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Abstract
Drug-drug interactions (DDIs) stand at the forefront of challenges in modern pharmacology, necessitating precise
prediction methods to ensure patient safety. This study presents a pioneering approach that synergizes attributed
heterogeneous graph embedding with deep learning to forecast DDIs and their specific classifications. Our methodology
is delineated into two pivotal stages. The preliminary phase revolves around data assimilation, leading to the creation of
specialized feature matrices such as Chemical Composition, Interaction Targets, Enzymatic Reactions, and Biological
Pathways. These matrices culminate in a comprehensive drug network where drugs are symbolized as nodes. Upon
rigorous data refinement, these matrices serve as attribute markers for each node. Capitalizing on the robustness of
the attributed heterogeneous network, we amalgamate diverse drug attributes, thereby amplifying the depth of drug
interaction assessments. The subsequent phase sees these drug embedding vectors undergo strategic concatenation,
resulting in detailed feature vectors for drug pairings. The final step involves a dense neural network, tasked with decoding
intricate drug interaction nuances. The introduction of an attention-driven embedding process further accentuates the
model’s capability by emphasizing pivotal interactions. The promising results, coupled with an innovative methodology,
sets the stage for future explorations, potentially revolutionizing DDI predictions.
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I. INTRODUCTION

Patients with chronic illnesses like hypertension, cancer, and
cardiac issues frequently take multiple medications at the
same time. This concurrent consumption can lead to DDIs,
potentially diminishing the effectiveness of the treatments
and possibly causing adverse drug reactions (ADRs) [1, 2].
Recognizing these potential DDIs early on is crucial to de-
crease negative outcomes. Nonetheless, due to the limited
scale and duration of clinical trials, many such interactions
might go unnoticed before the drug reaches the market [3].
Carrying out clinical tests for every possible drug combina-
tion is also prohibitively expensive. Consequently, there’s a
pressing need for a digital approach that can automatically
detect and address unexpected DDIs.

Public databases such as DrugBank1, STITCH2, SIDER3,
PubChem4, KEGG5, among others, have paved the way for
various computational models designed to identify Drug-Drug
Interactions (DDIs) [4, 5]. Many of these models assess the
SMILES (Simplified Molecular Input Line Entry System) sim-
ilarity or binding characteristics of drug pairs [6]. SMILES is
a unique notation that employs ASCII symbols to represent
molecular configurations in detail. A sequence of these sym-
bols can represent a molecule’s three-dimensional chemical
architecture. However, within a molecule’s entire structure,
only certain substructures play a pivotal role in the chemical
interactions between drugs, rendering the remaining struc-
tures relatively inconsequential [7]. Focusing on the full
chemical structure could give undue emphasis to these non-
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essential substructures, potentially weakening the accuracy of
DDI predictions [8]. Given our growing capability to access
relational drug information, contemporary techniques often
amalgamate diverse data sources to identify drug attributes,
such as side effects, target proteins, pathways, and therapeutic
indications [3, 9].

Recently, there’s been a surge in interest in using network-
based techniques for the study of DDIs. The bulk of these
graph- centered approaches focus on binary relationships be-
tween drugs. Typically, in these methods, a straightforward
graph is used where each node represents a drug and edges
indicate known interactions between these drugs. Nonethe-
less, some strategies delve deeper, factoring in relationships
between drugs and other biological factors, leading to the con-
struction of heterogeneous networks. From these networks,
varying topological data is harnessed to anticipate unidenti-
fied connections or interactions between drugs. Over recent
years, deep learning has revolutionized many sectors, with the
pharmaceutical domain being no exception. This advanced
subset of machine learning has brought about a paradigm shift
in drug discovery and DDI prediction. Traditional methods
often relied on structured data and specific features for drug
interactions, but deep learning has the ability to automatically
extract patterns and features from vast amounts of unstruc-
tured data. Neural networks, particularly convolutional and
recurrent networks, have been at the forefront of this transfor-
mation. By leveraging vast datasets and computational power,
these networks analyze molecular structures, physiological
reactions, and other drug properties, offering a more holistic
view of potential interactions. This leap in technology has
not only expedited the process of drug discovery but has also
improved the accuracy and reliability of DDI predictions, pro-
viding a safer and more efficient pathway to drug development.
However, as with any technology, deep learning models for
DDI have had their challenges, leading to the exploration of
even more advanced techniques like graph neural networks
(GNN) to further refine the process.

