
FedMed: Federated Learning-Based Personalized and Safe
Medication Recommendation

Anchen Li∗
Department of Computer Science,

Aalto University
Espoo, Finland

anchen.li@aalto.fi

Elena Casiraghi
Department of Computer Science,

Aalto University
Espoo, Finland

Department of Computer Science,
University of Milan

Milan, Italy
Environmental Genomics and

Systems Biology Division, Lawrence
Berkeley National Lab
Berkeley, United States
elena.casiraghi@unimi.it

Juho Rousu
Department of Computer Science,

Aalto University
Espoo, Finland

Helsinki Institute for Information
Technology, University of Helsinki

Helsinki, Finland
juho.rousu@aalto.fi

Abstract
Medication recommendation for patients with multimorbidity is
an essential task for AI in healthcare. Existing works rely on cen-
tralized storage of all patient clinical records (e.g., diagnoses and
procedures) to develop a centrally managed medication recommen-
dation model. However, this setting exposes sensitive patient data
to privacy risks and potential leakage. To address this issue, we
propose FedMed, a privacy-preserving, personalized, and safe med-
ication recommender based on federated learning. In FedMed, each
patient client develops a prediction module using its private clini-
cal records for medication recommendation, and a self-supervised
strategy is further introduced to alleviate record data sparsity. On
the server side, the global server performs a personalized graph-
guided aggregation mechanism for updating and synchronizing
client public parameters without accessing patient private informa-
tion, thereby preserving privacy. In addition, our FedMed mitigates
adverse interactions between medications, known as drug-drug
interaction (DDI), by incorporating DDI regularization at the client
and server sides to promote predicted medication safety. The re-
sults on the two Electronic Health Records (EHR) datasets show the
effectiveness of our federated medication recommender FedMed.

CCS Concepts
• Information systems → Recommender systems; • Applied
computing → Health care information systems.
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1 Introduction
Multimorbidity, where a patient has multiple chronic or acute medi-
cal conditions, is increasingly common and creates major challenges
for healthcare, particularly in medication management [31, 40]. For
such patients, the medication recommendation task aims to select
an appropriate combination of drugs based on their clinical records
(e.g., diagnoses and procedures) from hospital visits [37]. Mean-
while, the growing availability of healthcare data (e.g., electronic
health records) provides new opportunities to develop more accu-
rate medication recommender systems. This trend has also driven
the emergence of commercial health IT platforms (e.g., Merative1).

To recommend proper drugs, traditional approaches are mainly
based on rule-driven protocols developed by clinicians following
medical guidelines or their own experience [3, 7], but these manu-
ally designed protocols are time-consuming to develop and difficult
to update or apply in practice. Recently, researchers propose deep
learning-based medication recommenders that use different neu-
ral components (e.g., transformers [48], recurrent neural networks
[43], and memory networks [34]) to model patient clinical records
and achieve better performance than traditional methods.

Notably, most existing medication recommenders rely on central-
ized storage of all patient clinical records for model training. Since
patient data contains sensitive information, this centralized setting
may lead to privacy risks and has raised increasing social and regu-
latory concerns (e.g., General Data Protection Regulation [32]). To
this end, we adopt federated learning [22], a privacy-preserving
paradigm that avoids sharing private patient data, for medication
recommendation. In this paradigm, each local patient client trains
the recommender model using its private clinical records, while
a global server coordinates the training process by synchronizing
public parameters across clients. As a result, privacy protection is
achieved because patient information remains on local clients.

However, deploying medication recommendation in the feder-
ated learning framework faces three challenges. First, since clients
1https://www.merative.com/
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in federated learning settings usually have limited computational
resources [12, 23], client models should be simple and lightweight.
Thus, directly adapting existing medication recommender models
[34, 42, 43, 48, 50], which often use complex neural architectures,
can be computationally demanding and may not fit well in such
settings. Moreover, each client is trained only on its local patient
records, which are often sparse and not enough for effective client
training, especially for complex models that can easily overfit and
show worse performance. Second, most federated learning methods
use averaging aggregation ideas [24, 29] on the server for client up-
dates, which overlook patient latent correlations and fail to support
personalized refinement of patient clients. Third, the recommended
medication set should ensure safety by mitigating harmful drug-
drug interactions (DDI), which requires careful integration into the
design of both patient clients and the global server.

To this end, we propose FedMed, a privacy-preserving, person-
alized, and safe federated medication recommender. On the client
side, we consider patient diagnoses and procedures as private data
and model them using a simple yet effective attention-based multi-
pooling module to represent patient health conditions, which then
interact with a public drug embedding parameter matrix to gener-
ate medication recommendation predictions, and we further design
a self-supervised learning strategy based on diagnosis and pro-
cedure records to provide additional supervision signals. On the
server side, we use public drug parameters from clients to build
a patient relation graph without privacy exposure and design a
graph-guided aggregation mechanism for client synchronization
and updating, which promotes personalized patient modeling. We
also introduce DDI regularization on both client and server sides to
mitigate harmful adverse interactions in recommended medication
sets. To evaluate our method FedMed, we perform experiments on
two real-world EHR datasets, and results show that our FedMed
achieves strong performance. Ablation studies further validate the
rationality of the components designed in FedMed.

To summarize, our contributions in this work are as follows:
• We propose FedMed, a privacy-preserving, personalized, and
safe medication recommender, which introduces and investigates
federated learning in medication recommendation.

• We address three challenges in federated medication recommen-
dation by introducing self-supervised learning on the client to
alleviate data sparsity, graph-guided aggregation on the server
for personalized client updating, and DDI regularization on client
and server sides to improve medication recommendation safety.

• Extensive experimental results on two real-world EHR datasets
demonstrate the effectiveness of our FedMed framework.

