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Abstract

Federated learning (FL) enables privacy-preserving model
training across distributed Electronic Health Records (EHRs),
but its deployment remains limited by data-view heterogene-
ity, where institutions maintain incompatible local schemas.
Most existing methods address this by enforcing flat, aligned
data views, which require extensive cross-site preprocess-
ing and manual harmonisation that often discards client-
specific features, or by projecting inputs into a shared latent
space, which sacrifices interpretability. We propose a mod-
elling shift from conventional FL with vectorised inputs to a
symbolic, relation-centric framework, where each client or-
ganises its EHR data as a structured, type-aware relational
graph. This enables client-specific inference without requir-
ing schema alignment and supports FL across heterogeneous
data views. To model over these symbolic structures, we in-
troduce an architecture that combines relation-aware mes-
sage passing with a learnable feature relevance mechanism,
jointly enabling accurate local predictions and client-specific
interpretability while supporting parameter sharing across
clients. Beyond strong performance on three real-world EHR
datasets exhibiting data-view heterogeneity, we further show
that our framework supports multimodal FL under modality-
level heterogeneity. Using MC-MED, a publicly available
multimodal emergency department dataset, we demonstrate
that our method accommodates clients with partially missing
modalities, highlighting its robustness and scalability in real-
world clinical settings.

Introduction
Electronic Health Records (EHRs) offer a wealth of clin-
ical insight, yet remain siloed within individual institu-
tions due to strict privacy laws and data governance con-
straints (Sauer et al. 2022; Tayefi et al. 2021; Rieke et al.
2020). This fragmentation makes it nearly impossible to cen-
tralise data for training, limiting the development of clinical
models that capture population-level trends and generalise
across care settings. Federated Learning (FL) has emerged
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as a promising approach for training such models collabo-
ratively across distributed EHRs, without requiring data to
leave institutional boundaries (McMahan et al. 2017; Soltan
et al. 2023; Sheller et al. 2020). Despite its effectiveness in
preserving privacy, FL in clinical settings faces a distinc-
tive challenge: data-view heterogeneity—the structural mis-
alignment of available features and inconsistencies in the
representation, scale, or units of clinical measurements (Mo-
laei et al. 2024; Thakur et al. 2024). Figure 1 illustrates a
typical data-view heterogeneity scenario. These structural
mismatches, often driven by differences in available clini-
cal services, coding standards and local data collection prac-
tices, render many state-of-the-art FL methods inapplicable
unless data-views across clients are explicitly aligned. These
challenges are particularly pronounced in low- and middle-
income countries (LMICs), where healthcare infrastructure
varies widely across regions, exacerbating the fragmentation
and limiting participation in global FL initiatives (Thakur
et al. 2024).

Most clinical FL studies address data-view heterogeneity
by manually aligning the feature spaces across clients prior
to training. However, this preprocessing step is often labour-
intensive and error-prone, requiring expert knowledge of lo-
cal data schemas. Moreover, to achieve uniformity, features
that are missing at some sites are typically discarded alto-
gether, leading to information loss and underutilisation of
client-specific data. Such constraints not only limit the ex-
pressiveness of the resulting models but may also discour-
age institutions, particularly those with limited technical re-
sources or non-standard data structures, from participating
in FL collaborations.

Beyond manual alignment, a few recent studies have ad-
dressed data-view heterogeneity through algorithmic strate-
gies. One class of solutions uses imputation or data aug-
mentation to synthetically complete missing features across
clients, enforcing input compatibility during training (Mo-
laei et al. 2024). However, this can introduce artificial noise
that distorts clinical signals and undermines model reliabil-
ity. Another class of methods bypasses alignment entirely by
learning shared latent representations across clients (Thakur
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Figure 1: Data-view heterogeneity across clients. Top: Each
institution maintains incompatible tabular schemas with
non-overlapping features. Bottom: Symbolic transformation
into knowledge graphs.

et al. 2024; Ye et al. 2023). While this abstraction facilitates
global training over mismatched schemas, the latent mod-
ules are often trained locally, relying on client-specific data
to encode clinical semantics, potentially resulting in incon-
sistent representations, obscured relationships, and reduced
interpretability (Ahmad, Eckert, and Teredesai 2018; All-
gaier et al. 2023).