With the emergence and enhancement of graph neural
networks (GNN), several models using GNN for DDI predic-
tion have been put forward [5, 10]. Some models manually
generate heterogeneous graphs drawing from various sources,
while others

form biomedical knowledge graphs by distilling triplets
from raw datasets like DrugBank [11, 12]. In these intricate
networks, different components. The connections or relation-
ships among these components are portrayed as edges. Al-
though integrating diverse drug-related details from multiple
sources can provide a deeper understanding of DDIs and has
shown promising results, merging data from various origins
poses challenges. Deciphering which piece of information is
most critical for DDI prediction requires profound knowledge

of biomedical entities. This becomes even more complex
for drugs in the nascent stages of development. Additionally,
having comprehensive data for every drug is often unrealistic,
especially for newly introduced ones. Hence, these models
might falter when any piece of data goes missing [13].

In this study, we introduce an innovative approach for
forecasting DDIs and their respective categories utilizing a
blend of attributed heterogeneous graph embedding combined
with deep learning techniques. Our methodology is bifurcated
into two distinct phases. The initial phase emphasizes the ac-
cumulation of data, subsequently leading to the formulation of
four distinct feature matrices. Additionally, a matrix specific
to drug-drug interactions is devised. This matrix subsequently
aids in the construction of a multifaceted drug network, where
each drug is represented as a node. Upon meticulous prepro-
cessing, the feature matrices are integrated into this network,
serving as attribute descriptors for each node. Leveraging the
capabilities of the attributed heterogeneous network represen-
tation, we seamlessly fuse diverse drug attributes to enhance
the granularity of drug interaction classifications, thereby fa-
cilitating the generation of insightful drug embedding vectors.

Transitioning to the second phase, these embedding vec-
tors corresponding to individual drugs are readied. By im-
plementing a strategic concatenation approach, we generate
comprehensive feature vectors for drug pairs. The culmination
of this process involves deploying a densely connected neural
network, which harnesses these vectors to discern the nuances
of drug interaction categories. Augmenting our methodology,
we integrate an attention-centric embedding procedure within
the established graph. This technique assigns proportional
weights to each node (representing drugs) predicated on its
significance, thereby enabling the model to prioritize crucial
interactions throughout the prediction trajectory.

II. RELATED WORKS

Over the years, various methodologies have been put forward
to tackle the DDI prediction challenge. These approaches
can generally be segmented into three primary categories:
similarity-based, classification-based, and network-based meth-
ods. Historically, a common hypothesis in similarity-based
methods is that drugs with analogous characteristics are likely
to have comparable interaction profiles. As such, many tech-
niques strive to pinpoint resemblances between drugs. Vari-
ous metrics have been devised to measure these resemblances,
such as pharmacological, topological, or semantic similari-
ties, with these metrics often rooted in statistical learning, as
shown in Table I.

For instance, Vilar et al. [14] ventured into predicting
DDIs by tapping into molecular similarities. They encap-
sulated each drug using a molecular fingerprint, which is
essentially a binary vector, signaling the existence (or non-
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TABLE I.
TYPE SIZE FOR PAPERS

Approach Reference Main Idea and Techniques

Similarity-Based
Vilar et al. [14]

Molecular similarities with binary vector finger-
prints.

INDI [15]
Amalgamates seven measures of drug-drug similarity

from varied data sources.

Study [16]
Uses four distinct biological information types for

drug similarity.

Classification-Based
Davazdahemami and Delen [17]

Graph incorporating drug-protein and drug-side effect
interactions, with classification strategy.

Luo et al. [18]
Instantaneous DDI predictions based on molecular

configuration, with logistic regression model.
Ibrahim et al. [19] Variety of similarity features for ML classifiers.

Network-Based
Study [20] Drug networks based on confirmed DDIs.

Study [21]
Molecular graph construction from

SMILES notation.