2 Preliminaries
In this section, we define some definitions and introduce the back-
ground for medication recommendation and federated learning.

2.1 Medication Recommendation
Given patient setU, diagnosis set D, procedure set P, and medica-
tion set M with their elements u ∈ U, d ∈ D, p ∈ P, andm ∈ M,
we introduce the data and problem formulation for this task:

Electronic Health Records (EHR): such data is denoted as a set
X, where element Xu ∈ X is the EHR of patient u ∈ U. For Xu , it

is also a set, and each element x iu ∈ Xu denotes a visit of patient u.
For visit x iu , it is defined as x iu = {Di

u ,P
i
u ,M

i
u }, where Di

u ⊂D,
Pi
u ⊂P, andMi

u ⊂M are the diagnosis, procedure, and medication
records associated with visit x iu , respectively.

Drug-Drug Interaction (DDI) Matrix: a symmetric matrix T ∈

{0, 1} |M |×|M | is utilized to denote adverse DDI, where ti j ∈ T
equals 1 if medicationmi andmj interact, and ti j = 0 otherwise.

Problem Formulation: for patient u, given entire historical EHR
X and DDI matrix T, along with diagnosis and procedure sets (i.e.,
Du and Pu ) at the target visit of patient u, general medication
recommendation aims to predict medication set Mu for this visit.

2.2 Federated Learning
As a secure distributed paradigm, federated learning trains a global
server model to support multiple client models while keeping their
data private. To be specific, given N clients, the goal of federated
learning [23, 29] is to minimize the accumulated loss of all clients
as: minL =

∑N
i=1 αiLi (θ ), where Li (·) and αi are the loss function

and weight for the i-th client, and θ is the client parameter. We
design our method based on this federated learning framework.

3 Methodology
We propose FedMed, a medication recommender based on federated
learning, which contains two key components, the client and server.
As shown in Figure 1, each communication round of FedMed has
four steps. First, client model training is performed. Second, clients
upload relevant parameters to the server. Third, the server aggre-
gates and updates the received parameters from the clients. Fourth,
the server distributes the updated parameters back to the clients.
In what follows, we first introduce the four steps of our FedMed,
then describe the overall optimization and complexity analysis.

3.1 Client Model Training (Step 1)
We treat each patient as a client under the federated learning setting.
To be specific, each patient client model includes three key parts: a
medication prediction module, a contrastive learning strategy, and
a drug-drug interaction (DDI) constraint.

3.1.1 Medication Prediction Module. For patient u, this mod-
ule learns a function Fu that takes diagnosis and procedure records
(Du and Pu ) as input to predict the required medication set M̂u :

M̂u = Fu (Du ,Pu |Xu ,T,Θu ), (1)

where Θu is the parameters of Fu and Xu is the EHR of patient u.
We can observe that, compared with the general medication rec-

ommendation models (i.e., the problem formulation in Section 2.1),
our module (i.e., Eq.(1)) utilizes patient’s own records (i.e., Xu ) and
the local model parameter (i.e., Θu ) for prediction, which avoids
the exposure of sensitive data and protects patient privacy.

Some existing medication recommendation models [42, 43, 48,
50] can be directly applied to this module. However, many of them
adopt complex architectures. In federated learning, the client model
should be lightweight, as client devices typically have limited com-
putational resources. Moreover, patient records on each client are
often sparse, which makes complex models prone to overfitting.
Therefore, we design a simple and effective attention-based multi-
pooling (AMP) module to implement the function Fu . Specifically,
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Figure 1: Left: The overall FedMed framework, with four steps per communication round. Right: Details of three components.

for patient u, AMP models patient’s diagnosis and procedure repre-
sentations ed∗u and ep∗u based on Du and Pu , as follows:

ed∗u = AMP(Du ) =
∑

Poolψ ∈Ψ
πDψ · Poolψ

(
di ,∀di ∈Du

)
,

ep∗u = AMP(Pu ) =
∑

Poolψ ∈Ψ
π P
ψ · Poolψ

(
pi ,∀pi ∈ Pu

)
,

(2)

where di and pi are embeddings looked up by IDs of diagnosis
di and procedure pi ; Poolψ ∈ Ψ is a pooling function, and func-
tion set Ψ contains three operations (i.e., mean, max, capsule pool-
ings), which model the set structured data from different perspec-
tives. Mean and max poolings are commonly used, whereas capsule
pooling follows the formulation in [33]; πD and π P are attention
weights, and πD is defined as follows:

πD
ψ =

exp
(
w⊤Poolψ

(
di ,∀di ∈Du

) )∑
Poolψ ′ ∈Ψ exp

(
w⊤Poolψ ′

(
di ,∀di ∈Du

) ) , (3)

where w is the weight matrix in the attention mechanism. The
definition of π P is similar to πD and is omitted for brevity.

Then, we use an MLP (e.g., two layers) to fuse the patient diagno-
sis and procedure representations ed∗u and ep∗u to obtain the patient
state representation cu , which is then interacted with the medica-
tion embedding table M and passed through a sigmoid function σ
to produce the predicted medication representation m̂u , as:

m̂u = σ (M⊤cu ) ∈ R |M | , cu = MLP(ed∗u ∥ep∗u ), (4)

where ∥ denotes the vector concatenation operation. Here, M is
updated on the server side and then distributed to all clients in the
previous epoch, which will be described in Sections 3.3 and 3.4.

During training, following [43], we first convert ground-truth
medication set Mu into a multi-hot vector mu ∈ {0, 1} |M | , where
each entry indicates whether the correspondingmedication appears
in Mu . We then use mu to penalize predicted representation m̂u :

LREC=−
∑ |M |

i=1

[
mu,i ·log

(
m̂u,i

)
+
(
1−mu,i

)
·log

(
1−m̂u,i

) ]
, (5)

wheremu,i and m̂u,i are the i-th elements of vectors mu and m̂u .