To overcome the limitations of existing methods, this pa-
per proposes a shift in how clinical data are represented.
Rather than representing EHRs as fixed-length feature vec-
tors, we model them as symbolic structures, specifically, het-
erogeneous knowledge graphs (Peng et al. 2023; Abu-Salih
et al. 2023; Rotmensch et al. 2017) that encode patients
and clinical variables as typed entities linked by semantic
relationships (Figure 1). This symbolic perspective reflects
the inherently relational nature of clinical data, where val-
ues such as blood pressure acquire meaning only in con-
text, for example, in relation to medications, co-morbidities,
or symptoms. Each client constructs its own knowledge
graph from locally available data. While variations in lo-
cal data lead to differences in graph topology across clients,
all graphs conform to a shared ontology of entity and rela-
tion types. This unified representation addresses data-view
heterogeneity without requiring manual input alignment or
schema harmonisation, and can also accommodate modal-
ity heterogeneity, where clients may have access to different
subsets of modalities, such as structured variables, clinical
notes, or physiological signals, depending on local infras-
tructure.

Building on this foundation, we design a symbolic-neural
hybrid architecture tailored to the characteristics of clin-
ical data, which are often incomplete, irregular, and se-
mantically structured. By operating on symbolic graphs,
the same graph-based model can naturally adapt to client-
specific feature sets and topologies, enabling decentralised
training without requiring aligned input spaces or custom
architectures. The shared ontology ensures semantic con-

Method Alignment
Strategy Interpretability

FedAvg Manual ✗
Hypernet Implicit ✗
LG-FedAvg Projection ✗
AGAT-FL Augmentation ✗
Knowledge Filtering Projection ✗
NS-FL (Ours) Semantic (Ontology) ✓

Table 1: Comparison of Neuro-symbolic FL with existing
methods in terms of data-view heterogeneity and clinical in-
terpretability.

sistency across structurally distinct graphs, allowing global
coordination through standard federated optimisation tech-
niques such as Federated Averaging (FedAvg) and Federated
SGD (FedSGD). Beyond structural flexibility, the proposed
architecture also supports interpretability. The explicit graph
schema provides transparency at the type level, and a learn-
able feature mask highlights the relevance of clinical vari-
ables on a per-client basis.

This paper makes the following key contributions:

• Introduces a symbolic representation of EHRs as hetero-
geneous knowledge graphs, enabling FL across clients
with data-view and modality heterogeneity.

• Proposes a neuro-symbolic architecture that performs
relation-aware inference over client-specific graphs via
attention-based message passing.

• Incorporates a feature-aware interpretability mechanism
using learnable feature masking and graph semantics to
identify clinically relevant variables.

Earlier Studies
Most FL frameworks assume consistent input schemas
across clients, though some methods tolerate data-view het-
erogeneity as a by-product of their design (Yang et al. 2019;
Zhu et al. 2021). For instance, Local-Global Federated Av-
eraging (LG-FedAvg) addresses model heterogeneity by al-
lowing clients to maintain distinct local architectures while
sharing a global classification head (Liang et al. 2020; Ye
et al. 2023). This setup incidentally enables projection into
a shared latent space without input alignment. However,
purely local representation learning often leads to inconsis-
tent abstractions, poor knowledge transfer, and limited gen-
eralisation across divergent schemas. Hypernetwork-based
FL (Shamsian et al. 2021) offers an alternative by train-
ing a central hypernetwork to generate personalised model
weights based on each client’s data view. While theoreti-
cally well-suited to input disparity, it introduces high train-
ing complexity, minimal inter-client knowledge sharing, and
tight coupling to model architecture.