Decagon [5]
Knowledge graph with relational GCNN for

multi-relational, multimodal networks.

existence) of specific molecular attributes. In another intrigu-
ing study, [15] introduced INDI, a system which amalgamates
seven varied measures of drug-drug similarity gleaned from
a spectrum of data including drug side-effects, molecular
fingerprints, therapeutic effects, and more. A noteworthy con-
tribution also comes from [16], where the researchers factor
in a quartet of distinct biological information types to gauge
the similarity between drug duos.

Numerous models leverage features drawn from diverse
biological entities and drug interaction data, subsequently
applying varied machine learning (ML) techniques for DDI
training [8, 17–19].

For example, Davazdahemami and Delen [17] formulated
a graph that encapsulates both drug-protein and drug-side
effect interactions. Building on this, they harnessed a clas-
sification strategy on the amassed feature set, generating a
series of similarity and centrality metrics rooted in the net-
work. These metrics were then channeled into four distinct
ML models for evaluation. In a different approach, Luo et
al. [18] introduced a DDI prediction platform capable of deliv-
ering instantaneous predictions, relying solely on the molec-
ular configuration of drugs. This system evaluates a drug’s
chemical makeup against 611 human proteins, resulting in a
611-dimensional vector that represents how the drug docks
with each protein. Features for drug pairs are then formed
by linking these docking vectors. Using these attributes, they
then developed a logistic regression model dedicated to DDI
predictions.

Taking another tack, Ibrahim et al. [19] commenced by
extracting a variety of similarity features, using logistic regres-

sion to hone in on the most optimal feature. This handpicked
feature was then integrated into six disparate ML classifiers
with the objective of DDI prediction. However, a recurring
challenge in DDI prediction pertains to the scarcity of nega-
tive samples. A novel solution to circumvent this predicament
is presented in [8], termed DDI-PULearn. This method ini-
tially crafts negative samples by leveraging techniques like
one-class SVM and kNN. Following this, both the positive
and the synthetically created negative samples are employed
in the process of DDI prediction.

In the past ten years, network-based models have gained
significant traction in addressing drug-related challenges. Some
researchers have designed drug networks based on confirmed
DDIs, where individual drugs are represented as nodes and
any interaction between drugs is signified by a connecting
link [20]. Furthermore, there’s a rising trend in utilizing
heterogeneous information networks that incorporate diverse
biomedical entities, such as proteins, side effects, and path-
ways, to tackle analogous issues [9].

An alternative approach is presented by [21], where a
unique molecular graph is constructed for each drug derived
from its SMILES notation. In addition, prevalent network-
based models frequently harness drug embeddings and aim to
directly discern latent node embeddings via multiple embed-
ding techniques. However, one of their inherent limitations is
the constrained capability to capture specific neighborhood in-
formation about any entity within Knowledge Graphs (KG). In
recent times, Graph Neural Networks (GNNs) have emerged
as powerful tools, exhibiting noteworthy results across various
domains. These include areas such as drug discovery [22],
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drug misuse identification [23], and drug-drug interaction
prediction [21, 24, 25], among others.

For instance, Decagon [5] pioneered the development of
a knowledge graph. Building on this, they conceptualized
a relational GCNN, tailored specifically for predicting links
across multi-relational, multimodal networks. In an innovative
twist, they employed a unique graph auto-encoder method,
facilitating an end-to-end trainable model adept at predicting
links on a multimodal graph.

Taking another innovative route, CASTER [7] ventured
into creating a dictionary learning architecture, which was
geared towards predicting DDIs, with a primary focus on
drug chemical structures. By capitalizing on the text rep-
resentation of a drug’s molecular configuration, namely its
SMILES ‘ [26] strings, CASTER was able to surpass nu-
merous advanced deep learning models, including the likes
of DeepDDI [27] and molVAE [28]. The secret sauce of
CASTER is its sequential pattern mining approach, which,
in the training phase, identifies similar substrings within the
provided SMILES strings. These identified patterns are then
transposed into embeddings via an encoder module. Subse-
quently, these feature embeddings are converted into linear
coefficients, which are processed through a decoder and a
predictor module to generate DDI predictions.