3.1.2 Self-supervised Strategy. As discussed in Introduction
section, client training may suffer from the data sparsity issue. To
this end, we use a self-supervised strategy [13, 17, 19, 20, 27] that
includes data augmentation and contrastive learning to provide
auxiliary supervision signals for model training.

First, for data augmentation, we create different views of patient
u diagnosis and procedure records (i.e., sets Du and Pu ) using two
operations, Drop and Add, which randomly drop and add elements:

D−
u =Drop(Du), D

+
u =Add(Du), P

−
u =Drop(Pu), P

+
u =Add(Pu). (6)

Based on our AMP operation (i.e., Eq.(2)), we obtain the corre-
sponding representations ed+u , ed−u , ep+u , and ep−u , as follows:

ed+u =AMP(D+u ), e
d−
u =AMP(D−

u ), e
p+
u =AMP(P+u ), ep−u =AMP(P−

u ) (7)

which serve as augmented representations of ed∗u and ep∗u in Eq.(2).
Then, based on four vectors above and original representations

ed∗u and ep∗u , a contrastive loss is designed. We treat (ed∗u , e
p∗
u ) as a

positive pair, and all other pairs as negative. The supervision from
positive pairs encourages consistent and aligned representations of
diagnosis and procedure records, while negative pairs improve the
discriminative ability of the model. Following [5], we employ the
InfoNCE loss [8] to increase the agreement between positive pairs
and reduce that between negative pairs, as follows:

LSSL = − log
exp(c(ed∗u , e

p∗
u ))∑

⋆∈{∗,+,−} exp(c(ed⋆u , e
p⋆
u ))
, (8)

where c denotes the cosine similarity between two embeddings.

3.1.3 DDI Regularization. To mitigate the adverse interactions
among the recommended medications, we use a DDI constraint
term [34, 43] in the client model. Given predicted medication vector
representation m̂u (in Eq.(4)), the client DDI loss is defined as:

Lc
DDI =

∑ |M |

i=1

∑ |M |

j=i+1
I(ti j = 1) · m̂u,i · m̂u, j , (9)

where ti j is the element of the DDI matrix T (introduced in Sec-
tion 2.1), I denotes the indicator function, and m̂u,i and m̂u, j are
the i-th and j-th elements of the vector m̂u , respectively.

3.1.4 Loss Function onClient. For patientu, the loss of its client
model contains the medication recommendation loss (i.e., Eq.(5)),
self-supervised loss (i.e., Eq.(8)), and DDI loss (i.e., Eq.(9)), as:

Lclient(u)(Θu ) = LREC + λSSLLSSL + λ
c
DDIL

c
DDI, (10)

where λSSL and λcDDI adjust the contrastive learning and DDI con-
straint strength, respectively, and Θu is the client model parameter,
including the embeddings of diagnosis, procedure, and medication,
as well as the weights in the AMP operation (in Eq.(2)).
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3.2 Client Parameter Upload (Step 2)
After client training, relevant parameters are uploaded to the server
for updates. For medication recommendation, to enhance patient
privacy, our client only uploads the public medication embedding
table (i.e.,M), while patient diagnosis and procedure embeddings
and patient records (i.e., Xu ) are kept locally on the client.

Although uploading only themedication embedding table greatly
improves privacy, the server may still infer private patient infor-
mation from this table, which could be misused to reveal sensitive
data. To this end, inspired by [6], we integrate a differential pri-
vacy technique into the client parameter upload step. We perturb
medication embedding tableM by injecting element wise Laplacian
noise and upload perturbed embedding M̃ to the server, as:

M̃ = M + Zu , zi j ∈ Zu , zi j ∼ Laplace(0,δ ), (11)

where matrix Zu has the same shape asM, zi j ∈Zu is independently
sampled from a zero-mean Laplace distribution with scale δ .

Thus, recovering updated medications from changes in medica-
tion embeddings is difficult, and privacy improves as δ increases.

3.3 Server Model Updating (Step 3)
The server receives medication embedding table (e.g., M̃ in Eq.(11))
from all clients.We denote them as a set: Setmed = {M̃1, · · · , M̃ |U |}.
The server aggregates and updates these parameters via the graph-
guided aggregation, semantic alignment, and DDI regularization.

3.3.1 Graph-guided Aggregation. Traditional server-side fed-
erated learning strategies typically rely on FedAvg [29], which treat
each client equally and learn unified parameters via average ag-
gregation. However, patients usually share similar characteristics
in specific groups, and simple averaging across all patients may
hinder personalized modeling for each patient.

To capture patient correlations and enable personalized model-
ing, we first construct a patient relationship graph G on the server
based on the uploaded parameter set Setmed (defined in Section 3.3).
The key insight is that patients with similar clinical conditions tend
to exhibit similar medication patterns. Moreover, these parameters
can be safely shared without revealing private patient information.

For patient i , we define its neighbor set Ni in G via the process:
we use elements in Setmed to compute the cosine similarity between
patient i and other patients and obtain a similarity vector Si ∈ R |U | ,
and based on Si , we introduce a sampling strategy to construct the
neighborhood Ni of patient i . Formally, this process is as follows:

si j =c(M̃i , M̃j ), si j ∈ Si , Ni =TopK(Si )∪SampleK (π (Si )) , (12)

where c(·, ·) is the cosine similarity; si j is the similarity between
patients i and j; TopK(Si ) selects the indices of the top-K largest
similarity scores in Si as part of neighborhoodNi ; SampleK(π (Si ))
samples K additional indices according to probability distribution
π (Si ) and adds them toNi , and π (·) is the softmax function, which
converts Si into a sampling distribution. In this way, our strategy
preserves the most similar neighbors while maintaining diversity
and exploration, which helps build an informative neighborhood.

