
500 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY, VOL.20, NO.3, July 2026

ECTI Transactions on Computer and Information Technology
Journal homepage: https://ph01.tci-thaijo.org/index.php/ecticit/

Published by the ECTI Association, Thailand, ISSN: 2286-9131

An AI-based Mixture-of-Experts Framework for Multi-Type
Iatrogenic Drug Interaction Prediction

Kawther Makhlouf1, Karim Bouamrane2 and Djamila Hamdadou3

ABSTRACT Article information:
Pharmacovigilance involves preventing adverse e�ects in patients through
the prevention, detection, and evaluation of these e�ects. Prescription er-
rors, incorrect dosages, and drug interactions cause iatrogenic drug e�ects.
There are two main types of drug interactions: between two drugs (DDI)
and between a protein and a drug (DTI). The multitude of molecules and
treatments available today makes it di�cult to prevent their e�ects. Deep
learning (DL) appears to be a solution to this problem. Current work in
DL focuses on a single type of interaction and does not generalize to other
types. We propose a multitask model that predicts both types of inter-
actions (DDI and DTI). It deploys two mixture-of-experts (MoE) blocks
for each task. This mechanism avoids interference between representation
spaces. One module for drugs uses convolutional neural networks (CNNs).
A second module for proteins learns multi-granularity patterns. The model
test yields the following results for the DTI task: accuracy (0.952), preci-
sion (0.959), F1 (0.952), recall (0.944), AUC (0.987), and AUPR (0.987).
The DDI task yields accuracy (0.980), precision (0.966), F1 (0.980), recall
(0.995), AUC (0.997), and AUPR (0.995).
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1. INTRODUCTION

Pharmacovigilance is an essential pillar of public
health, ensuring the detection, evaluation, and pre-
vention of adverse drug e�ects [1], [2]. Its major
challenge is preventing harmful, unpredictable reac-
tions to guarantee patient safety. These adverse ef-
fects constitute what are called �iatrogenic drugs�, in
other words, the set of disorders or diseases caused by
taking one or more drugs. Iatrogenic e�ects can re-
sult from a prescription error, poor compliance with
treatment, or, even more so, drug interactions [3].
Among the main causes of iatrogenic e�ects are drug
interactions, which can be of di�erent types: either
caused by two drugs (DDI) or between a drug and a
protein (DTI), etc. [3]. The study focuses on these
two interaction types (DDI and DTI).

Indeed, with the rapid proliferation of molecules
on the market and the growth of combination treat-
ments, the automated prediction of these interactions
is becoming a major scienti�c and medical challenge.

The rise of deep learning (DL) has revolutionized re-
search on DDI and DTI prediction. Several families of
neural architectures have been explored for predicting
these interactions. For example, in the �eld of convo-
lutional neural networks (CNNs) [4], CNNs have been
shown to detect local patterns in sequences e�ectively
but struggle with long-range dependencies. In works
such as [5] and [6], the authors have adopted these ar-
chitectures. Another widely used type is called graph
neural networks (GNN) [7]. They incorporate the
molecular structure of chemical compounds as atomic
graphs. Studies such as [8], [9], and [10] have used
it to model atomic interactions. However, these de-
pend on the quality of the molecular graph and may
su�er from overparameterization on complex graphs.
We also �nd sequential architectures such as LSTM
(Long Short-Term Memory) [4] and BiLSTM, which
help overcome di�culties with long-term dependen-
cies. Recently, transformers have used attention to
capture global relationships in sequences without re-
cursion. Works such as [11], [12], and [13] have ex-

1,2,3The authors are with the Laboratory of Informatics of Oran (LIO), Computer Science Department, Faculty of Ex-
act and Applied Sciences, University of Oran 1, Ahmed Ben Bella, El M'Naouer, PB 1524, Oran, Algeria, Email:
makhlouf.kawther@edu.univ-oran1.dz, bouamrane.karim@univ-oran1.dz and hamdadou.djamila@univ-oran1.dz
1Corresponding author: makhlouf.kawther@edu.univ-oran1.dz and kawther.mk31@gmail.com



An AI-based Mixture-of-Experts Framework for Multi-Type Iatrogenic Drug Interaction Prediction 501

ploited these approaches to learn contextual represen-
tations from sequential data. However, transformer
cost estimation is complex, and sequential models
struggle to generalize to nonlinear structures such as
molecular graphs.

Despite these advances, most existing approaches
focus on a single task, either DDI or DTI prediction.
Which leads us to the following question: “Can we
overcome this distinction between tasks, which often
leads to the development of domain-specific models
that are difficult to reuse in other contexts?”

To overcome these limitations, we propose a par-
allel multitask learning (MTL) model based on a
mixture-of-experts (MoE) mechanism. Unlike ap-
proaches that focus representations on each type of
interaction, our model maintains a clear functional
separation between DDI and DTI through two inde-
pendent MoE blocks, each dedicated to its task. This
design favors training stability without introducing
interference between the representation spaces of DDI
and DTI.

To summarize our work, we proceed as follows:
• We design a drug-encoding module based on a

CNN applied to SMILES-derived representations,
enabling the extraction of meaningful structural
motifs shared across both DDI and DTI tasks.

• We propose a protein module based on three par-
allel convolutional layers, allowing the model to
capture biochemical patterns at different levels of
granularity, specifically for the DTI task.

• We introduce an enriched fusion mechanism that
combines drug and protein representations us-
ing multiple vector operations (concatenation,
element-wise product, and absolute difference),
enabling the model to capture both strong cor-
relations and structural divergences between en-
tities.

• We propose and compare several model variants,
including a dedicated single-task model (DDI or
DTI), a multitask model based on a fully con-
nected (FC) block, and, finally, the core of our
study: a multitask model based on the MoE
mechanism.

The present paper is structured as follows: Sec-
tion 1 serves as an introduction; Section 2 reviews
the literature; Section 3 formulates the problem; Sec-
tion 4 describes the methodology employed; Section 5
presents and discusses the results in depth; and Sec-
tion 6 concludes and proposes future work.

2. RELATED WORKS

Below, we review works on DTI and DDI predic-
tion, two fundamental tasks in pharmacological re-
search.

For the DTI task, several studies rely on con-
volutional networks. Study [5] used CNN to learn
drug–protein feature matrices. Attention models al-
low non-covalent interactions to be modeled by as-

signing vectors to atoms and amino acids. However,
SMILES interpretability and binding site localization
remain limited. Continuing in this vein, [14] pro-
longs the idea by adding self-attention to convolution.
Their goal is to compensate for CNN weaknesses by
improving the detection of relevant sequence regions.
However, combining architectures complicates learn-
ing and local interaction modeling.