Another noteworthy contribution comes from [25], where
they devise a drug network, connecting two drugs if they bear
similar chemical substructures. Following this, various GNN
models are applied to this network to obtain drug representa-
tions. These representations of drug pairs are then directed to a
machine learning classifier to ascertain potential interactions.

III. MATERIALS AND METHODS

In this study, we introduce a dual-stage framework that amal-
gamates various drug attributes to anticipate DDI-specific
events, leveraging the potency of attributed heterogeneous
network representations in conjunction with a series of deep
neural networks. In the initial phase, our framework employs
a GNN model to derive drug embeddings from the attributed
heterogeneous networks. Following this, the aggregated fea-
ture vectors are subjected to a series of deep neural networks
to pinpoint DDI events.

Crucially, our approach incorporates an attention-driven
embedding mechanism within the graph’s architecture. This
mechanism systematically allocates weights to individual
nodes (drugs), contingent on their contextual significance,
ensuring the model prioritizes pivotal interactions throughout
the predictive analysis. The data preparation phase is geared
towards crafting these attributed heterogeneous networks, af-
ter which representation vectors for the drugs are generated
via the GNN model, serving as the foundation for learning
in attributed heterogeneous networks. Subsequently, these

embedding vectors are concatenated, forming the basis for
training the model. The endgame is to adeptly predict both
the presence of DDIs and their respective categories.

A. Data Collection
In the context of this investigation, the primary dataset was
sourced from the research conducted by Deng et al. [3]. In
their exploration, the team meticulously gathered and pro-
cessed requisite data from esteemed databases, prominently
DrugBank42 and KEGG43. This dataset encompasses four
distinct drug property matrices: Chemical composition, Inter-
action Targets, Enzymatic reactions, and Biological Pathways.
Our team secured the Pathway matrix from both the DrugBank
and KEGG repositories. Conversely, the remaining matrices
were exclusively extracted from DrugBank. Within these ma-
trices, the columns symbolize the drugs, while the rows depict
specific attributes related to the drugs (e.g., the variety of
enzymes). A binary representation (1 or 0) within these ma-
trices signifies the presence or absence of a distinct attribute,
such as a specific enzyme linked to a drug. Furthermore, the
dataset proffers an edge list detailing drug-drug relationships,
encapsulating 65 varied drug-drug interaction types. These
interactions in the database are articulated as a quadruple en-
semble comprising drug A, drug B, the interaction mechanism,
and its subsequent action. Here, the ”mechanism” delineates
the metabolic or therapeutic implications of the drug interac-
tions, while ”action” conveys the augmentation or diminution
of these effects. For our purposes, we utilized the initial two
components to structure the drug interaction edge list, and the
latter pair was leveraged to define the interaction category or
what we refer to as an ”event”. It’s noteworthy that the event
distribution in this dataset is skewed, indicating an imbalance
in data representation.

The version 5.1.3 of DrugBank provided us with a com-
prehensive dataset structured into four tables:

1. The ”drug” table, cataloging 572 distinct drugs along-
side their attributes.

2. The ”event” table, showcasing 37,264 DDIs spanning
the aforementioned 572 drug varieties.

3. The ”extraction” table, representing the outcomes of
NLP processes, whereby each interaction is presented
as a tuple containing the mechanism, action, drug A,
and drug B.

4. Lastly, the ”event numer” table enumerates the various
DDI events and their respective occurrence frequencies.

The Table II provides a concise summary of the dataset
utilized in the study. It outlines the distinct types of data and
their corresponding counts, as shown in Fig. 1.
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TABLE II.
SUMMARY OF THE DATASET

Type of Data Count
Drugs 572

Drug-Drug links 37,269
Target 1,162

Enzyme 202
Chemical structure 881

Drug Pathway 957

Fig. 1. Embedding matrix

The dataset contains information on 572 different drugs.
Interactions between these drugs are represented through
37,269 drug-drug links. Additionally, various attributes associ-
ated with these drugs are further categorized and enumerated.
This includes 1,162 different targets, 202 enzymes, 881 dis-
tinct chemical structures, and 957 unique drug pathways. The
variety and depth of the dataset emphasize its comprehensive
nature, offering a broad perspective on drug interactions and
their associated properties.