Then, based on the constructed neighborhoods of patients, we
build a patient relation graph G. Using G, we design a graph-guided
aggregationmechanism to updatemedication embeddings, enabling
each client to obtain patient-specific medication representations

with the help of neighbors who share similar clinical conditions.
Specifically, for patient i , its medication representation M̃i is up-
dated on G through the neighborhood aggregation [9, 18, 21], as:

M̃l
i = M̃l−1

i +
1

|Ni |

∑
x ∈Ni

M̃l−1
x , Magg

i =
1
L

∑L

l=1
M̃l

i , (13)

where M̃0
i = M̃i is the initial representation, and l and L represent

the aggregation layer index and the total layer number, respectively.
Finally, the server aggregates all neighbor-enhanced medication

representations to obtain the unified medication parameter M∗, as:

M∗ =
1
|U|

∑ |U |

i=1
Magg

i . (14)

Compared with FedAvg [29], the above aggregation strategy
incorporates information from clinically similar patients and gen-
erates more informative medication representations.

3.3.2 Semantic Alignment. This semantic alignment design op-
timizes the aggregated medication parameterM∗ (in Eq.(14)) with
structural semantic information at the molecular level. We first in-
troduce the SMILES strings [4, 15, 16, 41] of medication molecules
(e.g., smilesi for medicationmi ∈ M), which encodes molecular
chemical structure as a sequence of atoms and bonds, then feed
these strings into a molecular representation learning (MRL) model
to obtain structural semantic features (i.e., K), and finally design a
semantic alignment loss LA to incorporate these features into the
medication parameter M∗, as follows:

K=


 |M |

i=1 MRL
(
smilesi

)
, K̃=TSVD(K), LA=



M∗− K̃




2, (15)

where MRL is a pretrained model, for which we use ChemBERT [1],
that takes the SMILES of a medication as input and outputs its
structural semantic representation. The notation ∥

|M|

i=1 denotes con-
catenation over all medication representations to form the semantic
matrix K. Since the dimensionality of K is inconsistent with that of
the medication parameters M∗, we apply truncated singular value
decomposition (TSVD) to project K into the same latent space. Fi-
nally, the semantic alignment loss is defined by minimizing the
Euclidean distance between matrices M∗ and K̃.

3.3.3 DDI Regularization. On the server, we also design a DDI
loss to improve the safety of medication recommendations. Specif-
ically, we encourage medications with interactions to be farther
apart in the embedding space, and we use this idea to regularize
the aggregated medication parameters M∗ (in Eq.(14)), as follows:

Ls
DDI = −

∑ |M |

i=1

∑ |M |

j=i+1
I(ti j = 1) ·



m∗
i −m∗

j




2, (16)

where ti j is the element of the DDI matrix T (introduced in Sec-
tion 2.1), I denotes the indicator function, and vectors m∗

i and m∗
j

are the i-th and j-th rows of the matrixM∗, which correspond to the
representations of medicationsmi ∈ M andmj ∈ M, respectively.

3.3.4 Loss Function on Server. The server includes the seman-
tic alignment loss (i.e., Eq.(15)) and DDI loss (i.e., Eq.(16)), as follows:

Lserver(ΘS ) = LA + Ls
DDI, (17)

where ΘS denotes the parameters of the server. Since we use a pre-
trained MRL model that does not involve any learnable parameters,
ΘS mainly consists of the medication parameter M∗ (in Eq.(14)).
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3.4 Server Parameter Distribution (Step 4)
After updating the medication parametersM∗ (in Eqs.(12)-(17)), the
server distributes them to all clients as the medication embedding
table, which is used in the next round of optimization to produce
the predicted medication representation in Eq.(4).

3.5 Overall Framework Optimization
Our method FedMed consists of the server and client. For the server,
we introduce a loss termLserver(ΘS ) based on Eq.(17). For the client,
based on Eq.(10), we obtain the overall loss as follows:

minLclient =
∑ |U |

u=1
αu · Lclient(u)(Θu ), (18)

in which αu = |Xu |/|X| denotes the fraction of the patient client
training data size relative to the total dataset.

Compared with standard federated learning (introduced in Sec-
tion 2.2), our client model parameters (i.e., Θu ) contain both shared
parameters (i.e., M), which capture relations across clients, and pri-
vate parameters (e.g., weights in AMP), which enable personalized
and privacy-preserving patient modeling, as detailed in Sections
3.1.4 and 3.2. In addition, on the server side, we introduce a seman-
tic alignment loss and a DDI loss to guide parameter optimization,
making the model better suited for medication recommendation.
Finally, our FedMed jointly optimizes the client objective Lclient
and server objective Lserver in an alternating manner.

3.6 Complexity Analysis
We introduce the model size and time complexity of our method.

3.6.1 Time Complexity. The time cost of our FedMed mainly
comes from the client and server sides. On the client side, the cost
is dominated by the medication prediction model, self-supervised
strategy, and DDI loss. The time cost is approximatelyO

(
|U|(Nd +

Np ) ·d +d
2) , whereU is the patient set, Nd and Np are the average

numbers of diagnoses and procedures per patient visit, and d is
the embedding size. On the server side, the time cost is from the
graph-guided aggregation, semantic alignment, and DDI loss, and is
approximatelyO

(
|U| ·L ·K ·d+ |M| ·d

)
, whereM is the medication

set, L is the layer number, and K is the sampled neighbor number.
The experiments (i.e., Section 4.7) measure the actual time cost,
showing that our method is efficient.

