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OPEN A novel deep sequential learning

architecture for drug drug
Interaction prediction using DDINet

Anindya Halder'™*, Biswanath Saha'*?, Moumita Roy%3"* & Sukanta Majumder?3"*

Drug drug Interactions (DDI) present considerable challenges in healthcare, often resulting in adverse
effects or decreased therapeutic efficacy. This article proposes a novel deep sequential learning
architecture called DDINet to predict and classify DDIs between pairs of drugs based on different
mechanisms viz., Excretion, Absorption, Metabolism, and Excretion rate (higher serum level) etc.
Chemical features such as Hall Smart, Amino Acid count and Carbon types are extracted from each
drug (pairs) to apply as an input to the proposed model. Proposed DDINet incorporates attention
mechanism and deep sequential learning architectures, such as Long Short-Term Memory and gated
recurrent unit. It utilizes the Rcpi toolkit to extract biochemical features of drugs from their chemical
composition in Simplified Molecular-Input Line-Entry System format. Experiments are conducted on
publicly available DDI datasets from DrugBank and Kaggle. The model’s efficacy in predicting and
classifying DDIs is evaluated using various performance measures. The experimental results show that
DDINet outperformed eight counterpart techniques achieving 95.42% overall accuracy which is also
statistically confirmed by Confidence Interval tests and paired t-tests. This architecture may act as an
effective computational technique for drug drug interaction with respect to mechanism which may act
as a complementary tool to reduce costly wet lab experiments for DDI prediction and classification.

Keywords Drug drug interaction, Deep learning, Attention mechanism, Recurrent neural network, Gated
recurrent unit

Drugs are chemical substances that can effect the body function when consumed®. A drug may be classified by
the chemical type of the active ingredient or by the way it is used to treat a particular condition. Each drug can
be classified into one or more drug classes. Pharmacology, the study of drugs, encompasses all elements of drugs
in medicine, such as their mechanisms of action, physical and chemical characteristics, metabolism, therapeutic
uses, and potential toxicity?.

Drug drug interactions (DDIs) refer to the undesirable or desirable side effects with respect to certain
biological mechanisms that occur when two or more medications are taken simultaneously?~%. Many diseases
necessitate multiple medications, which may increases the risk of DDIs that can be dangerous or even fatal if not
properly managed. Nevertheless, medications also have therapeutic benefits. Numerous studies have identified
these risks, including research focused on determining the safety of taking two or more drugs concurrently.
When a doctor or physician prescribes multiple medications to a patient, it can lead to DDI, which can also be
considered a medication error. A drug interaction happens when one medication alters the effect of another,
potentially causing harmful outcomes or enhancing the effects of the second drug®. There are three types of
drug-to-drug interactions: (i) No interaction; (ii) Antagonistic: This type of interaction between multiple drugs
produces an adverse effect, potentially harming the patient; and (iii) Synergistic: This occurs when the interaction
between multiple drugs enhances their effect on the body*®”.

Therefore, understanding DDIs is crucial for enhancing the drug discovery process and improving patient
recovery for serious diseases such as cancer, AIDS, and asthma. Identifying DDIs through wet lab experiments
demands a considerable amount of time and intensive effort®. The usual aim of drug interaction prediction is to
identify possible interactions between medications that could result in negative effects or decreased effectiveness’.
Drug combination prediction aims to enhance the effectiveness of treatments, while drug interaction prediction
focuses on identifying potential side effects or challenges that may occur when certain drugs are used together!.
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Artificial Intelligence (AI) based computational techniques such as Machine Learning and Deep learning
(ML and DL) are used to address the mentioned issues in predicting DDIs. Limited progress has been made
in recent years using ML and DL to predict DDIs!'~%’. These approaches focus on uncovering hidden DDIs
between combinations of drugs. However, many of these methods only consider drugs as input and focus solely
on predicting DDIs.