For a comprehensive understanding of the embeddings
that represent drug interactions, we harness a blend of the
Jaccard similarity function and a graph-centric neural network
model, augmented by an attention mechanism. Here’s a more
granular breakdown:

1) Jaccard Similarity Function
Given two binary feature vectors A and B, each comprised of
n elements:

• M11 accounts for occurrences where both vectors A and
B register a value of 1.

• M01 stands for scenarios wherein A logs a 0 and B
records a 1.

• M10 pinpoints situations where A holds a 1 and B notes
a 0.

To discern the similarity between two drug entities, let’s
call them di and, especially when pivoting around target pro-
teins, we extract the relevant rows from the feature matrix and

channel them into the Jaccard function.

B =
M11

M11 +M01 +M10
(1)

B. Attention-Based Embedding Process
Our underlying ambition here is to implement an attention-
driven embedding mechanism on the structured graph. This
mechanism judiciously allots weights to the various drug
nodes (or vertices) in alignment with their importance or
relevance. Such a strategy ensures that our model remains
acutely attuned to the most pivotal interactions, significantly
enhancing the precision of subsequent predictions.

C. Constructing the Embedding
To this end, we have developed an attributed heterogeneous
network which is sculpted out of the drug-drug edge list. This
multifaceted network, populated with diverse edge types, lu-
cidly presents the nature and specifics of drug interactions.
Herein, nodes epitomize drugs, while the attributes tethered
to these nodes mirror the unique characteristics of each drug.

In our quest to achieve an accurate drug representation,
we operationalize the attributed heterogeneous network. For
every iterative step, a distinct similarity matrix is annexed
as a node attribute. This systematic approach culminates in
the formation of four discrete networks. The act of embed-
ding takes into account both the architectural blueprint of the
network and the vectors associated with each node feature.
The ensuing embedding matrix, thus formulated, encapsulates
three crucial dimensions: the node count, the span of the
embedding, and the diversity of edge types.

D. GNN Approach
In the vast realm of neural networks, ”embedding” often refers
to crafting condensed vectors for input entities, underpinned
by their inherent attributes. A plethora of techniques are
at our disposal to materialize such graph embeddings. Our
methodology of choice Dimensionality Reduction and Deep
Learning Prediction dovetails a GNN model specifically cal-
ibrated for deciphering attributed heterogeneous networks.
The endgame? Extracting a distilled representation of the
nodes.

Drawing inspiration from contemporary research litera-
ture, our method seeks to obtain meaningful embeddings from
the said heterogeneous network. This ingenious algorithm is
adept at uncovering latent attributes intrinsic to the network’s
structure, all while giving due weightage to node-specific
attributes. Every node, represented as vi, is bestowed with
a dual embedding – a foundational base embedding and a
nuanced edge embedding. These are generated by a transfor-
mative function that factors in both the node’s attributes and
the overarching network schema.
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The modus operandi here is straightforward. The GNN in-
gests the heterogeneous network, complemented by attributes
specific to nodes. The initial phase involves concocting train-
ing samples across different edge types via the Random Walk
diffusion paradigm. Post this, the model conjures node se-
quences with the help of Random Walk, subsequently employ-
ing the Skip-gram technique over these sequences to glean
the embeddings. This iterative process ensures the model is
perpetually updated, ensuring a holistic embedding for every
node across varying edge types.

Assuming we’re navigating through n drugs and r edge
types, and when using the Enzyme similarity matrix as a guid-
ing node attribute, our embedding materializes as Eer

in . Addi-
tional matrices, denoted by Etr

in ,E
pr
in , and Esr

in , are developed
using n. Target, Pathway, and Chemical Structure Similarity
Matrix as node characteristics, in that order. Essentially, four
matrices are produced by the embedding process; they are
derived from the drug-drug interactions network and the four
similarity matrices associated with drug characteristics.

E. Dimensionality Reduction and Deep Learning Prediction
Upon the derivation of the embedding matrices for individ-
ual drugs, our methodology encompasses an aggregation (or
concatenation) process. The primary objective here is to com-
press these multi-dimensional matrices into a singular, one-
dimensional feature vector. This streamlined vector is then
fed into a multi-layered, fully connected deep learning model,
equipping it to accurately predict various DDI types.