In contrast, a smaller set of methods are explicitly de-
signed for data-view heterogeneity. The Augmented Graph
Attention Network (AGAT) framework combines synthetic
feature alignment with graph attention to prioritise informa-
tive features during message passing (Molaei et al. 2024).
Though effective under schema mismatch, AGAT depends
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on heuristic graph construction and synthetic augmenta-
tion, which may obscure clinical semantics and limit inter-
pretability. The knowledge abstraction and filtering frame-
work instead maps local features into a shared latent space
using encoders conditioned on a global trainable knowl-
edge vector (Thakur et al. 2024). This promotes consistency
across clients and improves information transfer, but the re-
liance on learned abstractions may reduce transparency and
fidelity to original clinical relationships.
COMPARISON TO THE PROPOSED METHOD: Unlike prior
approaches that depend on latent projection or synthetic aug-
mentation, the proposed method enables federated learn-
ing across heterogeneous client schemas by leveraging a
shared ontology for semantic alignment, while also provid-
ing variable-level interpretability to identify clinically rele-
vant features at each client site (see Table 1).

Method
This section presents the proposed neuro-symbolic frame-
work for federated modelling across clients with non-
aligned, heterogeneous data views. We first outline how each
client represents its local EHR data using a symbolic rela-
tional graph and applies neural inference for local predic-
tive modelling (Choi et al. 2017). We then describe how this
modelling framework is integrated into a FedSGD-based
protocol to support decentralised training.

Neuro-symbolic Modelling
Each federated client (i.e., participating medical institution)
represents its local EHR data as a symbolic relational graph
and employs a relation-aware neural architecture with built-
in interpretability to process this graph for local prediction
tasks:

Symbolic Data Modelling: We model clinical data as a
symbolic system comprising typed entities and semantic re-
lations, capturing the inherently relational structure of med-
ical knowledge. Each client constructs a local knowledge
graph Gk = (Vk, Ek) from its tabular dataset Dk, where
vp ∈ Vpatient

k denotes patient nodes and vf ∈ V feature
k denotes

clinical feature nodes. The initial representation of each pa-
tient node is given by h

(0)
vp = ϵp, where ϵp ∼ N (0, I) is

a random vector in Rdh . The initial representation of each
feature node is given by h

(0)
vf = mf · Emb(f), where f de-

notes a discrete feature identifier (e.g., "heart rate"),
Emb(f) ∈ Rdh is a trainable vector retrieved from a shared
embedding table (described later), and mf ∈ [0, 1] is a learn-
able scalar mask.

To define the structure of the local graph Gk = (Vk, Ek),
we specify a lightweight relational schema that governs how
nodes are connected. The edge set Ek comprises typed edges
instantiated from the following three core clinical relations:
• has feature(vp, vf ): indicates that patient vp exhibits

feature f , with edge weights corresponding to the ob-
served value.

• of patient(vf , vp): the reverse of has feature, en-
abling bidirectional information flow between patients and
features.

• similar to(vp, v′p): connects similar patients based on
observed feature vectors using k-nearest neighbours, with
weights reflecting similarity scores.
Each client instantiates these relations independently

from its own tabular dataset Dk, constructing the local graph
Gk whose edges reflect the available observations. While the
relational schema is globally defined and shared across all
clients (see Figure 2), the resulting graph structure is client-
specific, allowing flexible construction without requiring
schema alignment and thereby accommodating data-view
heterogeneity. This schema-driven design captures both the
relational structure of EHRs and the computational needs
of relation-aware GNNs: bidirectional edges between pa-
tients and features enable effective message passing, and
similarity-based connections act as an inductive bias, en-
couraging patients with similar profiles to produce similar
predictions. Together, these properties improve the robust-
ness and generalisability of local models.

