)⊤Pl/τ)

, (1)

where τ is a temperature hyperparameter and Py is the prototype of the ground-
truth label. Minimizing (1) clusters the feature representation of a particular dis-
ease label around its corresponding disease-aligned prototype and pushes them
away from incorrect prototypes. Subsequently, the classifier head ψi(·) (which is
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an MLP) learns to predict the correct disease label from the aligned represen-
tation vi(x), by minimizing the cross-entropy loss Lce

i . The final client training
objective is

Li = λLproto
i + (1− λ)Lce

i , (2)

where λ ∈ [0, 1] is a hyperparameter that controls the balance between the
prototype loss Lproto and the cross-entropy loss Lce. During training, each client
i collects feature representations hij(x) from data points in each class at every
base layer. The client then calculates the intra-class variance Vintra

ij (the mean
squared Euclidean distance of features to their class centroid) and the inter-class
variance Vinter

ij (the mean squared Euclidean distance of the class centroids to
their global mean) for each base layer j. The projection layer is considered one
of the J base layers and is also communicated to the server for aggregation.

2.2 Server Aggregation

Weight assignment. At each communication round, the server receives the
base-layer parameters from each client, along with their layer-wise variance
statistics Vintra

ij and Vinter
ij . We then use a layer-wise method to aggregate these

base layers across all clients. Our aggregation strategy is based on the assumption
that highly discriminative layers capture class-specific information, while less
discriminative layers (based on the measure of discriminative capability defined
in the next paragraph) capture information common to all diseases (disease-
agnostic). To reflect this, we give more weight to clients with a wider variety
of disease classes when aggregating discriminative layers. For disease-agnostic
layers, clients with more training samples get more weight, regardless of how
many disease classes they have. This approach helps the aggregated model be-
come more discriminative across different disease classes, while also improving
its ability to generalize across a large and diverse set of samples. To achieve
this, we assign a specific weight to each base layer of every client model during
aggregation.

Let |Di| denote the number of training samples and |Ci| denote the number
of disease classes at client i. We normalize these values across clients as D̂i =
|Di|/

∑
r |Dr| and Ĉi = |Ci|/

∑
r |Cr|. The aggregation weight assigned to the

j-th base layer of client i is computed as

αij = (1− gj)D̂i + gjĈi, (3)

where gj ∈ (0, 1) is a gating coefficient that controls the balance between data-
size weights and class-diversity weights based on the discriminative capability
of each j-th layer. We quantify the discriminative capability of each j-th base
layer using the layer-wise variance statistics Vintra

ij and Vinter
ij . Specifically, the

server computes the Fisher score [9] for each j-th base layer of client i as Fij =
Vinter
ij /(Vintra

ij + ϵ), where ϵ is a small constant for numerical stability. We use
Fisher scores as it offers a low-cost measure for class separability and can be
easily computed for each base layer without compromising clients’ data. The
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Dataset NIH Chest X-ray14 CheXpert MIMIC-CXR

Images

Ground
Truth Cardiomegaly Nodule Pneumothorax Atelectasis Pleural

Effusion Pneumonia

Detected Cardiomegaly Nodule Pneumothorax Pneumothorax Pleural
Effusion Atelectasis

Fig. 2. Classification results of client model 1 using FedDAP on sample images from
the NIH Chest X-ray14, CheXpert, and MIMIC-CXR datasets. For each dataset, one
correctly and one incorrectly classified example is shown (blue: correct prediction; red:
incorrect prediction).

server then averages per-client Fisher scores over the N participating clients as
F̄j =

1
N

∑N
i=1 Fij . This gives a common measure of the discriminative capability

of each base layer. A higher Fisher score indicates that the feature representations
of the corresponding base layer are more separable between classes relative to
their spread within a class.

The gating coefficient gj is obtained using the averaged Fisher score F̄j as

gj =
F̄j

γ + F̄j
, (4)

where γ > 0 is a hyperparameter. Since gj increases monotonically with F̄j ,
less discriminative layers (gj→0) rely mostly on data-size weights, while highly
discriminative layers (gj→1) rely mostly on class-diversity weights.
Layer-wise aggregation. Let Wij(t) denote the parameters of the j-th base
layer of client i at communication round t. The aggregated parameters of j-th
base layer are computed as

Ŵj(t) =

N∑
i=1

αijWij(t), (5)

where αij is the aggregation weight from Eq. (3). The aggregated base layers
Ŵj(t) are broadcast to all clients for the next communication round. Since the
Fisher scores are recomputed at every round from the updated layer-wise vari-
ance statistics, the aggregation weights adapt dynamically across communication
rounds.