Given limitations, several works use GNN to rep-
resent molecular structures. [10] proposed a model
combining GAT for structural features with LSTM
for modeling protein sequences. However, unknown
target pairs remain unexplored, reducing perfor-
mance. [15] developed a GNN-based model to encode
molecules as graphs. CNN extracts multi-level repre-
sentations from sequence and contact maps. How-
ever, the model does not consider protein pocket
sites, which limits its interpretability. Thus, although
GNNs address gaps in CNNs, they struggle to inte-
grate the modalities involved.

To overcome these limitations, several papers
adopt hybrid architectures. Study [8] established
a cross-attention to detect different interaction fea-
tures. They also used a GNN-focused molecule aggre-
gator to model complex dependencies in drug molec-
ular graphs and encode sequences. The limitation of
this work is its inability to leverage protein structural
information. [16] pursues this evolution using a GCN
to capture drug graphs and a BiLSTM to process
protein sequences. To better integrate drug–target
interactions, the authors use a cross-attention mech-
anism. Residual blocks are also employed to mit-
igate the vanishing gradient problem. This model
shows good results but suffers from scalability is-
sues. The authors suggest generalizing the model
to other domains (disease–gene, protein–protein, and
drug–drug interactions). In this context, transform-
ers have enabled models that capture richer repre-
sentations, whose main contributions we present. [11]
combined local and global from molecules and protein
sequences. Neural fingerprints extract global drug
features. Self-attention captures long-range protein
dependencies. Bilinear attention learns local interac-
tion sites, improving performance and interpretabil-
ity. Model robustness to other biological interac-
tions (protein–protein and disease–gene) can be as-
sessed. [12] introduced a model transferring protein
and drug representations via pre-trained models. It
leverages GNN for drug graphs and transformers for
SMILES. A multi-view strategy enables complemen-
tary feature extraction. However, its complexity may
reduce training efficiency and neglect substructure
positional information. Similarly, [17] suggested a
transformed-based model leveraging sub-pocket anal-
ysis. It relies on pre-trained GCN models to improve
generalization and interaction modeling. However,
it lacks clinical evaluation. Finally, [18] developed
a multimodal fusion that combines a transformer,
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StarNet, and multiple levels of protein representa-
tion. A heterogeneous attention block captures bind-
ing sites, improving drug–target integration. Limita-
tions include random protein embeddings, the mem-
ory cost of sequence-to-2D mapping, and transformer
overhead. Study [19] proposed a multimodal model
that uses a CNN for sequential features, a GNN for
3D molecular and protein structures, cross-attention
for fusion, contrastive learning for representation dis-
crimination, and a MixHop aggregator for neighbor-
hood information in the DTI network. However, it
is limited by poor exploitation of 3D features and re-
dundancy or noise in multimodal fusion.

After examining DTI models, we will turn to DDI
approaches with a similar progression. For the convo-
lutional network-based method, we refer to [6]. They
established a CNN-based model to determine whether
two drugs interact and, if so, the type of interaction.
For this, they use Jaccard similarity to quantify drug
similarity from feature vectors. They plan to improve
and reduce computation time. In [20], the authors
introduced a model that incorporates deep convolu-
tional learning to derive categorical features for drug
pairs. Random forests are used for binary classifica-
tion. They plan to expand the model to other areas,
such as interactions with targets and proteins.

As with DTI, we find studies centered on GNN.
For instance, [9] proposed a model to capture atomic-
level interactions and improve precision. The first
step is to extract atomic features for each drug using
a GNN, then construct an interaction map between
atom pairs of the two drugs. Finally, the interac-
tion map and molecular representations are merged
to predict the presence and specific type of inter-
action. However, the model depends solely on the
molecular structure. Moreover, [21] proposed a model
that incorporates molecular bond information (cova-
lent and non-covalent). Then, they use a GCN to
detect these representations in its topology. How-
ever, this model does not capture higher-order in-
teractions. In a different direction, some approaches
are inspired by natural language processing. [13] pre-
sented a model combining the ChemBerta tokenizer
(from Transformer) for molecular representation and
a BiLSTM for bidirectional contextual dependencies.
To improve performance, they also introduced a dual
mode. However, this model remains limited by se-
quential SMILES dependencies and struggles to ex-
tract local structural motifs essential for characteriz-
ing molecular substructures in interactions. To en-
rich representation, some recent work combines com-
plementary views. [22] combined two views in their
model. The first builds a similarity-based drug net-
work to capture relational contexts. The second ex-
tracts molecular substructures to enrich representa-
tions. Both views are fused via an attention mech-
anism. This work is limited by poor generalization
in cold-start scenarios, as its mechanisms reduce the

transferability of representations to new molecules.
During the same period, [23] established a model that
combines two views: molecular structure and inter-
action graph topology. A GCN extracts topological
features, and a contrastive learning module aligns the
two representation views. However, the model re-
mains limited by its heavy dependence on the quality
and completeness of the interaction graph. Finally,
[24] introduced a multi-view encoding approach ex-
ploiting SMILES sequences, molecular graphs, and
atomic spatial information. These views are fused via
an attention module, enabling richer drug represen-
tations. However, the model is limited by the quality
and completeness of the different data.

Unlike previous works, we propose a multitask
model that employs a mixture-of-experts (MoE)
mechanism. Existing models focus on a single task,
limiting generalization to other biological interactions
(as highlighted by [11] or [20]). Our model learns DTI
and DDI representations in parallel. This strategy
promotes model improvement and robustness. More-
over, several architectures, such as those proposed
in [12] and [14], combine various modules (CNNs,
GNNs, and Transformers) but exhibit limited learn-
ing efficiency.

In contrast, our use of MoE allows us to adapt ex-
pert subnetworks based on inputs and improve their
flexibility. Regarding multimodal fusion, recent mod-
els such as [18] or [19] struggle with noise and repeti-
tion when combining multiple views. Our progressive
fusion enables a stable representation while captur-
ing both local and global dependencies. Therefore,
our model provides a modular solution that addresses
these limitations and paves the way for improved
inter-domain generalization of biomolecular interac-
tions.