Relation-aware Graph Processing: To learn from the
symbolic knowledge graph Gk, we leverage a relation-aware
graph neural network (GNN) that performs message passing
over typed edges. To reflect differences in predictive signal,
the architecture employs a heterogeneous attention mecha-
nism that weighs both relation types and individual edges
within each type (Veličković et al. 2017; Schlichtkrull et al.
2018). For example, among feature-related edges, the model
may attend more to lymphocyte count than to total bilirubin
in the context of COVID-19 prediction. This design enables
the model to focus on the most informative relations and
neighbours when updating patient representations.

This relation-aware architecture is implemented as a two-
layer heterogeneous GNN that performs attention-based
relation-specific updates. At each layer ℓ, the embedding of
node u ∈ Vk is updated as:

h(ℓ+1)
u = σ

∑
r∈R

∑
v∈Nr(u)

α(r)
uvW

(r)h(ℓ)
v

 (1)

where R = {has feature, of patient, similar to} is the set
of relation types, Nr(u) denotes the neighbours of u under
relation r, W(r) ∈ Rdh×dh is a relation-specific transfor-
mation, and σ is a nonlinearity (e.g., ReLU). The attention
weight α(r)

uv quantifies the importance of node v’s message
to node u under relation r, and is computed as:

e(r)uv = LeakyReLU
(
a(r)⊤

[
W(r)h(ℓ)

u ∥W(r)h(ℓ)
v

])
(2)

α(r)
uv =

exp(e
(r)
uv )∑

v′∈Nr(u)
exp(e

(r)
uv′)

(3)

where a(r) ∈ R2dh is a relation-specific attention vector and
∥ denotes concatenation.

After two rounds of message passing, the final embedding
h
(L)
vp ∈ Rdh of each patient node vp is used for prediction.

A linear layer followed by a sigmoid activation produces the
predicted outcome:

ŷp = σ
(
Wouth

(L)
vp

+ b
)

(4)
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Figure 2: Overview of the proposed neuro-symbolic federated learning framework. Each client k constructs a local heteroge-
neous knowledge graph Gk = (Vk, Ek) from its private EHR dataset Dk, with patients and clinical features represented as typed
entities linked by semantic relations. Feature nodes use masked embeddings modulated by a learnable importance vector m,
and patient nodes are updated via relation-aware message passing using a heterogeneous GAT (Wang et al. 2019). The resulting
embeddings are used for local outcome prediction.

where Wout ∈ R1×dh and b ∈ R are learnable parameters.
The model is trained end-to-end using binary cross-entropy
loss computed over labelled patient nodes, optimising the
GNN parameters, output layer, trainable embeddings and
feature masks.

Feature-aware Interpretability: To address differences
in feature availability and relevance across clients, we lever-
age the feature mask vector m = [m1, . . . ,mm]⊤ intro-
duced during graph construction. Each scalar mf ∈ [0, 1]
modulates the initial embedding of feature node f , and is op-
timized during training to reflect the relative importance of
that feature in the local context. These learned mask values
serve as an intrinsic mechanism for interpretability, enabling
the model to highlight which features contribute most to pre-
dictions at each site. At inference time, m can be visualized
as a saliency map, offering client-specific insight into model
behaviour without relying on post-hoc explanation methods.

Extension to Time-Series Data: The proposed symbolic
modelling framework extends naturally to time-series data
by treating each time step as a separate snapshot. This yields
a sequence of symbolic graphs that capture temporal dynam-
ics across time. At each step, a graph is constructed from
observed feature–patient relations.

Federated Training Protocol
We incorporate the proposed neuro-symbolic modelling in
a standard FedSGD setup, where server-side and client-side
operations can be described as:

Server-side Processing: The server initiates the federated
learning process by defining the global model architecture,
initializing its parameters θ, and distributing them to all
clients at the start of training. Before training begins, the
server also constructs a global feature dictionary F , which
assigns each clinical feature name (e.g., age, BP, etc.) a
unique integer index:

F : feature name 7→ {0, 1, . . . , |F| − 1}. (5)
This dictionary is shared with all clients once during ini-
tialization and remains fixed throughout training. It provides

a consistent indexing scheme for feature nodes, enabling
clients to initialise feature node embeddings in a uniform
manner, despite differences in local feature availability.