3 Experiments and Results

Datasets and Experimental Setup. We perform experiments on three pub-
licly available chest x-ray datasets: NIH Chest X-ray14 [20], CheXpert [10],
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Table 1. Classification accuracy (%) and AUROC (%) (mean ± std over 5 runs) for
EfficientNetB0 on the NIH Chest X-ray14, CheXpert, and MIMIC-CXR datasets under
Protocol 1 (3 clients) and Protocol 2 (6 clients). Best result per column in bold.

NIH Chest X-ray14 CheXpert MIMIC-CXR
Method 3 Clients 6 Clients 3 Clients 6 Clients 3 Clients 6 Clients

Accuracy (%)

Local 48.46± 3.92 50.74± 3.35 52.44± 4.27 53.47± 4.58 46.50± 2.70 46.96± 3.83
FedPer 46.55± 3.81 50.64± 4.50 45.34± 6.49 51.17± 4.34 41.51± 4.17 43.93± 4.05
FedPav 47.53± 3.13 50.91± 4.21 49.77± 4.87 53.84± 4.22 40.30± 4.13 45.98± 2.87
FedBABU-LI 48.28± 4.23 50.58± 4.44 53.63± 4.08 52.38± 3.63 44.63± 3.01 47.29± 5.51
FedRep 49.07± 2.87 51.44± 2.63 53.15± 3.92 54.97± 4.16 47.21± 1.90 48.18± 3.45
FD-Fed 50.68± 3.00 53.13± 3.26 54.33± 3.30 56.40± 4.23 48.46± 2.24 51.37± 2.31
FedDAP 51.85± 2.92 53.97± 3.62 54.77± 3.38 57.48± 3.88 50.27± 3.79 51.83± 1.60

AUROC (%)

Local 86.51± 1.58 87.26± 1.46 86.38± 0.74 86.64± 1.61 84.75± 1.55 84.97± 1.25
FedPer 86.04± 1.60 87.47± 1.64 82.15± 0.48 85.51± 2.02 82.63± 2.07 83.66± 2.25
FedPav 86.19± 1.69 87.63± 1.64 83.90± 1.52 87.29± 1.72 82.10± 3.34 84.59± 1.24
FedBABU-LI 86.25± 2.34 86.22± 2.29 86.88± 1.29 86.23± 2.40 81.71± 3.65 84.74± 2.61
FedRep 87.25± 1.41 87.93± 1.45 86.79± 0.89 87.51± 1.59 85.52± 1.42 85.78± 0.93
FD-Fed 87.45± 1.25 88.35± 1.34 87.05± 0.77 88.07± 1.74 85.94± 1.23 86.70± 0.57
FedDAP 87.95± 1.25 88.76± 1.26 87.33± 1.04 88.79± 1.56 87.54± 1.38 87.34± 0.73

and MIMIC-CXR [12]. For each dataset, we exclude multi-label and ‘No Find-
ing’ samples to obtain a controlled single-label setting. For each dataset, we ran-
domly distribute the labels among clients, so that each client receives data for a
distinct set of labels. If multiple clients receive data for the same label, we ensure
there is no overlap in the data distributed among those clients. We consider two
federated configurations: (i) Protocol 1: each dataset is distributed among 3
clients; and (ii) Protocol 2: each dataset is distributed among 6 clients. Under
both protocols, each client divides its local data into an 80:10:10 ratio for train-
ing, validation, and testing. Performance is measured by classification accuracy
and the Area Under the Receiver Operating Characteristic Curve (AUROC) for
each client on its local test data. In each run, client wise accuracy and AUROC
is averaged across all clients. Subsequently, we report the mean and standard
deviation over 5 runs.
Implementation Details. We compare FedDAP with FedPer [3], FedPav [22],
FedRep [7], FD-Fed [11], and FedBABU [16]. We also compare against a ‘Lo-
cal’ baseline, in which each client is trained independently without federation.
These methods are selected because they are compatible with heterogeneous la-
bel spaces. Methods that assume a shared label space across clients, including
FedAvg [15], are not applicable to our setting. FedBABU cannot directly handle
label heterogeneity, since it initializes a uniform classification head at the server.
We instead initialize the classification layer locally for each client and refer to
this adapted version as ‘FedBABU-LI’ . We adopt EfficientNetB0 [19] as the
backbone for all methods.
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Fig. 3. Per-client t-SNE class centroids of disease labels shared across clients for NIH
Chest X-ray14 dataset under Protocol 1. We observe that under label heterogeneity,
disease-aware semantic alignment produces mostly consistent class centroids across
clients.