Traditional methods for predicting DDIs* involve high computational cost and time with low predictive
accuracy leading to less appreciate for real time human health monitoring, industrial usage. Additionally,
traditional methods do not consider the DDI prediction with respect to molecular mechanisms. Therefore,
there is a need of the time for mechanism wise accurate computational method to predict DDIs. Current
computational methods for predicting DDIs often fall short because they rely on statistical correlations rather
than underlying molecular mechanisms, missing key interactions driven by specific pathways or receptor
bindings. Incorporating mechanistic data could improve the accuracy and understanding of these predictive
models. Moreover existing DDI prediction methods try to predict the interactions without considering the
individual molecular mechanisms centric effect. However mechanism centric DDI prediction may uncover the
underlying effects of the two drugs in meaningful manner. The motivation behind this work to improve drug
safety and efficacy by accurately predicting and understanding DDIs, which can significantly impact patient
health. Enhanced prediction methods will help healthcare professionals make informed decisions about drug
combinations and dosages, ultimately improving patient outcomes. This work aims to predict and categorize
DDIs by analyzing their underlying mechanisms, forecasting increases, decreases, or neutral interactions. The
model condenses drug pair features into latent representations to accurately predict interaction classes for
unknown drug pairs. This work centers on a model for predicting DDIs using structural features. It begins
with data preparation involving Drugbank IDs and DDI data, which are split into training, validation, and test
sets. The model architecture integrates gated recurrent unit (GRU), Attention, and Long Short Term Memory
(LSTM) blocks, processing features from each drug separately and combining them to predict interactions. The
model can make two-class or three-class predictions and is trained to optimize its parameters for accurate DDI
predictions. Finally, the model is tested on new samples to evaluate its practical effectiveness.

Major contribution of the present work may be summarize as follows. The proposed DDINet introduces a
novel attention based deep sequential learning model with parallel connection for predicting DDIs aiming to
enhance the prediction accuracy. The model incorporates mechanism-wise predictions by utilizing the structural
features of the pair of drugs extracting from the chemical compositions accepting the Simplified Molecular-Input
Line-Entry System (SMILES) format of the drug pairs. Mechanism-wise experimental evaluations highlight the
effectiveness of DDINet, demonstrating its superior performance in predicting DDIs compared to counter-part
methods.

Various computational methods have been developed to predict DDIs, harnessing advancements in
bioinformatics, machine learning and pharmacology. These methods are vital in contemporary healthcare
for early identification and evaluation of potential interaction risks. A prevalent approach based on network
propagation forecasts potential DDIs by utilizing either a network constructed from drug structural data or
a network derived from established DDIs?2. This method employs network propagation techniques to infer
and predict unknown DDIs within the network framework. ML algorithms are also extensively used for
DDI predictions!>"!>. These algorithms analyze large datasets of known drug interactions to detect patterns
and forecast potential interactions between new drug pairs. Inputs to these models often include features like
chemical structure, pharmacological properties and gene expression profiles.

Several approaches based on DL is also been used for DDI predictions. Some researchers have used various
DL methods such as LSTM, Bi-directional GRU (Bi GRU), Convolution Neural Network (CNN), Transformer
based approach, BERT etc. for DDI prediction from text'-2* . Efforts have also been made by researchers for
DDI prediction by considering structural features of drugs and trained them by various DL methods like CNN,
Deep Neural Network (DNN)?%, Autoencoder etc.?4-28,

Graph Convolution Neural Networks (GNNs) have also been used by several researchers?®-*? for predicting
DDIs from structural features of drugs. Feng et al.>* introduced DPDDI, a two-stage model for predicting drug
pair interactions. It uses a GCN to extract feature vectors by analyzing drug network structures and a DNN
for prediction. Nyamabo et al.**proposed Gated Message Passing Neural Network (GMPNN), which learns
chemical substructures from the molecular graph representations of drugs for predicting DDIs.

Additionally, matrix factoring serves as a foundational mathematical framework for addressing various
challenges in modeling biological information®®. This approach involves breaking down the DDI matrix
into multiple matrices, extracting potential features, and reconstructing the matrix to uncover new DDIs.
Conventional matrix-factoring techniques such as single-value decomposition (SVD)*%, non-negative matrix
factorization (NMF)*, and probability matrix factorization (PMF)* have been utilized.

Although various researchers have attempted to predict DDIs, however mechanism-wise DDI prediction
has not been explored. Moreover accuracy of the DDI prediction may be improved further as compared to the
reported results of the existing literature.