3.6.2 Model Size. Since clients in federated learning have lim-
ited computational and storage resources [12, 23], clients should be
simple and lightweight. Some existing medication recommenders
[34, 43, 48, 50] can be utilized as clients, but they introduce many
parameters, which increases training and communication cost. In
this section, we select four representative baselines (also used in ex-
periments) and compare their parameter sizes with our medication
recommendation module. Table 1 presents the comparison results
(only reporting the parameters of model architectures). For consis-
tency, let d be the embedding size, L be the neural network layer
number, |M| be the medication number, д be the gate number of
RNN/GRU/LSTM, |C| be the atom token number in medications, |S|

be the BRICS substructure number, and s̄ the average substructure
number per medication. We observe that the parameter number in
our model is smaller than that of the other baseline methods.

Table 1: Model parameter size comparison.

Model Model Parameter Size
GAMENet [34] (4дL + 2L + 2)d2 + 3d |M |

SafeDrug [43] ((4д + 1)L + 3)d2 + d ( |C | + |S |) + |M |s̄
RASNet [50] ((4д + 2)L + 9)d2 + 2d |M | + 3d
SSPNet [48] ((4д + 24)L + 17)d2 + (6L + 7)d
Our Model (L + 1)d2 + 2d

4 Experiment
In this section, we first introduce the experimental setup and then
conduct experiments to analyze the effectiveness of our FedMed.

4.1 Experimental Setup
This subsection details four aspects of the experimental setup.

4.1.1 Datasets. We adopt two real-world EHR datasets, MIMIC-III
andMIMIC-IV, which have beenwidely used in previous studies [39,
42, 43, 48]. We first obtain the required access certificate from Phy-
sioNet2, then download the MIMIC-III3 and MIMIC-IV4 datasets,
and finally preprocess the two datasets by using the pipeline in
[38, 43]. The dataset statistics are summarized in Table 2.

Table 2: Statistics of the two datasets.
Items MIMIC-III MIMIC-IV

# of patient / clinical visit 6,350 / 15,032 50,635 / 119,176
# of diagnosis/procedure/medicine 1,958 / 1,430 / 112 2,000 / 2,419 / 118

avg. # of diagnosis per visit 10.50 7.98
avg. # of procedure per visit 3.84 2.28
avg. # of medicine per visit 11.64 6.75

4.1.2 Baselines. FedMed consists of two components: the client
model and server design. Therefore, we utilize two baseline types
to evaluate the effectiveness of two components. The first baseline
type includes six medication recommenders for evaluating our
client model, and these baselines are GAMENet [34], SafeDrug [43],
4SDrug [39], RASNet [39], ARMR [42], and SSPNet [48]. The second
baseline type includes four federated learning server-side strategies
for evaluating our server design, and these baselines are FedAvg
[29], FedProx [24], GPFedRec [47], and CASA [26].

The descriptions of client-side baselines are listed as follows:
• GAMENet uses graph-augmented memory networks to model
EHR and DDI graphs for capturing patient information [34].

• SafeDrug uses RNNs to model patient records and incorporates
drug structural information when modeling medications [43].

• 4SDrug designs set-oriented representations and similarity mea-
surements for symptoms and drugs, and introduces knowledge-
based and data-driven penalties to promote safer drug sets [39].

• RASNet adopts a recurrent aggregation neural network to cap-
ture patient historical records and employs a controller on the
DDI loss to enhance the safety of drug combinations.

• ARMR leverages a piecewise temporal learning design to capture
dynamically changing patient conditions.

• SSPNet employs a set-based encoder to represent patient condi-
tions and design a permutation-consistent decoder for prediction.

2https://physionet.org/
3https://physionet.org/content/mimiciii/1.4/
4https://physionet.org/content/mimiciv/3.1/
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Table 3: Jaccard (%) and PRAUC (%) results of different client models with server update operations on MIMIC-III dataset.
Server Operations: FedAvg (AISTATS’17) FedProx (MLSys’20) GPFedRec (KDD’24) CASA (KDD’24) Our Server Design
Client Models: Jaccard (↑) PRAUC (↑) Jaccard (↑) PRAUC (↑) Jaccard (↑) PRAUC (↑) Jaccard (↑) PRAUC (↑) Jaccard (↑) PRAUC (↑)

GAMENet (AAAI’19) 44.73±0.31 65.84±0.14 45.80±0.20 65.98±0.30 46.94±0.28 67.65±0.32 46.13±0.31 67.36±0.29 47.34±0.25 68.03±0.25
SafeDrug (IJCAI’21) 45.32±0.12 67.70±0.15 46.37±0.33 67.94±0.10 45.28±0.27 68.15±0.36 45.45±0.19 67.72±0.30 47.51±0.21 68.79±0.24
4SDrug (KDD’22) 45.91±0.20 75.31±0.21 46.43±0.30 75.08±0.19 47.13±0.30 74.73±0.23 45.91±0.20 72.19±0.28 47.66±0.10 75.44±0.24
RASNet (KBS’24) 46.28±0.22 63.98±0.25 47.63±0.17 66.60±0.24 48.34±0.15 67.67±0.30 46.08±0.18 64.37±0.27 48.81±0.19 68.95±0.31
ARMR (IJCAI’25) 43.15±0.23 69.03±0.26 43.62±0.29 71.20±0.37 42.75±0.27 70.84±0.31 43.49±0.24 68.73±0.27 44.46±0.20 71.79±0.22
SSPNet (IJCAI’25) 46.12±0.25 70.13±0.35 46.04±0.16 70.81±0.29 44.31±0.19 71.35±0.20 45.23±0.23 70.16±0.17 47.73±0.18 72.75±0.26
Our Client Model 48.63±0.20 76.37±0.19 49.54±0.18 76.62±0.14 49.12±0.21 76.74±0.32 48.90±0.15 76.41±0.24 49.63±0.17 77.18±0.16