3. PROBLEM FORMULATION

We consider two closely related supervised learn-
ing tasks: DDI and DTI prediction. Let: D =
{d1, d2, . . . , dN} be the set of drugs. Let: P =
{p1, p2, . . . , pN} be the set of proteins. In the DDI
task, our work will consist of predicting the probabil-
ity that two drugs interact, using the function fDDI :
D ×D → [0, 1]. In the DTI task, the work will also
predict the probability of a drug-protein interaction
using the following function: fDTI : D × P → [0, 1].
Where: 0: no interaction; 1: existence of interac-
tion. These functions are learned in parallel using a
multitask approach, in which the model shares some
parameters while retaining task-specific submodules.
This approach exploits complementary molecular rep-
resentations and interaction-specific features, pro-
moting better task-specific generalization.

4. METHODOLOGY

In this section, we will highlight the different mod-
els and modules developed in our study.



An AI-based Mixture-of-Experts Framework for Multi-Type Iatrogenic Drug Interaction Prediction 503

4.1 Overview

We offer different types of models and group them
by task type (see Fig. 1).

Fig.1: Single and multitask models.

4.1.1 Single task models

One model is dedicated to DDI prediction and an-
other to DTI prediction. These models use FC blocks
for fusion and prediction.

4.1.2 Multitask models

These architectures jointly predict DDI and DTI.
Two variants have been developed: (i) a version using
an FC block partially shared between tasks, (ii) a
version integrating an MoE block per task.

The multitask model is our main approach (see
Fig. 2). It adopts a hybrid architecture: (i) drug and
protein modules. (ii) task-specific fusion blocks (FC
or MoE) dedicated to each task, (iii) independent bi-
nary classification heads. This design aims to capture

the structural complexity of chemical compounds and
proteins while facilitating task-specific processing.

Below, we describe each model component.

4.2 Module dedicated to drugs

Firstly, drugs are all represented by their chemical
structures, which are often called SMILES [25]. Each
structure is converted into a Morgan fingerprint using
RDKit (a Python library) of dimension df = 2048 :
xd = fMorgan(SMILES) ∈ {0, 1}df . Indeed, each
bit of xd gives us the absence or presence of a par-
ticular chemical motif identified by a topological ra-
dius set to 2. This representation encodes the molec-
ular topology by expanding the circle around each
atom. Then, a first 1D-CNN is applied to learn the
local atomic patterns of the molecular structure. Its
formula is as follows: hd1 = Conv1D (xd,W1, b1).
With: W1 ∈ R32×1×9, given that a kernel size of 9
was chosen to capture the medium-sized atomic sub-
structures commonly found in SMILES-derived fin-
gerprints. Smaller kernels were unable to encode
meaningful chemical patterns, whereas larger kernels
increased model complexity without yielding signif-
icant performance gains. The number of filters is
32 to learn independent chemical patterns. Each fil-
ter acts as a substructure detector. Then we add
a second 1D-CNN layer that combines the patterns
to capture longer-range dependencies, as follows:
hd2 = Conv1D(hd1,W2, b2). With: W2 ∈ R64×32×9.
Beyond two layers, we observe overfitting. After the
two 1D-CNNs, we normalize the features using the
function hd = BatchNorm(hd2) to stabilize the
feature distribution [26]. We introduce an activa-
tion function ad = ReLU (hd), which allows us
to keep only the positively activated patterns. Each
convolutional layer precedes the max pooling oper-
ation to reduce the dimension while retaining the
maximum of 4 consecutive positions (the most rep-
resentative motifs in each segment of the molecule):

Fig.2: General architecture.
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pd = MaxPool1D (ad, poolsize = 4).

Additionally, a dropout is applied to randomly
tunable neurons [27], preventing a specific chemical
pattern from dominating the representation. Its for-
mula is as follows: p′d = Dropout(pd). Finally, the
output is flattened and projected into a dense la-
tent space: zd = ReLU(Wd.F latten(p′d)) + bd, with:
Wd ∈ R64×8192.

The embedding vector zd ∈ R64 captures global
chemical regularities. Increasing the integration di-
mension generally improves the model’s ability to
capture structural diversity. However, our study sug-
gests that higher-dimensional integrations tend to
lead to overfitting, which results in lower generaliza-
tion performance. For this reason, a 64-dimensional
space was chosen as a balanced option, offering suffi-
cient expressive power while ensuring stable learning.
Moreover, this module is common between DDI and
DTI drugs, whether for single or multitasking.

4.3 Module dedicated to proteins

We proceeded to segment the sequence of each
protein into size 3 k-mers [28]: Sp = {si =
aiai+1ai+2|1 ≤ i ≤ L− k + 1}. A vocabulary of
k-mers is constructed, then each trigram is vector-
ized via an embedding layer: Ep = Emb(Sp) ∈
RL′×64. Where: L′ means the length of the k-mer
sequence, and 64 is the dimension of the embed-
ding space. This representation encodes the local
biochemical properties of amino acids. The archi-
tecture of the protein module is composed of the
following: First, three parallel convolutional lay-
ers are used to extract patterns at different scales:
Ck = ReLU(Conv1Dk(Ep,Wk, b2)). Where: k is
the size of the convolution kernels, k = {3, 5, 7}
and Wk ∈ R32×64×k, 32 represents filters and 64
the input dimension. The use of multiple kernel
sizes captures protein sequence patterns at differ-
ent biological scales. Each convolution learns pro-
tein patterns at different scales: (i) For k = 3:
very local patterns, (ii) For k = 5: short struc-
tural motifs, (iii) For k = 7: longer patterns. The
feature maps are aggregated by global max pool-
ing: mk = GlobalMaxPool(Ck), then concatenated:
hp = [m3,m5,m7] ∈ R96. Finally, the concate-
nated vector is projected into a common latent space
with drugs: zp = Dropout(ReLU(Wphp + bp)), with:
Wp ∈ R64×96. The vector zp ∈ R64 constitutes the
final protein embedding used by DDI and DTI mod-
ules. Thus, molecular and protein representations
share the same dimensionality and can be combined
directly.

4.4 Multitask module

We developed two multitask variants for DDI and
DTI prediction to evaluate their impact. These vari-
ants are:

4.4.1 Block FC

The FC block consists of a linear layer succeeded
by batch normalization [26], ReLU activation [29],
and a dropout [27]. The DDI block takes as input
a concatenation of two drug representations, while
the DTI block processes drug-protein combinations
and element-wise interactions. This block integrates
learned representations before the task-specific pre-
diction head. Despite sharing the same architecture,
each task learns its own parameters to optimize latent
representations.