At the beginning of each communication round t, the
server transmits the current global model parameters θ(t)

to all participating clients. After receiving local gradient
updates ∆θi, the server performs a weighted aggregation,
where each client’s contribution is proportional to the size
of its dataset, and updates the global model as:

θ(t+1) = θ(t) − η ·
N∑
i=1

ni

ntotal
∆θi, (6)

where η is the global learning rate, ni is the number of sam-
ples at client i, and ntotal =

∑N
j=1 nj is the total number of

samples across all clients.

Client-side Processing Every kth client receives the ini-
tialised model parameters and the shared feature dictionary
F . Before federated training, the client computes its sym-
bolic knowledge graph Gk from local dataset Dk, as dis-
cussed earlier. Using dictionary F , local feature names are
mapped to indices for retrieving embeddings from a train-
able table of size |F|× dh. Only embeddings corresponding
to locally observed features are accessed and updated, and
each is modulated by a learnable scalar mask mf ∈ [0, 1] to
enable feature-wise interpretability.

During the tth training round, the client receives the latest
model parameters θ(t) from the server. It initialises its local
model as θk = θ(t) and trains it for multiple epochs over Gk:

θ
′

k = θk −∇θkLk(θk), (7)

where Lk(θ) is a task-specific objective function defined
over the client’s graph Gk. Then, the resulting gradient for
global model update is computed as: ∆θk = θ(t)−θ

′

k, which
is transmitted to the server at the end of training round.

Theoretical Analysis
This section formalises the guarantees offered by the pro-
posed neuro-symbolic FL framework. We present three the-
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orems that jointly establish: (i) invariance to schema het-
erogeneity, (ii) structural advantage of symbolic modelling,
and (iii) generalisation benefits induced by the feature-aware
masking mechanism.

Schema Invariance
We first establish that the proposed framework is robust to
data-view heterogeneity.

Theorem 1 Let F denote the global feature dictionary, and
let Fk ⊆ F be the subset observed at client k. Each client
constructs a symbolic graph Gk from its local data and de-
fines a local loss Lk(θ) over predictions gθ(Gk, p) for pa-
tient nodes p ∈ VP, where gθ is relation-aware GNN pa-
rameterised by θ. Assume G̃k is a schema-completed graph
obtained by adding isolated nodes, without incident edges,
for each unobserved feature f ∈ F \Fk. Then the following
holds:

1. Forward-pass invariance:

gθ(Gk, p) = gθ(G̃k, p)

2. Gradient invariance:

∇θLk(Gk) = ∇θLk(G̃k), ∇θLk[f ] = 0 ∀f /∈ Fk.

Therefore, feature disparity does not affect the predictions
or parameter updates, and the federated training converges
identically without any schema alignment or imputation.

Optimal Risk under Symbolic Modelling
Next, we compare symbolic models to those that oper-
ate on vectorised inputs derived from tabular data, without
capturing relational structure. Assuming a relational data-
generating process, we show that symbolic predictors, which
reason over typed graphs, achieve lower population risk un-
der this setting.

Theorem 2 Let G denote the space of typed symbolic
graphs, and let Hsym be the class of node-level predictors
that map (G, p) 7→ ŷ, where G ∈ G and p is a patient
node in G. Let Hflat denote the class of flat models that
operate on vectorised representations Φ(G, p) ∈ Rm ob-
tained by flattening the neighbourhood of p in G. Assume
the data-generating distribution D is over triples (G, p, y)
with G ∈ G, p ∈ VP, and label y ∈ Y . Let R(h) :=
E(G,p,y)∼D[ℓ(h(G, p), y)] denote the expected risk. Then:

inf
h∈Hsym

R(h) ≤ inf
h∈Hflat

R(h). (8)

Feature Masking and Generalisation Bounds
Finally, we examine the generalisation impact of learnable
feature masks. Beyond interpretability, the mask acts as an
information bottleneck that limits overfitting. We provide an
information-theoretic bound that connects generalisation er-
ror to the mutual information between original and masked
features.