Table 4: Jaccard (%) and PRAUC (%) results of different client models with server update operations on MIMIC-IV dataset.
Server Operations: FedAvg (AISTATS’17) FedProx (MLSys’20) GPFedRec (KDD’24) CASA (KDD’24) Our Server Design
Client Models: Jaccard (↑) PRAUC (↑) Jaccard (↑) PRAUC (↑) Jaccard (↑) PRAUC (↑) Jaccard (↑) PRAUC (↑) Jaccard (↑) PRAUC (↑)

GAMENet (AAAI’19) 41.68±0.24 63.40±0.19 41.54±0.37 64.20±0.36 41.90±0.15 64.14±0.28 41.44±0.24 63.57±0.29 42.14±0.20 64.56±0.36
SafeDrug (IJCAI’21) 42.74±0.13 68.14±0.20 43.10±0.17 68.57±0.18 43.02±0.32 68.96±0.21 41.85±0.27 67.50±0.34 43.35±0.19 69.44±0.26
4SDrug (KDD’22) 44.19±0.29 70.87±0.22 43.59±0.26 70.68±0.39 44.28±0.18 71.25±0.33 43.30±0.18 69.02±0.25 44.75±0.31 71.27±0.10
RASNet (KBS’24) 45.15±0.34 63.46±0.33 44.81±0.25 64.18±0.19 45.07±0.16 65.02±0.28 44.92±0.30 61.77±0.21 45.29±0.12 65.23±0.22
ARMR (IJCAI’25) 42.20±0.21 64.44±0.32 42.08±0.20 63.99±0.25 42.34±0.13 64.31±0.14 42.86±0.32 65.06±0.36 43.11±0.27 65.28±0.29
SSPNet (IJCAI’25) 44.05±0.27 68.25±0.29 43.77±0.23 67.71±0.33 41.99±0.22 68.27±0.36 42.63±0.17 68.05±0.25 44.48±0.18 69.97±0.20
Our Client Model 45.76±0.25 72.14±0.12 46.09±0.19 72.78±0.27 45.43±0.20 73.30±0.26 46.20±0.17 72.57±0.24 46.69±0.08 73.58±0.19

Table 5: DDI (%) results of different client models with server update operations on MIMIC-III and MIMIC-IV datasets.
Server Operations: FedAvg (AISTATS’17) FedProx (MLSys’20) GPFedRec (KDD’24) CASA (KDD’24) Our Server Design

Client Models: MIMIC-III
DDI (↓)

MIMIC-IV
DDI (↓)

MIMIC-III
DDI (↓)

MIMIC-IV
DDI (↓)

MIMIC-III
DDI (↓)

MIMIC-IV
DDI (↓)

MIMIC-III
DDI (↓)

MIMIC-IV
DDI (↓)

MIMIC-III
DDI (↓)

MIMIC-IV
DDI (↓)

GAMENet (AAAI’19) 10.98±0.07 12.87±0.07 10.73±0.08 12.76±0.14 10.19±0.07 13.03±0.13 10.50±0.09 13.20±0.09 10.06±0.14 12.19±0.10
SafeDrug (IJCAI’21) 9.31±0.16 12.80±0.14 9.50±0.17 12.87±0.09 9.67±0.19 12.24±0.16 9.45±0.08 12.95±0.11 9.18±0.12 11.78±0.17
4SDrug (KDD’22) 9.68±0.13 12.21±0.13 9.54±0.22 12.30±0.12 9.85±0.20 11.60±0.18 9.12±0.14 11.94±0.15 8.87±0.11 11.17±0.13
RASNet (KBS’24) 9.22±0.09 12.59±0.15 9.78±0.21 12.70±0.07 9.16±0.12 12.83±0.18 9.09±0.10 12.46±0.16 8.95±0.18 11.90±0.08
ARMR (IJCAI’25) 9.71±0.15 13.12±0.16 9.95±0.20 12.65±0.19 9.82±0.18 12.94±0.15 9.44±0.13 13.31±0.21 8.97±0.14 12.58±0.15
SSPNet (IJCAI’25) 10.26±0.15 13.61±0.15 10.14±0.12 13.54±0.16 9.49±0.07 13.85±0.10 9.68±0.17 13.58±0.13 9.25±0.17 13.42±0.10
Our Client Model 9.03±0.11 11.67±0.09 8.69±0.09 12.46±0.12 9.10±0.13 11.37±0.05 8.94±0.14 11.82±0.19 8.50±0.05 10.71±0.09

The descriptions of server-side baselines are listed as follows:
• FedAvg updates the parameters uploaded from clients on the
server by averaging them [29].

• FedProx extends FedAvg by adding a proximal term to improve
training stability and convergence [24].

• GPFedRec constructs a client relationship graph on the server
based on uploaded parameters to guide parameter updates [47].

• CASA uses asynchronous aggregation and dynamic clustering
with a buffer to coordinate clustering and parameter update [26].

4.1.3 Hyper-parameter Settings. For baselines, we either use
their source code (i.e., GAMENet, SafeDrug, 4SDrug, RASNet, ARMR,
FedAvg, FedProx, and GPFedRec) or implement them ourselves (i.e.,
SSPNet and CASA) when the code is not publicly available. The
search spaces for baseline hyperparameters are as follows: the learn-
ing rate is selected in {10−5, 10−4, 10−3, 10−2}. We search embed-
ding size d in {8, 16, 32, 64, 128}. The layer sizes of neural networks
(e.g., the multi-layer perceptron in [48, 50] and GNN in [34, 43, 48,
50]) are selected from {1, 2, 3, 4}. For the DDI loss strength in [34, 39,
43, 50] is adjusted from {10−5, 10−4, 10−3, 10−2, 10−1}. Other hyper-
parameter settings of baselines are researched by empirical study or
following original papers. For our FedMed, on the client side, we set
the embedding size to 16, contrastive learning and DDI constraint
strengths are selected from {10−6, 10−5, 10−4, 10−3, 10−2, 10−1}, and
privacy-preserving noise intensity is chosen from {0.1, 0.2, 0.3, 0.4,
0.5, 0.6, 0.7, 0.8}. On the server side, layer and sampled neighbor

numbers are selected from {1, 2, 3, 4} and {5, 10, 15, 20, 25, 30}. These
hyperparameters are carefully tuned, and a detailed analysis is pro-
vided in Sections 4.5 and 4.6.