4.4.2 Block MoE

The approach uses a separate MoE block for each
DDI and DTI task. This design is based on the
fact that both tasks process structurally heteroge-
neous input spaces, as previously discussed in the
drug and protein modules. The DDI task exclusively
adopts chemical representations from SMILES, while
the DTI task combines chemical and protein informa-
tion (SMILES with k-mer embeddings). Due to this
fundamental difference, using a shared MoE would
have resulted in interference between incompatible
feature distributions, leading to suboptimal represen-
tation learning. This separation of MoE also allows
each task to develop its own experts, given the na-
ture of the data it processes. Moreover, it retains
the benefits of dynamic gating G(x), which assigns
weights to the experts Ei(x) = {E1, E2, E3, . . . , ENe

}
for each sample. In the following, we will detail the
architecture of the MoE block (see Fig. 3).

Fig.3: Block MoE.

1. General structure of the MoE block
The MoE block relies on multiple Ei experts work-

ing in parallel rather than a single FC block. There is
a gating network that assigns weights to the experts
based on the input. For an x ∈ Rdin , a weighted com-
bination of the expert outputs and the gating weights
determines the block’s final output. The general
formula is as follows: MoE(x) =

∑Ne

i=1 πi(x)Ei(x).
Where: Ne is the number of experts, Ei(x) is the
output of the ie expert, πi(x) is the weight assigned

to this expert, and
∑Ne

i=1)πi(x) = 1.
2 .Expert structure

Each expert is a small multi-layer perceptron
(MLP) [4] composed of a linear layer, a ReLU activa-
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tion [29], and a dropout [27] for regularization. For an
input x, the output of the ie expert is given by the fol-
lowing formula: Ei(x) = Dropout(ReLU(Wix+ bi)).
Given that: Wi ∈ Rdh×din and bi ∈ Rdh are the pa-
rameters of each expert, dh corresponds to the hidden
dimension of expert output.

The goal of each expert is to learn a different trans-
formation of the input space, thereby modeling the
various relationships in molecular or protein data.
3. Network gating

The gating network G(x) selects the relevant ex-
perts for a given input. It is implemented as a
two-layer fully connected MLP [4] with ReLU acti-
vation [29] in the middle, followed by Softmax nor-
malization at the output. Its formula is as follows:
π(x) = Softmax(W2ReLU(W1x + b1) + b2). Given
that: W1 and W2 are the weights of the two lay-
ers, b1 and b2 are the biases of the two layers, and
π(x) = π1(x), π2(x), π3(x), . . . , πNe(x) correspond to
the normalized probabilities assigned to each expert.
This mechanism identifies the relevant experts for
each sample.

4.5 Model output

The model has task-specific heads (DDI and DT),
each utilizing the representations provided by the
MoE block. Below, we detail the operation of these
two heads and the combination of their losses in the
multitask model.

4.5.1 Head DDI

In the DDI task, each molecule is encoded us-
ing the same drug-specific module, yielding two
embedding vectors d1 and d2, which are then
concatenated to form xDDI = [d1; d2]. Then
they are processed by the MoE block: hDDI =
MoE(xDDI). The DDI head applies a nonlinear pro-
jection followed by a regularization dropout: h′DDI =
Dropout(ReLU(WDDI

1 hDDI + bDDI
1 )). A final linear

layer and a sigmoid function produce the final out-
put: ŷDDI = σ(WDDI

2 h′DDI + bDDI
2 ). Where: σ is

the sigmoid function. ŷDDI ∈ [0, 1]: represents the
predicted probability of interactions with two drugs.

Finally, the loss function compares this prediction
to the actual value using binary cross-entropy (BCE):

LDDI =
1

N

∑N

j=1

[
y
(j)
DDI log

(
ŷ
(j)
DDI

)
+
(

1− y(j)DDI

)
log
(

1− ŷ(j)DDI

)]
(1)

4.5.2 Head DTI

In the DTI task, the model combines the em-
beddings of the drug d and protein p after their
respective dedicated modules have processed them.
The representations are then merged according to
several complementary vector relationships (con-
catenation, product, and the absolute difference):
xDTI = [d; p; (d � p); |d − p|]. This vector is then

passed into the MoE block: hDTI = MoE(xDTI).
Then, in the DTI head, similar in structure to
the DDI, with intermediate dropout: h′DTI =
Dropout(ReLU(WDTI

1 hDTI + bDTI
1 )). The final out-

put is: ŷDTI = σ(WDTI
2 h′DTI + bDTI

2 ). The loss is a
BCE:

LDTI =
1

N

∑N

j=1

[
y
(j)
DTI log

(
ŷ
(j)
DTI

)
+
(

1− y(j)DTI

)
log
(

1− ŷ(j)DTI

)]
(2)

4.5.3 Multitask combination

The learning is performed conjointly on both tasks
with a weighted total cost function:

Ltot = αDDILDDI + αDTILDTI (3)

With: αDDI = αDTI = 0.5. Separate heads al-
low each task to learn its own decision rules. Fur-
thermore, the use of dropout in the heads (h′DDI)
and (h′DTI) introduces stochastic regularization, lim-
iting the co-adaptation of the weights of final layers.
Thus, the model retains good generalization while ef-
ficiently exploiting the representations learned in the
MoE blocks.

5. EXPERIMENTAL STUDY AND DIS-
CUSSION

We present our experimental study, starting with
data, experimental setup, training strategy, and eval-
uation metrics. We then discuss results and provide a
validation case study. Finally, we analyze the model’s
theoretical complexity and computational cost.

5.1 Datasets

In our study, we employed three widely used
datasets: C. elegans [30] and Human [30] for DTI,
and BioSNAP [31] for the DDI task. The C. el-
egans dataset comprises 1,434 drugs and 2,504 dis-
tinct proteins [30], [32]. As for the Human dataset,
it comprises 1,052 drugs and 852 proteins [30], [32].
The negative samples from the Human and C. elegans
datasets were generated by Liu et al. [30] using a sys-
tematic screening approach based on the dissimilarity
between drugs and proteins. They were subsequently
provided by Tsubaki et al. [32]. For the DDI task, we
used the BioSNAP dataset, which includes 1,322 ap-
proved drugs and 41,520 positive interactions. Neg-
ative samples were selected and filtered by Huang et
al. [33] by considering all possible drug pairs and ex-
cluding known positive interactions. The remaining
pairs were treated as candidate negatives and ran-
domly sampled. Furthermore, the datasets exhibit a
balanced distribution of positive and negative sam-
ples, preventing bias toward either class during train-
ing (see Table 1 for dataset details).
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Table 1: Details of the datasets.
Dataset Total Positive Negative
Human 6,728 3,364 3,364

C.elegans 7,786 3,893 3,893
BioSNAP 83,040 41,520 41,520

5.2 Configuration and training strategy

This section describes data splitting strategies,
hyperparameters, and training settings. All exper-
iments were conducted on Google Colab with an
NVIDIA T4 GPU (16 GB VRAM) and a CPU (12
GB RAM).