F. Dimensionality Reduction of Embedding Matrice
s Once the network’s embedding matrix has been formulated,
each drug manifests as a two-dimensional matrix. Intrinsically,
this matrix encapsulates the node (Drug) embedding vectors
across various interaction (or edge) types. To synthesize these
drug embedding vectors, we employ a concatenation process.
The resultant one-dimensional vector serves as a comprehen-
sive representation of drug i, spanning all edge types. Subse-
quently, the DDI list is enriched by obtaining a characteristic
vector for every drug pair—achieved by multiplying the fea-
ture vectors of drugs i and. Let’s elucidate further: Given that
Mi is the embedding matrix of drug i and vector v in a specific
edge type t is denoted as vi, t, the one-dimensional feature
vector Fi for drug i is articulated as Fi = [vi,1, . . . ,vi,t ]. The
feature vector characterizing the drug pair is represented by
Fk = Fi ⊕Fj, where ⊕ signifies the element-wise product.

G. DDI Prediction via Deep Learning
With the successful generation of four distinctive matrices of
feature (or embedding) vectors, we employ a fully connected
deep learning network to embark on the prediction endeavor.
As portrayed in Fig. 2, the model delineated for this step
encompasses four dedicated sub-networks.

Fig. 2. Multimodal deep neural network

These are conceptualized drawing inspiration from the
bottleneck neural network framework.

Each sub-network is primed to utilize one of the four
matrices encompassing the drug’s feature vectors as its in-
put. The cumulative outputs of these sub-networks are then
cohesively aggregated to determine the final outcome.

A plethora of hidden layers enrich the network, punctu-
ated with batch normalization layers interspersed between
them. A softmax layer is pivotal in orchestrating predictions
in these sub-networks. To bolster the model’s generalization
capabilities while curtailing the risk of over-fitting, strategic
dropout layers are integrated.

Throughout the network, the Rectified Linear Unit (ReLU)
serves as the chosen activation function. The culmination
of outputs from the sub-networks undergoes an averaging
process, leading to the final prediction.

In terms of optimization, we hinge on the cross-entropy
loss function, supplemented by the Adam optimizer, provi-
sioned with default parameters. For a harmonious blend of
preventing overfitting while expediting the training journey,
the early stopping strategy is adopted. If the model doesn’t
register any enhancements over 10 epochs, the training is
autonomously terminated

IV. EXPERIMENT RESULTS

A. Evaluation Metrics of the Model
The results obtained from our analysis provide various evalua-
tion metrics for the model. These metrics include Accuracy,
ROC AUPR, ROC AUC, F1-score, Precision, and Recall.
These metrics aid in determining the model’s overall perfor-
mance in predicting drug-drug interactions.

The Table III presents five sets of evaluation results.
Here are some key observations from the data:

• The accuracy of the model is consistently high, with the
highest being approximately 0.9906, indicating that the
model has a robust ability to correctly predict drug-drug
interactions.
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TABLE III.
MODEL EVALUATION METRICS

seq Accuracy ROC AUPR ROC AUC F1 Precision Recall
0 0.900467 0.847863 0.906115 0.829244 0.756108 0.918043
1 0.942679 0.902662 0.939572 0.892447 0.855075 0.933235
2 0.944826 0.828072 0.870809 0.807671 0.855868 0.764612
3 0.985026 0.885895 0.931873 0.881629 0.892612 0.870914
4 0.990608 0.865486 0.890116 0.854288 0.941284 0.782012

• ROC AUC, which measures the overall performance of
a model across all classification thresholds, is also con-
siderably high across all iterations. This suggests that
the model possesses a strong discriminative capacity.

• The F1-score, a metric that takes into account both
precision and recall, displays good results, signifying a
balanced model performance regarding false positives
and false negatives.

• Precision, which indicates the proportion of positive
identifications that were indeed correct, is also com-
mendable, with the highest precision recorded at about
0.9413.

• Recall values are largely high as well, denoting the
model’s capability to identify all actual positives.

In Fig. 3 summary, the presented evaluation metrics under-
score the model’s efficacy in predicting drug-drug interactions
with considerable accuracy, precision, and recall. The model

showcases a strong ability to distinguish between interactions,
making it valuable for its intended purpose.