4.1.4 Evaluation Protocols. We evaluate medication recommen-
dation performance using metrics from accuracy and safety [39,
42, 43, 48]. For accuracy, we use Jaccard and PRAUC, where Jac-
card quantifies the overlap between the predicted and ground-truth
medication sets, and PRAUC evaluates overall prediction quality
based on the precision recall curve. Higher values of both metrics
indicate better accuracy. For safety, we utilize the DDI rate, which
measures the risk of harmful drug interactions. A lower DDI rate
indicates better safety. In our experiments, we adopt leave-one-out
evaluation, which has been widely used in federated recommender
systems [46, 47]. Specifically, for each patient, we use the last clini-
cal record as the test set, the second-to-last record as the validation
set, and all others as the training set.

4.2 Performance Comparison
The comparative results on the two datasets are shown in Tables 3,
4, and 5. Specifically, Tables 3 and 4 report the accuracy results
for medication recommendation, while Table 5 presents the safety
results. Our FedMed consists of two key components (i.e., the client
and server), and we next analyze both components separately.

From the client-design perspective, Tables 3, 4, and 5 compare
our model with various recommenders baselines. These baselines
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often achieve nice performance in centralized storage settings. How-
ever, when deployed as client models in federated learning, their
performance becomes less satisfactory. This may be because their
complex architectures tend to overfit the sparse patient data on
each client. Moreover, such complexity is not well-suited to client
devices with limited computational resources. In terms of accuracy,
our client achieves the best performance, which can be attributed
to the simple yet effective attention-based multi-pooling and self-
supervised strategy. Regarding safety, our client also performs best
in most cases, benefiting from the incorporation of the DDI loss.

From the server-design perspective, Tables 3, 4, and 5 compare
our server architecture with those of other federated learning meth-
ods. Results show that our methods generally achieve the best
performance in accuracy and safety, which can be attributed to the
graph-guided aggregation, semantic alignment operation, and DDI
loss, all of which are tailored to medication recommendation. In
contrast, the other server-design baselines mainly adopt vanilla fed-
erated parameter update strategies and lack task-specific designs.

4.3 Performance w.r.t Sparsity Degrees
We analyze how our method performs under sparse scenarios, and
train it on only 75%, 50%, and 25% of the training data from patient
records, while keeping the validation and test sets unchanged. We
also compare our client design against three representative base-
lines (i.e., GAMENet, RASNet, and SSPNet), where all models are
evaluated under the same server setting (i.e., our server design).
The results are shown in Figure 2 and we can observe that: (1) as the
training data decreases, the performance of all models drops, which
shows that sufficient data is important for medication recommen-
dation, and (2) our FedMed performs best under all training data
ratios and shows the smallest drop. For example, on the MIMIC-III
dataset with only 25% training data, the performance of FedMed
drops by only 5.208%, while GAMENet, RASNet, and SSPNet drop
by 9.643%, 9.332%, and 7.165%, respectively. These results show the
robustness and effectiveness of our FedMed in sparse scenarios.
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Figure 2: Model performance w.r.t. training data ratio. The
bar represents PRAUC results, and lines represent the rela-
tive performance drop compared to the full training set.

4.4 Ablation Study
The client and server modules are two crucial components of our
FedMed. To analyze the client, we consider three operations:
• w/o ATT: removing the ATTention mechanism.
• w/o SSL: removing the Self-Supervised Learning strategy.
• w/o DDI(C): removing the Client-side DDI loss.
For the server module, we consider three operations:
• w/o AGG: removing the graph-guided AGGregation.

• w/o SA: removing the Semantic Alignment module.
• w/o DDI(S): removing the Server-side DDI loss.
Table 6 shows the results for PRAUC andDDI on the two datasets.

We can have the following observations: (1) removing ATT, SSL,
AGG, and SA operations leads to lower PRAUC compared with the
full FedMed model, suggesting that these operations contribute to
recommendation accuracy, while their effect on the safety metric
(DDI rate) is marginal, and (2) removing DDI(C) or DDI(S) increases
the DDI rate but yields higher accuracy. This is because removing
the DDI loss reduces the constraints among medications (e.g., allow-
ing more medications to be included in a single recommendation
combination), which enlarges the candidate space and helps im-
prove predictive accuracy. The hyper-parameter study in Section 4.5
further shows the impact of the DDI loss weights.

Table 6: Ablation study of key designs in our FedMed.

Operation MIMIC-III MIMIC-IV
PRAUC (%) DDI (%) PRAUC (%) DDI (%)

w/o ATT 77.03±0.18 8.51±0.06 73.26±0.20 10.74±0.09
w/o SSL 76.29±0.13 8.54±0.09 71.80±0.18 10.57±0.05

w/o DDI(C) 77.70±0.21 9.17±0.07 73.94±0.13 11.96±0.11
w/o AGG 76.15±0.14 8.62±0.12 71.57±0.15 10.79±0.08
w/o SA 76.66±0.17 8.75±0.10 72.40±0.21 10.89±0.06

w/o DDI(S) 77.24±0.15 9.01±0.08 73.65±0.16 11.18±0.12
FedMed 77.18±0.16 8.50±0.05 73.58±0.19 10.71±0.09