5.2.1 Data splitting strategies

The training strategy relies on dividing the dataset
into training, validation, and test sets. For the DTI
task, the dataset was randomly split into 80% train-
ing, 10% validation, and 10% test sets. For the DDI
task (BioSNAP), the official test set was kept un-
changed (20%), while the remaining data (80%) were
used for training and validation, with a ratio of 8:2.
The test set was strictly held out and never used dur-
ing training (see Table 2). In both tasks, the split-
ting strategy was performed randomly at the pair
level, following previous studies [9], [10], [19], and
[24]. We applied five-fold cross-validation (CV) [34]
to the training data, using a validation set to select
the model.

Table 2: Sample count per fraction.
Dataset Train Val Test
Human 5,382 673 673

C.elegans 6,228 779 779
BioSNAP 53,145 13,287 16,608

5.2.2     Hyperparameter configuration

In this study, the model’s hyperparameters were
empirically tuned through a series of experiments,
accounting for available computational limitations.
To ensure stable training and fair evaluation, we ex-
plored several key hyperparameters within predefined
ranges. The learning rate was set to 0.0001 to en-
sure gradient explosion and stable convergence. The
batch sizes were set to 64 for DDI and 128 for DTI
to control computation time and cost while avoiding
hardware resource overload. The weight decay was
set to 0.0001, which helps control model complexity
by penalizing excessively large weights. The dropout
was evaluated for values of {0.2, 0.3, 0.4} and acts as
a means of regularization by randomly deactivating a
proportion of neurons during training [27]. This pre-
vents the model from becoming overly dependent on
certain connections. Finally, the number of epochs
was set to 60 to ensure adequate convergence with-
out overfitting. To evaluate the robustness of the pro-

posed model in greater detail, we conducted a sensi-
tivity analysis on the most influential hyperparame-
ters. Due to computational constraints, this analysis
focuses primarily on the number of experts and the
dropout rate, with other parameters held constant.
The final hyperparameters selected are shown in Ta-
ble 3. A detailed sensitivity analysis is provided in
Section 5.4.1.

Table 3: Selected hyperparameters.
Hyperparameter Value

Optimizer Adam
Epoch size 60

Learning rate 0.0001
Batch size 64 (DDI), 128 (DTI)
Scheduler ReduceLROnPlateau

Weight Decay 0.0001
Clipping gradients Yes, max norm = 5

Dropout 0.3
Loss Function BCE

5.3 Metrics

The metrics used during this study are as follows
[35]:

AUC =

∫ 1

0

TPR(FPR)d(TPR) (4)

Accuracy =
TN + TP

TN + FP + TP + FN
(5)

Precision =
TP

TP + FP
(6)

Recall =
TP

TP + FN
(7)

AUPR =

∫ 1

0

Precision(Recall)dr (8)

F1− score = 2× Prec×Rec
Prec+Rec

(9)

Given that: TP: true positives; TN: true negatives;
FP: false positives; FN: false negatives.

5.4 Discussion of results

Below, we present the results on the random pair-
level split, including sensitivity analyses, five-fold
cross-validation, learning curves, confusion matrices,
gating interpretability, and ablation and statistical
studies.

5.4.1 Sensitivity analysis

Below, we will examine the model’s sensitivity to
the main learning hyperparameters, as described in
Section 5.2.2, including the number of experts and
dropout.
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5.4.1.1 Influence of the number of experts
To analyze the impact of model capacity on perfor-

mance, we investigated the influence of the number of
experts (Ne) in the MoE block by varying it from 2 to
4 for the DDI and DTI tasks (see Tables 4 and 5). The
overall results show a slight improvement in perfor-
mance as we increase the number of experts, with the
best results generally achieved with 4 experts for the
DDI and DTI tasks. For the C. elegans dataset, the
4-expert configuration for the DDI and DTI tasks of-
fers a satisfactory compromise, with an AUC of 0.987
and an F1 score of 0.952. For the Human dataset, the
same trend is observed. These results indicate that
more experts suggest the model has a good ability
to capture complex interaction structures. It is im-
portant to note that this increase does not appear to
introduce noticeable overfitting, possibly due to the
gating mechanism that regulates each expert’s contri-
bution. However, the performance gains remain rel-
atively modest, suggesting that increasing the num-
ber of experts beyond 4 offers only limited additional
benefit. For the DDI task, performance remains sta-
ble regardless of the configuration or dataset. On
both the Human and C. elegans datasets, the model
consistently achieves AUC values around 0.996 and
F1 scores close to 0.980, regardless of the number of
experts. This stability suggests that the DDI task
is less sensitive to model capacity, likely due to the
more homogeneous nature of drug interaction data.
In contrast, the DTI task appears to benefit more
from an increase in the number of experts, suggest-
ing that modeling drug-protein interactions requires
greater representational capacity.

5.4.1.2 Influence of the dropout
After analyzing the influence of model architecture

based on the number of experts, we focus on the im-
pact of dropout while keeping the other hyperparam-
eters fixed, notably the number of experts (4 for DDI,
4 for DTI), as determined in Section 5.4.1.1. The in-
fluence of the dropout rate was evaluated using three
values {0.2, 0.3, and 0.4} for the DDI (BioSNAP)
and DTI (Human) tasks. For the DDI task, dropout
rates of 0.2 and 0.3 yield comparable median AUC
values, with 0.2 showing a slight outlier, while 0.4
exhibits higher dispersion (see Fig. 4). Overall, per-
formance differences remain marginal across configu-
rations. For the DTI task, a dropout rate of 0.3 tends
to achieve strong median AUC values with relatively
stable performance across folds. Although a dropout
rate of 0.4 yields a slightly higher median F1-score, it
comes at the cost of increased variability, indicating
reduced stability (see Fig. 4). Overall, these results
suggest that model performance remains robust to
dropout within this range. Thus, 0.3 is selected as a
trade-off between performance and stability.

Fig.4: Impact of dropout.