Theorem 3 Let (G, p, y) ∼ D, where G is a symbolic
graph, p ∈ VP is a patient node, and y ∈ Y is its label. Let
x = ϕ(G, p) ∈ Rd denote a feature vector extracted from

the neighbourhood of p in G, and let x̃ = m ⊙ x, where
m ∈ [0, 1]d is a learned or sampled masking vector. Assume
fθ is a deterministic predictor and the loss ℓ(fθ(x̃), y) is
bounded in [0, B]. Then, for any δ ∈ (0, 1), with probability
at least 1− δ over n i.i.d. samples:

E(G,p,y)∼D[ℓ(fθ(x̃), y)] ≤ 1

n

n∑
i=1

ℓ(fθ(x̃i), yi)

+

√
2B2

n
I(X̃;X) +

2B2 log(1/δ)

n
, (9)

where X and X̃ denote the random variables corresponding
to x and x̃ respectively, and I(X̃;X) is the mutual informa-
tion between them.

Experiments
Datasets
We evaluate the proposed framework on four healthcare
datasets:
• CURIAL DATASETS: A collection of four datasets from

distinct NHS Trusts, each considered a federated client,
containing vital signs and blood test results for COVID-
19 prediction (Soltan et al. 2023).

• EICU & MIMIC-III: eICU is a multi-centre ICU
database (Pollard et al. 2018; Tang et al. 2020); we se-
lect the top 50 hospitals to simulate federated clients for
4-hour shock prediction using time-series data. MIMIC-
III (Johnson et al. 2016; Harutyunyan et al. 2019) is used
to simulate 15 clients with heterogeneous data schemas
for 48-hour ICU mortality prediction.

• MC-MED: A multi-modal emergency department dataset
partitioned into three clients with differing modality avail-
ability, used for early stroke prediction (Kansal et al.
2025).

The MC-MED dataset exhibits inherent data-view hetero-
geneity across clients. For the remaining datasets, we simu-
late it by randomly dropping features at selected clients.

Baselines & Performance Evaluation
We compare our framework against both federated and non-
federated baselines. As a non-collaborative reference, each
client independently trains a neural network on its local data.
Among federated methods, we include FedAvg (McMahan
et al. 2017), using a manually aligned feature subset to
ensure a consistent input space, as well as heterogeneity-
aware approaches, Hypernet (Shamsian et al. 2021), LG-
FedAvg (Liang et al. 2020), AGAT (Molaei et al. 2024),
and Knowledge Filtering (Thakur et al. 2024), which ad-
dress schema and representation mismatches via distinct
mechanisms. Performance is evaluated using AUROC and
AUPRC, averaged across clients and over five runs, with
standard deviations shown as error bars.
EVALUATION SCENARIOS: We evaluate the proposed
framework alongside baseline methods under two federated
settings: (i) Standard, which assesses performance in con-
ventional FL scenarios with aligned feature spaces; and (ii)
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Figure 3: Performance comparison under standard and data-view heterogeneity scenarios across CURIAL, eICU and MIMIC-
III datasets.

Data-view Heterogeneity, where clients possess differing lo-
cal features, testing each method’s ability to operate without
manual harmonisation.

Results and Analysis
Performance on CURIAL, eICU, and MIMIC-III
The results across the CURIAL, eICU, and MIMIC-III
datasets are presented in Figure 3. The proposed framework
demonstrates consistently strong performance in both Stan-
dard and Data-View Heterogeneity scenarios. In the Stan-
dard setting, across all datasets, it achieves marginal yet con-
sistent improvements over all baselines, showing that our
symbolic and personalized design is fully compatible with
standard FL and performs at least as well as established FL
methods in aligned feature spaces.