B. Distribution of Model Evaluation Metrics
Upon visual inspection of the histogram plots for each evalu-
ation metric, we can gather a clearer understanding of their
distribution and frequency.

The accuracy of the model is consistently high, with the
highest being approximately 0.9906, indicating that the model
has a robust ability to correctly predict drug-drug interactions.

ROC AUC, which measures the overall performance of
a model across all classification thresholds, is also consider-
ably high across all iterations. This suggests that the model
possesses a strong discriminative capacity.

The F1-score, a metric that takes into account both preci-
sion and recall, displays good results, signifying a balanced
model performance regarding false positives and false nega-
tives.

Several insights can be derived from the histograms:

• Accuracy: The distribution indicates how frequently
certain accuracy values occur. A peak in the higher end
of the range would signify that the model frequently
achieves high accuracy.

• ROC AUPR and ROC AUC: These metrics provide in-
sight into the model’s performance over various thresh-
old values. Peaks in their distributions can reveal the
most common areas of performance for the model.

Fig. 3. Histograms showing distributions of model evaluation metrics
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• F1-score: Observing the distribution of F1-score can
provide a snapshot of the balance between precision
and recall. A skew towards higher values suggests that
the model maintains a consistent balance between false
positives and false negatives.

• Precision: A histogram for precision can give insights
into the model’s capability to provide correct positive
identifications. A higher frequency in the upper range
indicates a model’s strong capability to avoid false pos-
itives.

• Recall: The distribution of recall demonstrates the
model’s ability to correctly identify all actual positives.
Peaks in the higher end would suggest that the model is
adept at identifying most of the actual positive cases.

The histograms offer a visual representation of the model’s
performance across various evaluation metrics. They facilitate
a quick comparative analysis between different metrics and
allow for an understanding of the areas where the model excels
or might need improvement.

C. Box Plots of Model Evaluation Metrics
The box plots provide a summarized visual representation
of the distribution of the model evaluation metrics. In each
box plot, the central rectangle spans the interquartile range,
the segment inside the rectangle displays the median, and
the whiskers extend to points that lie within 1.5 times the
interquartile range of the lower and upper quartile

From the box plots as shown in Fig. 4, the following
observations can be made:

• Accuracy: The box plot provides insights into the cen-
tral tendency and variability of the accuracy values, as
well as potential outliers.

Fig. 4. Box plots showing distributions of model evaluation
metrics

• ROC AUPR and ROC AUC: The spread and central
values of these metrics provide an overview of how the
model performs across various thresholds.

• F1-score: The box plot for F1-score sheds light on its
central value, spread, and any potential extremes in the
distribution. This assists in understanding the model’s
balance between precision and recall.

• Precision: Through the box plot, one can discern the
median value, variability, and potential outliers for pre-
cision, providing insights into the model’s ability to
make correct positive identifications.

• Recall: The box plot for recall aids in understanding
the spread, central tendency, and potential extremes in
the model’s capability to identify all actual positives.

In conclusion, the box plots offer a compact and organized
visualization of the model’s performance metrics, highlight-
ing their central tendencies, variability, and potential outliers.
This aids in quickly gauging areas of strength and potential
concern in the model’s performance.

D. Top 10 Classes Analysis Based on Model Evaluation
Metrics

The bar charts in Figs. 5-10 provide a visual representation
of the top 10 classes across various model evaluation metrics,
namely Accuracy, ROC AUPR, ROC AUC, F1-score, Preci-
sion, and Recall. The objective is to identify which classes
perform exceptionally well for each metric.

Fig. 5. Top 10 classes based on accuracy
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Fig. 6. Top 10 classes based on ROC AUPR

Fig. 7. Top 10 classes based on ROC AUC

Fig. 8. Top 10 classes based on F1-score

From these bar charts, the following insights can be de-
rived:

• Accuracy: The chart shows which classes achieve the
highest accuracy scores, with the exact values annotated
on each bar. This provides insights into which classes
the model can predict with high confidence.

• ROC AUPR and ROC AUC: The top classes for these
metrics indicate which categories the model performs

optimally across various thresholds.