5.4.2 Cross-validation results

In the following, we present the results obtained
via five-fold CV for all datasets. On the Human
dataset (see Table 6), we observe that the model
achieved an average AUC of 0.985 ± 0.003 and ac-
curacy of 0.942 ± 0.009, with low variance across
folds, indicating consistent and reliable performance.
Slightly better performance is observed on the C. el-
egans dataset (see Table 6), with an AUC of 0.987
± 0.003 and an accuracy of 0.952 ± 0.005, suggest-
ing that the model better captures this organism’s
protein structure. The reduced standard deviations
across all metrics for these two datasets indicate min-
imal inter-fold variance, reinforcing the reliability of
the performance estimates. For the BioSNAP dataset
(see Table 7), the results show an AUC of 0.996 ±
0.001 and a recall of 0.995 ± 0.001, regardless of
whether training was performed using the Human
or C. elegans dataset as the supplementary source.
The equivalent results obtained in these two config-
urations indicate that the model is not sensitive to
the auxiliary data source, attesting to transferability
and consistency. Overall, these results show that the
proposed model maintains stable performance across
folds, indicating its effectiveness and ability to gener-
alize.

5.4.3 Learning curves

The evolution of training and validation losses (av-
eraged over the 5 folds) is apparent in Fig. 5 over
60 epochs for different model variants. We observe
that for all configurations, the loss decreases regu-
larly, indicating convergence. However, several dif-
ferences emerge:

• Single task models (Fig. 5(a–b)): the loss de-
creases rapidly during the initial epochs before
stabilizing. On BioSNAP (Fig. 5a), the vali-
dation loss remains below the training loss, in-
dicating good generalization. On Human (Fig.
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Table 4: Model performance with different numbers of experts (Human and C.elegans).

Table 5: Model performance with different numbers of experts (BioSNAP).

Table 6: CV results on the Human and C. elegans datasets.

Table 7: CV results on the BioSNAP dataset.
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5b), the validation loss stabilizes slightly above
the training loss, suggesting mild overfitting.

• Multitask-FC (Fig. 5(c–d)): follows a similar
trajectory to that of the single-task model. On
BioSNAP (Fig. 5c), the validation results re-
main below the training results. On Human (Fig.
5d), a slight discrepancy persists, comparable to
that observed in Fig. 5b.

• Multitask-MoE (Fig. 5(e–f)): The training
and validation losses follow a quasi-parallel tra-
jectory, indicating good generalization. On BioS-
NAP (Fig. 5e), the loss decreases sharply during
the first epochs before stabilization around a low
value, with the validation curve remaining below
the training curve, indicating good generaliza-
tion. On Human (Fig. 5f), convergence remains
steady throughout training, without marked fluc-
tuations. Alignment between curves in both cases
indicates a reduced generalization gap compared
to other variants.

These observations show that introducing the MoE
block in the multitask approach improves learning
stability and final performance.

Fig.5: Learning curves.

5.4.4 Confusion matrix

Fig. 6(a-c) shows the confusion matrices for the
DDI task on the BioSNAP dataset. We observe that
the single-task model achieves stable performance
(7,944 TN, 8,192 TP) with moderate errors (387 FP,
85 FN) (Fig. 6a). The FC multitask model shows a
slight degradation, with an increase in false positives
(421) and false negatives (101) (Fig. 6b). The MoE
model, on the other hand, shows a good diagonal of
(8,106 TN, 8,237 TP) with a reduction in errors (225
FP, 40 FN) (Fig. 6c).

Fig. 6(d-f) shows the confusion matrices for the
DTI task on the Human dataset. We observe that the
single-task model already achieves reasonable class
separation (295 TN, 323 TP). Still, with a significant
number of false positives (30) and false negatives (25)
(Fig. 6d), the FC multitask model slightly degrades
this balance (Fig. 6e), increasing false negatives (50)
while reducing false positives (14). In contrast, the
MoE model demonstrates good class separation (308
TN, 325 TP), with the lowest combined error rate (17
FP, 23 FN) (Fig. 6f). Based on these visualizations,
we can observe that integrating the MoE mechanism
into a multitask approach not only yields numerical
improvements but also enhances model stability by
consistently reducing false positives and false nega-
tives across both datasets.

Fig.6: Confusion matrix.

5.4.5 Gating network analysis

To better understand how the selection mechanism
works in the MoE architecture, we will illustrate the
gating mechanism’s behavior in detail using several
complementary visualizations.

The heatmaps of gating weights (see Fig. 7 and
Fig. 8) show the distribution of expert contributions
for the first 100 test samples of the DDI and DTI tasks
from the Human and BioSNAP datasets. For the
DDI task (Fig. 7), we observe that the distribution
of selection weights is largely consistent across the
four experts. No single expert dominates the set of
samples, and color variations remain moderate. This
behavior suggests that the gate adjusts its weights
differently for each sample, without converging to an
exclusive delegation strategy.

For the DTI task (Fig. 8), we observe a distinct
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Fig.7: MoE gating heatmap (DDI task).

pattern in the heatmap. Expert 1 shows significantly
higher selection weights than the other three experts
(2, 3, and 4) for most samples. This contrast suggests
that the gate for the DTI task preferentially directs
samples toward a particular expert, reflecting asym-
metric expert roles in this task.

Fig.8: MoE gating heatmap (DTI task).

To better characterize this behavior, we calcu-
lated Pearson correlations between each expert’s se-
lection weights and the average activation of the con-
volutional kernels applied to protein representations
across three k-mer scales (k = 3, 5, and 7). The re-
sults are presented as a heatmap (see Fig. 9). Expert
1 has positive correlations with the k-mer activations
for all three scales considered: r = +0.52 for k = 3, r
= +0.49 for k = 5, and r = +0.72 for k = 7. These
values suggest that the DTI gate tends to assign a
higher weight to expert 1 as the protein representa-
tion’s k-mer scale increases. In contrast, experts 2, 3,
and 4 show negative correlations with these same ac-
tivations, with the most pronounced values observed
for expert 2 (r = -0.51 for k = 7), expert 4 (r =-
0.49 for k = 7), and expert 3 (r = -0.39 for k =
7). The anti-correlation pattern suggests that when
expert 1 is assigned a high weight, the other three
experts are less frequently activated. These results,
combined with the pattern observed in the heatmap
(Fig. 8), suggest that expert 1 has a distinct function
in protein representation.

This asymmetry suggests operating modes that
vary with the nature of the task.

Fig.9: Expert Correlations vs. k-mer Scales.