Under the Data-View Heterogeneity scenario, FedAvg ex-
hibits a consistent performance drop, even falling behind
standalone models. This degradation is primarily due to fea-
ture loss incurred when aligning client data views, providing
empirical support for the need for frameworks that explic-
itly address data-view heterogeneity. In contrast, The pro-
posed method, along with other baselines designed to op-
erate under heterogeneous data views, achieves substantial
improvements over FedAvg–highlighting the overall impor-
tance of accommodating feature-view variability in feder-
ated settings.

Compared to other baselines equipped with mechanisms
to handle data-view heterogeneity, the proposed framework
maintains performance levels close to the Standard setting,
demonstrating strong robustness to sparsity and feature non-
overlap. Compared to Knowledge Filtering (strongest base-
line), the proposed framework achieves relative improve-
ments of 1.5% in AUROC and 2.1% in AUPRC on CU-
RIAL, 5.0% in AUROC and 22.4% in AUPRC on EICU,
and 1.2% in AUROC and 9.5% in AUPRC on MIMIC-III.
These gains highlight the robustness of symbolic modelling
and relation-aware inference compared to the latent projec-
tion and data augmentation strategies employed by existing
baselines.

Performance on MC-MED
The MC-MED dataset presents a realistic federated setting
in which each client observes a different subset of modali-
ties. Clients are assigned combinations of static features, vi-
tal sign time series, and PPG waveforms: Client 1 has access
to all three; Client 2 lacks PPG; and Client 3 relies solely on
static features. To accommodate modality-specific process-
ing, time series and waveform inputs are first embedded us-
ing pre-trained models before constructing symbolic graphs.
This structured heterogeneity makes global feature align-
ment infeasible, as enforcing a common input space would
require discarding modality-specific information, effectively
reducing the task to a unimodal setting.

Interestingly, the proposed framework yields the largest
absolute improvements on clients with fewer available
modalities. On Clients 2 and 3, operating with two and one
modality, respectively, we observe AUROC gains of 0.18
and 0.09, and AUPRC gains of 0.004 and 0.048 over the
strongest baseline (Knowledge Filtering). These gains high-
light the model’s ability to maintain performance despite re-
duced input richness, enabled by flexible graph-based mod-
elling that adapts to each client’s available modalities. In
contrast, Client 1, which has access to all three modali-
ties, already performs well under baseline methods, yield-
ing smaller gains of 0.01 in AUROC and 0.006 in AUPRC
(Table 2). While the overall AUPRC remains low due to
severe class imbalance, the consistent improvements under-
score the framework’s effectiveness in handling sparse and
disjoint inputs in realistic federated settings.

Feature-Level Interpretability on CURIAL
As shown in Figure 4, our neuro-symbolic framework
provides feature-level interpretability by assigning client-
specific importance scores to clinical variables. While fea-
tures such as oxygen delivery device and white cell count
are consistently identified as important across multiple sites
(BH, OUH, and PUH), each client also exhibits a distinct
attribution profile shaped by its local data distribution. For
instance, UHB assigns higher importance to alkaline phos-
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CLIENT METRIC
STANDALONE

DNN FEDAVG HYPERNET
LG-

FEDAVG AGAT
KNOWLEDGE

FILTERING PROPOSED

CLIENT 1 AUROC 0.700 ± 0.010 0.714 ± 0.011 0.692 ± 0.009 0.699 ± 0.010 0.789 ± 0.010 0.804 ± 0.009 0.813 ± 0.004
AUPRC 0.011 ± 0.003 0.018 ± 0.002 0.017 ± 0.002 0.010 ± 0.002 0.012 ± 0.002 0.018 ± 0.002 0.024 ± 0.001