4.5 Hyper-parameter Sensitivity Analysis
We analyze four hyperparameters of our FedMed, including two
client-side parameters (i.e., DDI lossweight λcDDI and self-supervised
learning weight λSSL) and two server-side parameters (i.e., sampled
neighbor number K and aggregation layer number L). The results
on MIMIC-III dataset are shown in Figure 3, and similar trends
are observed on MIMIC-IV dataset. We can find that (1) for the
DDI loss weight, as discussed in Section 4.4, it balances medication
safety and recommendation accuracy. Setting it too large reduces
the DDI rate but degrades recommendation accuracy. Therefore,
it provides a practical way for clinicians to control the trade-off
between medication safety and recommendation accuracy; (2) for
the self-supervised learning weight, setting it too small provides
insufficient constraints for data sparsity mitigation, while setting
it too large shifts the training focus away from recommendation
accuracy, leading to degraded performance; and (3) for the sam-
pled neighbor and aggregation layer numbers, larger values bring
limited accuracy performance gains but introduce higher computa-
tional cost. In practice, setting K to 10 or 15 and L to 1 provides a
good trade-off between effectiveness and efficiency.
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Figure 3: Hyperparameter sensitivity on MIMIC-III dataset.
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4.6 Privacy Protection Analysis
Our FedMed is a medication recommendation model developed
under a federated learning setting. Due to the decentralized training
architecture of federated learning, raw patient data remains local,
which naturally provides a certain level of privacy protection. To
further enhance the security of parameter upload, we incorporate
a differential privacy technique (i.e., Section 3.2). Specifically, we
add Laplacian noise during client updates, where a larger noise
strength δ (in Eq.(11)) provides stronger privacy protection. This
section analyzes the impact of noise strength δ on our FedMed
performance by varying δ from 0.1 to 0.8 with a step size of 0.1. The
results are shown in Table 7. We observe that as the noise strength
increases, the accuracy metric (PRAUC) gradually decreases, while
the safety metric (DDI rate) remains relatively stable. This indicates
a trade-off between privacy and accuracy. Based on this observation,
we recommend setting δ to 0.1 or 0.2 as a practical balance.
Table 7: Noise intensity analysis on the MIMIC-III dataset.

Intensity 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
PRAUC (%) 77.18 77.10 76.80 76.28 75.51 75.47 75.50 75.36
DDI (%) 8.50 8.47 8.56 8.51 8.53 8.45 8.44 8.49

4.7 Time Efficiency Analysis
We analyze the model computational cost from both the client and
server sides. For the client-side comparison, we deploy our client
design and all baselines under the same server update setting (e.g.,
our server design). For the server-side comparison, we fix our client
design and evaluate different server update strategies. Figure 4
shows the training time cost per epoch and testing inference time.
We observe that: (1) in the client-side comparison, our client design
achieves a lower time cost, showing its lightweight and efficient
architecture; (2) in the server-side comparison, our method intro-
duces slightly higher overhead due to the graph-guided aggregation,
semantic alignment, and DDI loss. However, these operations im-
prove both the accuracy and safety of medication recommendations.
Overall, the server-side overhead remains on the same order of mag-
nitude as other methods; and (3) generally speaking, the training
and testing time of our FedMed is acceptable in practice.
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Figure 4: Time efficiency analysis of the client and server.

5 Related Work
In this section, we review two research areas related to our work.

5.1 Medication Recommendation
Automated medication recommendation is a crucial task in AI for
healthcare [2, 49]. Early methods encode clinician expertise as rec-
ommendation rules [3, 14], but they require heavy expert effort and
often transfer poorly to new hospitals or patient groups. With the
growth of deep learning, researchers use neural networks (e.g., RNN,
GNN, and Transformer) to model clinical records and learn prescrib-
ing patterns from data, which reduces the reliance on hand-crafted
rules and improves recommendation quality [25, 34, 42–44, 48, 50].

However, these methods typically rely on centralized storage of pa-
tient records to train a centrally managed recommendation model,
which may expose patient sensitive information. To this end, in
this paper, we propose FedMed, a privacy-preserving, personalized,
and safe medication recommender based on federated learning. To
the best of our knowledge, FedMed is among the early efforts to
apply federated learning to the medication recommendation task.

5.2 Federated Recommendation
Recently, federated learning [22] has been widely used in recom-
mendation, as recommender tasks naturally involve sensitive user
information and require privacy protection [11, 35]. Generally, each
user is treated as a client that trains a local model using only private
data, and a server coordinates the training process by aggregating
client updates and distributing global parameters [10, 28, 30, 36, 45].
In this paper, we study how to deploy medication recommenda-
tion in federated settings. Due to several task-specific challenges
(e.g., sparse patient records and DDI safety constraints), existing
federated recommenders cannot be directly used for medication
recommendation. To this end, we propose FedMed with client-side
design (e.g., self-supervised strategy) and server-side design (e.g.,
DDI loss) tailored to this task. Our model supports personalization,
preserves privacy, and promotes safe medication combinations.

6 Conclusion
In this paper, we propose a medication recommender built on the
federated learning paradigm. On the client side, we design an effec-
tive prediction model that generates medication prediction based
on each patient private clinical records. To better learn from sparse
records, we further introduce a self-supervised learning strategy to
provide additional training signals. On the server side, we construct
a patient relationship graphwithout exposing sensitive information,
and develop a graph-guided aggregation mechanism to improve the
client updating and synchronization. In addition, to reduce harmful
adverse interactions in recommended medication sets, we incor-
porate DDI regularization on both the client and server sides. We
conduct extensive experiments on two benchmark datasets, and
the results demonstrate the effectiveness of our FedMed.

Limitations and Ethical Considerations
We use de-identified ICU EHR data (i.e., MIMIC-III and MIMIC-IV
datasets) under the data use agreement. No new data was collected
and no re-identification was attempted. We follow relevant ACM
policies and requirements. Privacy and consent risks are low. Limi-
tations include ICU-only data, and missing and noisy records.
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