5.4.6 Ablation study

We conduct an ablation study to understand the
impact of model configurations on overall perfor-
mance. We compare variants presented previously
in Section 4:
• Model trained separately for each task (DTI or

DDI).
• Multitask model with an FC block.
• Multitask model with a separate MoE block per

task.
This study aims to quantify the contribution of

the MoE mechanism and verify whether it provides a
meaningful improvement over the selective sharing of
each task’s representations. On the Human dataset
(see Table 8), the multitask model with MOE per-
forms well with an AUC of 0.985, an accuracy of
0.942, and an F1 score of 0.941, compared to the
single-task and MTL-FC variants. While the mul-
titask model with FC has a slightly higher precision
(0.963), this is accompanied by a significantly lower
recall (0.813), indicating less balanced performance.
In contrast, MTL-MoE offers a good compromise be-
tween precision (0.951) and recall (0.931). On the
C. elegans dataset (see Table 8), the same trend is
observed.

Regarding the BioSNAP dataset (see Table 9),
for both configurations (Human and C. elegans), the
multitask model with MoE achieved significant re-
sults, with an AUC of up to 0.996, an accuracy of
0.980, and an F1-score of 0.980. Compared to pre-
vious observations, MoE also improves recall here,
so it performs well compared to single-task models
and MTL-FC models. These results demonstrate that
multitasking with MoE represents the most efficient
and stable configuration for numerical performance.

5.4.7 Statistical test

We used the corrected resampled t-test proposed
by Nadeau and Bengio [36] to assess the statistical
significance of the performance differences between
the MoE model and the other models. The results
of this test, conducted on the BioSNAP and Human
datasets employing the F1 score metric (see Table
10). The significance threshold is set at α = 0.05.
For the DDI task, the MoE model obtained a delta
of 0.0130 compared to the Single-Task model (p =
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Table 8: Ablation results for the Human and C.elegans dataset .

Table 9: Ablation results for the BioSNAP dataset.

Table 10: Comparison of the statistical performance of the MoE model with the corrected resampled t-test.

0.0056, 95% CI [0.0101; 0.0157]) and 0.0037 com-
pared to the FC model (p = 0.0313, 95% CI [0.0024;
0.0050]). For the DTI task, the MoE model shows a
delta of 0.0284 compared to the Single-Task model (p
= 0.0100, 95% CI [0.0193; 0.0364]) and 0.0617 com-
pared to the FC model (p = 0.0131, 95% CI [0.0408;
0.0808]). Furthermore, the 95% confidence intervals
do not include zero, which indicates that the observed
differences are not attributable to sampling variance.

5.5 Comparison results

Below, we present two comparisons: against state-
of-the-art (SOTA) methods and against a GNN base-
line trained under the same experimental protocol.

5.5.1 Comparison with state-of-the-art (SOTA)

The performance of our model was evaluated by
comparing it with SOTA methods, namely [10], [15],
[19], [9], [23], and [24]. The comparisons were carried
out on the same three datasets. The metrics consid-
ered are primarily the AUC and the F1-score, which
reflect the discriminative capacity and the balance
between precision and recall, respectively [35].

On the Human dataset, MTL-MoE achieves com-
petitive performance with an AUC of 0.985 and an
F1 score of 0.941, outperforming [19] and remaining
comparable to [10] and [15]. This highlights the effec-
tiveness of the MoE mechanism for separating com-
plex molecular representations (see Table 11).

On the C. elegans dataset, our model achieves an
AUC of 0.987, outperforming [15] (0.986) and [19]
(0.960), while remaining close to [10] (0.990). For
the F1 score, our model achieves 0.952, which is

comparable to [10] and [15] (0.956) (see Table 11).
These results show that the MoE-based model offers
a consistent advantage across datasets, even in sce-
narios where SOTA models already achieve high per-
formance.

Table 11: SOTA comparison (Human and
C.elegans).

Human C.elegans
Model \ Metrics AUC F1 AUC F1

[10] 0.979 0.935 0.990 0.956
[15] 0.978 0.940 0.986 0.956
[19] 0.946 0.855 0.960 0.894

MTL-MOE 0.985 0.941 0.987 0.952

On the BioSNAP dataset, our model achieves an
AUC of 0.996 and an F1 score of 0.980, outperforming
[23] (AUC 0.974, F1 0.926) and equal to [9] in F1.
While [24] achieves a slightly higher F1 score (0.982
vs. 0.980), our model outperforms it in AUC (0.996
vs. 0.992) (see Table 12). These results show that
the proposed model maintains stable performance on
complex DDI tasks with high chemical redundancy.

Table 12: SOTA comparison (BioSNAP).
Model \ Metrics AUC F1

[9] 0.990 0.980
[23] 0.974 0.926
[24] 0.992 0.982

MTL-MOE 0.996 0.980
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5.5.2 Comparison with baseline

To enhance the credibility of our comparative eval-
uation, we reimplemented two architectures based on
GNN [7], which are as follows:
• GraphDTA [37] (for the DTI task): represents

each molecule using graph convolutional layers
and encodes proteins using a 1D CNN. Two vari-
ants were evaluated: GCN and GAT-GCN.

• SSI-DDI [38] (for the DDI task): encodes each
molecule using GAT layers and models inter-
actions between their substructures via a co-
attention mechanism. These two methods were
trained and evaluated using the same experimen-
tal protocol and on the same datasets as our
MTL-MoE model.

For the DTI task, the GCN variant of GraphDTA
achieves an AUC of 0.966 and an F1-score of 0.908
on the Human dataset, while the GAT-GCN variant
improves upon these results with 0.975 and 0.920, re-
spectively. Our MTL-MoE model outperforms these
two variants, achieving an AUC of 0.985 and an F1-
score of 0.941. On C. elegans, the trend is similar (see
Table 13).

Table 13: Baseline comparison (Human and
C.elegans).

Human C.elegans
Model \ Metrics AUC F1 AUC F1

GraphDTA 0.966 0.908 0.978 0.936
(GCN) [37] ±0.006 ±0.013 ±0.006 ±0.010
GraphDTA 0.975 0.920 0.985 0.945

(GAT-GCN) ±0.005 ±0.008 ±0.001 ±0.003
[37]

MTL-MOE 0.985 0.941 0.987 0.952
±0.003 ±0.008 ±0.003 ±0.005

For the DDI task, SSI-DDI achieves an AUC of
0.981 ± 0.001 and an F1 score of 0.934 ± 0.002 on
the BioSNAP dataset. Our MTL-MoE model out-
performs the baseline model, with an AUC of 0.996
± 0.001 and an F1 score of 0.980 ± 0.002 (see Table
14).