CLIENT 2 AUROC 0.610 ± 0.015 0.669 ± 0.017 0.698 ± 0.014 0.603 ± 0.015 0.645 ± 0.013 0.542 ± 0.018 0.721 ± 0.005
AUPRC 0.003 ± 0.002 0.004 ± 0.001 0.005 ± 0.001 0.007 ± 0.001 0.006 ± 0.001 0.004 ± 0.001 0.008 ± 0.001

CLIENT 3 AUROC 0.710 ± 0.012 0.716 ± 0.014 0.707 ± 0.013 0.722 ± 0.012 0.724 ± 0.011 0.765 ± 0.015 0.851 ± 0.003
AUPRC 0.011 ± 0.004 0.013 ± 0.002 0.012 ± 0.003 0.019 ± 0.004 0.013 ± 0.004 0.010 ± 0.002 0.059 ± 0.001

AVERAGE AUROC 0.673 ± 0.009 0.700 ± 0.011 0.699 ± 0.011 0.675 ± 0.011 0.719 ± 0.011 0.704 ± 0.014 0.795 ± 0.004
AUPRC 0.008 ± 0.003 0.012 ± 0.002 0.011 ± 0.002 0.012 ± 0.002 0.011 ± 0.003 0.011 ± 0.001 0.030 ± 0.001

Table 2: Performance (mean ± std) of all methods on the MC-MED dataset under modality-level heterogeneity. Each row shows
results for a client-metric pair. Bold indicates best-performing method.

Figure 4: Client-specific radar plots of learned feature im-
portance.

phatase, oxygen saturation, and haematocrit, reflecting pat-
terns unique to its patient population or clinical practices.
In contrast, PUH presents a more uniformly distributed pro-
file, indicating reliance on a broader set of features. These
variations demonstrate the model’s ability to personalize in-
ference without sacrificing global consistency. Importantly,
the repeated identification of certain variables across sites
underscores their shared clinical relevance, while the lo-
cal variation highlights the framework’s capacity to adapt
to real-world heterogeneity without requiring centralised
schema alignment.

Impact of Symbolic Structure and Learnable
Relations
We conduct an ablation study to assess the contribution of
symbolic structure and learnable relational inference in our
framework by evaluating three graph construction strate-
gies across clients on the CURIAL datasets: (1) our pro-
posed method, which uses heterogeneous knowledge graphs
with learnable feature embeddings and relation-specific at-
tention; (2) a non-learnable variant that retains symbolic
structure but disables learned embeddings and attention; and

Figure 5: Client-wise validation AUROC comparison across
graph types.

(3) a homogeneous graph baseline that flattens the struc-
ture by removing semantic typing and treating all nodes
and edges as identical. As shown in Figure 5, the proposed
method consistently achieves the highest AUROC on all
clients. Performance degrades when learnable feature rele-
vance and relation weighting are disabled, highlighting the
utility of adaptive message passing. The largest performance
drop is observed in the homogeneous graph variant, con-
firming that preserving symbolic heterogeneity is critical for
effective learning in settings with complex, client-specific
data schemas. A similar trend is observed for the MC-MED
dataset.

Conclusion

This paper introduced a neuro-symbolic federated learn-
ing framework for robust and interpretable clinical mod-
elling across clients with heterogeneous data-views. Each
client’s EHR is represented as a typed knowledge graph, en-
abling relation-aware message passing with learnable fea-
ture relevance and federated training without schema align-
ment. Experiments on four clinical datasets show consistent
gains, especially for clients with sparse modalities. The sym-
bolic design preserves clinical semantics, enhances client-
specific interpretability, and lowers the barrier to FL par-
ticipation, especially for resource-constrained sites. While
the primary focus was addressing data-view heterogene-
ity, the framework remains fully compatible with privacy-
preserving techniques such as secure aggregation and dif-
ferential privacy. Future work will explore ontology-guided
graph construction and better calibration for imbalanced out-
comes to advance equitable and trustworthy clinical AI.
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