• F1-score: High F1-scores in the top classes denote a
balanced harmonic mean between precision and recall
for those classes.

• Precision: Top classes in this metric indicate the cate-
gories where the model can make correct positive iden-
tifications with higher confidence.

• Recall: The leading classes for recall indicate the cat-
egories in which the model is adept at identifying the
majority of actual positives.

In conclusion, the bar charts of the top 10 classes for
each evaluation metric offer valuable insights into the areas
where the model excels. This information is pivotal when
considering potential applications or further optimization of
the model.

Fig. 9. Top 10 classes based on Recall

Fig. 10. Top 10 classes based on Precision
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E. Overall Evaluation of Model Performance
The Table IV summarizes the performance metrics of the
model on the dataset, as shown in Fig. 11. Both micro and
macro averages are considered for several metrics, providing
a comprehensive evaluation of the model’s performance.

From the table, several important insights can be observed:

• The Accuracy of the model is 0.836518, which means
the model correctly predicts 83.65% of the instances in
the dataset.

• The Micro ROC AUPR and Macro ROC AUPR are
0.904623 and 0.829933, respectively. The Micro AUPR
being higher suggests that the model performs better in
terms of precision and recall on a global scale across
all classes.

• The Micro and Macro ROC AUC values are close to
1, indicating excellent performance in distinguishing
between the positive and negative classes across all
thresholds.

• The Micro F1, Precision, and Recall scores are all the
same, which means there’s a balanced harmonic mean
between precision and recall on a micro level.

• The Macro F1, Precision, and Recall scores are 0.621660,
0.775576, and 0.549186, respectively. These figures in-
dicate that while the model’s precision is relatively high,
its recall on a macro level (averaging across classes) is
somewhat lower.

In summary, the model demonstrates strong predictive
capabilities, especially in terms of the area under the
ROC curve. However, the macro metrics indicate poten-
tial areas of improvement, especially in terms of recall
across different classes.

TABLE IV.
SUMMARY OF THE DATASET

Metric Value
Accuracy 0.836518

Micro ROC AUPR 0.904623
Macro ROC AUPR 0.829933
Micro ROC AUC 0.997406
Macro ROC AUC 0.987539

Micro F1 0.836518
Macro F1 0.621660

Micro Precision 0.836518
Macro Precision 0.775576

Micro Recall 0.836518
Macro Recall 0.549186

Fig. 11. Metric values

V. CONCLUSION

In this research, we presented a novel methodology for DDIs
by synergizing attributed heterogeneous graph embedding
with advanced deep learning mechanisms. Our approach
seamlessly integrates a diverse range of drug attributes, cap-
turing the intricacies of their interactions. The two-phase pro-
cess not only aggregates data from various sources, including
Chemical composition, Interaction Targets, Enzymatic reac-
tions, and Biological Pathways, but also adeptly represents
each drug within a multifaceted network, with the attributes
serving as node descriptors. The inclusion of an attention-
centric embedding mechanism accentuates the model’s capa-
bility, ensuring the emphasis on vital drug interactions during
predictions. By culminating this intricate process with a dense
neural network, we achieved a more granular and insightful
categorization of DDIs, setting a precedent for future works
in drug interaction analysis.

FUTURE WORKS

As we move forward, there are several avenues to explore
to further enhance our understanding and prediction of drug-
drug interactions (DDIs). Firstly, the integration of additional
datasets could supplement the existing attributes, thereby refin-
ing the drug representation within the heterogeneous network.
This could potentially uncover less understood or latent drug
interactions. Secondly, advancements in graph neural network
architectures offer promising potential for better feature ex-
traction and representation. We are keen on experimenting
with more recent and innovative neural network architectures
to see how they influence the accuracy and robustness of
the model. Another intriguing prospect is the introduction
of temporal dynamics, considering that drug properties and
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interactions could evolve over time. Finally, a broader collab-
orative approach involving pharmacologists, clinicians, and
data scientists could usher in a multidisciplinary perspective,
which may lead to breakthrough findings in DDI predictions
and patient-specific recommendations. The insights and feed-
back from this study will undeniably shape the trajectory of
these future endeavors.
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