Table 14: Baseline comparison (BioSNAP).
Model \ Metrics AUC F1

SSI-DDI [38] 0.981±0.001 0.934±0.002
MTL-MOE 0.996±0.001 0.980±0.002

5.6 Case study

To assess the generalizability of our model, we
tested it on the most commonly used drugs provided
by the pharmacovigilance laboratory at the univer-
sity health institution in Oran, Algeria. The model
shows good overall agreement between real values and
predictions on the DTI task (see Table 15, which lists
each drug by its DrugBank ID and each protein by
its UniProt ID). On this new data, only one interac-
tion (DB00717–P06401) was misclassified. Norethis-

terone (DB00717) interacts with the progesterone re-
ceptor (P06401), and this pair is labeled as positive
in the Human dataset. However, the model pre-
dicts a negative interaction. A bias in the training
data can explain this error. The molecules that con-
tain a terminal alkyne (C]C), such as norethisterone,
are associated with a non-interaction in 71.6% of the
cases in the dataset, compared to only 28.4% of pos-
itive interactions. The model has therefore implicitly
learned that this chemical group is predominantly in-
compatible with protein binding. When evaluating
the DB00717–P06401 pair, this negative bias dom-
inates its prediction, despite the actual interaction
present.

On the other hand, P06401 is implicated in only
six pairs in the dataset, all of which are posi-
tive, limiting the model’s ability to learn a reli-
able binding profile for this target. When evalu-
ating the DB00717–P06401 pair, these two biases
may be the cause of the observed misclassification.
On the DDI task (see Table 15), only one interac-
tion (DB00421–DB00717) was wrongly predicted as
positive. From the analysis of the BioSNAP train-
ing dataset, we observe that neither norethisterone
(DB00717) nor spironolactone (DB00421) is present
in the DDI training data. The model has no direct
signal to evaluate their combination. It is forced to
generalize only from structurally similar molecules,
which leads to the observed misclassification. These
results suggest that our model can be generalized
to local data. However, these results remain ex-
ploratory, and further validation on larger, more di-
verse datasets would be essential.

Table 15: Case study.
DTI task

Drug Protein Real Predicted
DB00331 Q9Y478 True True
DB00945 P23219 True True
DB00091 P49069 True True
DB00717 P06401 True False
DB00080 P02768 False False
DB00252 P11712 False False
DB00264 P07550 False False
DB00295 P10632 False False

DDI task
Drug1 Drug2 Real Predicted

DB00421 DB01048 True True
DB00331 True True
DB00945 True True
DB00091 True True
DB00717 False True
DB14480 False False
DB03692 False False
DB01050 False False



An AI-based Mixture-of-Experts Framework for Multi-Type Iatrogenic Drug Interaction Prediction 513

5.7 Computational complexity

We describe the algorithmic complexity of our pro-
posed model in Table 16.

Table 16: Proposed model complexity.
Component Complexity

DDI representation O(d)
DTI representation O(d)

Drug module O(df .k)
Protein module O(L′.k)

MoE (DDI) O(NDDI
e .2d.dh)

MoE (DTI) O(NDTI
e .4d.dh)

Gating network O(din.Ne)

Given that: where d, df , L
′, dh, din, and Ne: Note

the embedding dimension, fingerprint size, sequence
length, hidden size, input dimension, and number
of experts, respectively. The dedicated modules for
drugs and proteins are moderately complex due to
the use of convolution operations. This complexity
is mitigated by the pooling layers, which significantly
reduce feature dimensionality. The MoE modules in-
fluence the overall complexity of the model. The DDI
task operates on a 2d input, whereas the DTI task
uses a richer 4d representation. The overall complex-
ity can therefore be written as follows:

O
(
NDDI

e .2d.dh +NDTI
e .4d.dh

)
(10)

5.8 Computational cost

Table 17 illustrates the computational analysis of
the MoE model compared to the FC model. We
observe that the MoE introduces a moderate com-
putational overhead compared to the FC baseline.
In fact, the MoE model contains approximately 1.31
million parameters compared to 1.16 million for the
FC model (an increase of about 14%), with a cor-
responding model size of 5.04 MB versus 4.44 MB.
In terms of theoretical complexity, both models ex-
hibit identical FLOP (Floating Point Operations) [39]
for the DDI task (1.40G) and nearly identical val-
ues for the DTI task (5.34G vs. 5.36G), indicating
that the MoE architecture does not significantly in-
crease arithmetic complexity. In terms of inference
latency, the MoE model shows a moderate increase
of approximately 15% for the DDI task (53.054 vs.
45.934 µs/sample) and about 4% for the DTI task
(144.888 vs. 139.556 µs/sample). GPU memory con-
sumption increases moderately, from 61.01 to 81.29
MB for the DDI task and from 135.26 to 155.54 MB
for the DTI task. Overall, these results suggest that
the MoE architecture provides competitive predictive
performance while maintaining a reasonable compu-
tational cost.

Table 17: MoE vs FC Cost.
DDI DTI

Model / Metrics FC MoE FC MoE
Params 1,159,586 1,316,072 1,159,586 1,316,072

Size (MB) 4.44 5.04 4.44 5.04
FLOP 1.40G 1.40G 5.34G 5.36G

Inference 45.934 53.054 139.556 144.888
Time

(µs/sample)
GPU Memory 61.01 81.29 135.26 155.54

(MB)

6. CONCLUSION

In this work, we proposed a multitask architecture
for parallel prediction of DDI and DTI interactions.
The model is based on a combination of MoE blocks,
enabling good generalization. The results across sev-
eral datasets show that the multitask MoE model
achieves competitive performance compared to single-
task approaches and multitask architectures that rely
solely on dense layers. This model shows good robust-
ness across diverse chemical and protein representa-
tion spaces. In addition, we validated the model using
real local data from the Oran pharmacovigilance lab-
oratory, thereby highlighting its generalizability. For
prospects, we plan to expand our scope of study to
other types of interactions (drug-food, disease-drug,
etc.). From a technical perspective, the modular de-
sign of the proposed MoE architecture facilitates such
extensions. For example, food compounds can be rep-
resented using molecular structures similar to those
of drugs (e.g., SMILES-based representations), allow-
ing the reuse of the existing drug encoding module.
For disease-related interactions, additional modules
can be designed to incorporate disease-specific fea-
tures, such as clinical or biological descriptors, and
integrated into the framework via the same modu-
lar pipeline. We also intend to explore additional
datasets and investigate self-supervised learning to
further improve the model’s transferability. More-
over, we will consider implementing more systematic
hyperparameter optimization strategies, such as grid
search or Bayesian optimization, to further improve
the model’s performance and reproducibility. We also
wish to explore more rigorous evaluation settings, in-
cluding cold-start scenarios (drugs or proteins not
used in the experiment), to better assess generaliza-
tion under real-world conditions. Finally, we plan
to add another MoE variant that supports multiple
gates.
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