For each competing method, we use Stochastic Gradient Descent (SGD) [17]
with momentum 0.9 as the optimizer. The best learning rate is selected from the
range 0.0001 to 0.1. For FedBABU-LI and FD-Fed, we select a second learning
rate for the fine-tuning steps. A single fine-tuning step is performed per round for
FedRep and FD-Fed. FedBABU-LI instead performs 5 fine-tuning steps after the
final communication round. FedPer and FedPav do not require fine-tuning. For
FedDAP, the adapt phase fine-tunes the personalized classifier head for a single
step after each round. The loss weight λ is fixed to 0.5, and the temperature
hyperparameter τ is selected from the range 0.01 to 0.1. All hyperparameters
are tuned using validation performance. We run each experiment for 50 commu-
nication rounds, with 5 local training steps per round.
Comparative Analysis. Each experiment is repeated for five runs under both
the 3-client and 6-client configurations. Results are reported in Table 1. FedDAP
achieves the highest accuracy and AUROC across all three datasets and both
client settings. The largest gain over the strongest baseline (FD-Fed) occurs on
MIMIC-CXR under Protocol 1, where accuracy improves from 48.46% to 50.27%
(a relative improvement of 3.7%) and AUROC from 85.94% to 87.54%. Meth-
ods that don’t perform classifier fine-tuning degrade under label heterogeneity
(FedPer and FedPav), falling below the Local baseline on MIMIC-CXR under
Protocol 1 (41.51% and 40.30% accuracy versus 46.50%). FedDAP exceeds the
Local baseline under both protocols on each dataset, with the largest gains on
MIMIC-CXR. We observe that accuracy is consistently low despite the high
AUROC. This is because accuracy requires the correct disease label to have
the highest predicted probability, whereas AUROC remains high as long as the
correct disease receives a high score, even when it is not the top prediction.
Qualitative results in Fig. 2 show the classification outputs of client model 1 on
two randomly selected test samples per dataset.
Cross-Client Semantic Space Alignment. To assess whether clients learn
consistent representations for disease labels shared across clients under label
heterogeneity, we pool the feature representations of each client’s local data for
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Fig. 4. Component-wise ablation study of FedDAP: FedLA removes disease-aware se-
mantic alignment while keeping layer-wise aggregation. Further, FedSA replaces layer-
wise aggregation with standard FedAvg. Results show accuracy (%) and AUROC (%)
(mean ± std over 5 runs) on NIH Chest x-ray14, CheXpert, and MIMIC-CXR under
Protocol 1 (3 clients).

the NIH Chest X-ray14 dataset and fit a single t-SNE, ensuring a common em-
bedding space and avoiding misalignment from separate projections. We then
plot the per-client class centroids for shared disease labels in the common space
(Fig. 3). Despite differences in their overall label spaces, the centroids of shared
diseases remain largely aligned across clients. This demonstrates that anchor-
ing features to disease-aligned prototypes maps semantically equivalent disease
representations into a shared feature space without sharing local labels.

3.1 Ablation Studies

We evaluate the significance of each component of FedDAP by systematically
removing each component and measuring the drop in classification accuracy and
AUROC (Fig. 4). FedDAP denotes our full proposed framework, FedLA denotes
our method without the disease-aware semantic alignment, and FedSA replaces
the layer-wise aggregation with standard FedAvg. FedDAP achieves accuracies
of 51.85/54.77/50.27% and AUROC scores of 87.95/87.33/87.54% on NIH Chest
X-ray14, CheXpert, and MIMIC-CXR, respectively. Removing disease-aware se-
mantic alignment (FedLA) lowers accuracy to 50.45/54.11/48.31% and AUROC
to 87.39/87.04/85.90%. Further, FedSA reduces accuracy to 49.44/53.81/48.28%
and AUROC to 87.30/86.92/85.88%. The consistent drop in performance across
all three datasets confirms that both the dynamic layer-wise aggregation and
the disease-aware semantic alignment contribute meaningfully to the overall ef-
fectiveness of FedDAP.

4 Conclusion

We introduce FedDAP, a federated learning framework for chest x-ray diagno-
sis under label heterogeneity. By aligning features to disease-aligned prototypes
derived from a pretrained BioViL-T text encoder, clients with disjoint label
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spaces are trained jointly in a shared semantic space without sharing local la-
bels or raw data. A dynamic layer-wise aggregation strategy weights each base
layer by its discriminative capability using inter-class and intra-class feature
statistics. Experiments across three public chest x-ray datasets and two client
configurations demonstrate consistent improvements over existing personalized
federated learning methods. Ablation experiments validate the significance of
semantic alignment via disease-aligned prototypes. Our present study adopts
a single-label protocol, with each dataset split internally across clients. Future
work will extend the prototype-based training and layer-wise aggregation to the
multi-label and multi-institutional settings. We will also evaluate alternative
biomedical and general-purpose text encoders and study robustness to ambigu-
ous or institution-specific terminology. We also plan to extend the framework to
model heterogeneity, multi-modal medical data, and task-heterogeneous feder-
ated learning settings.
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