Results

Training and evaluation result

Figure 1 shows training and validation loss curves for the DDINet model across four mechanisms: excretion,
absorption, metabolism, and excretion rate (higher serum level). For excretion, both losses decrease steadily,
with some fluctuations. For absorption and metabolism, the losses drop quickly and converge well, showing
strong and stable model performance. For the excretion rate (higher serum level), losses decline smoothly,
with slight divergence after many epochs, indicating stable training. The training loss values after completion
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Fig. 1. Graphical representation of the training and validation loss over the epochs produced by the proposed
DDINet in terms of (a) Excretion mechanism, (b) Absorption mechanism, (c) Metabolism mechanism, and (d)
Excretion rate (higher serum level) mechanism.
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Fig. 2. Confusion matrices of the classified test samples using proposed DDINet for (a) Excretion mechanism,
(b) Absorption mechanism, (c) Metabolism mechanism, and (d) Excretion rate (higher serum level)
mechanism.

of training become 0.1443, 0.1504, 0.4428 and 0.0691 whereas the validation values logged as 0.3276, 0.1503,
0.4600 and 0.0778 for excretion, absorption, metabolism, and excretion rate (higher serum level) respectively.

The test dataset contains 20% of the non-interaction and interacting (viz., increase and/or decrease) DDI
samples. Confusion matrices achieved by the proposed DDINet method for the aforementioned four mechanisms
(viz., excretion, Absorption, Metabolism and excretion rate (higher serum level)) on the test set are shown in
Fig. 2. Additionally, the experimental results of the proposed method using five different types of mechanisms
(viz., antihypertensive activities, Central Nervous System (CNS) depressant activities, excretion rate which could
result in a lower serum level and potentially a reduction in efficacy, hypoglycemic activities and hypotensive
activities) of DDIs are reported in the supplementary material of this article.

Figure 3 presents a graphical representation of the original and predicted graph for test drug pairs in terms of
different mechanisms. In this figure, the vertices (with red color) represent the drugs and the edges represent the
interactions between two drugs. The original DDIs are shown with single-colored edges (yellow) for excretion,
absorption and excretion rate (higher serum level) to represent decreasing interaction between two drugs,
wherein, metabolism mechanism, yellow and green color edges represent decreasing and increasing interaction
respectively. Incorrectly predicted interactions are depicted with blue color edges in the predicted graphs.
Average overall accuracy considering all the four mechanisms achieved by the proposed method is 95.42% with
0.94, 0.94, 0.95 precision, recall, F score respectively as shown in Table 1.

Attention heatmap

Representative test samples (pair of drugs) for each mechanism viz., excretion, absorption, excretion rate (higher
serum level) and metabolism for interacting and non-interacting drug pairs are shown respectively in Figs. 4, 5, 6
and 7 in terms of the attention heatmap generated from the attention scores produced by the multi-head attention
layer. From the attention heatmap of the excretion mechanism (Fig. 4), it can be observed that latent spaces 7,
20 and 26 are showing high intensity values (shown in light yellowish color) for interacting DDI, whereas same
latent spaces are showing low intensity value shown in dark blue color for non-interacting case. Similarly, for
absorption, excretion rate (higher serum level) and metabolism mechanisms also we can see the complemented
behavior of the attention score’s heatmap. Indicating the fact that the attention mechanism is playing the crucial
role in latent space representation for discriminating the interacting (viz., increase/decrease, both) DDIs from
non-interacting drug pairs. Thus, attention heatmap of the latent spaces provides an interpretability in support
of the DDI prediction.
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Fig. 3. Graphical representation of original and predicted graph for test drug pairs in terms of different
mechanisms.

Mechanism Accuracy | Precision | Recall | F; Score

excretion 94.92% 0.95 0.95 0.95

Absorption 100% 1.00 1.00 1.00

Metabolism 92.15% 0.92 0.92 0.92

excretion rate (higher serum level) | 94.61% 0.95 0.95 0.95

Overall 95.42% 0.95 0.96 0.95

Table 1. Results of drug drug interaction prediction (in terms of accuracy, precision, recall and F1) for
different mechanisms produced by proposed DDINet. Significant values are shown in bold.

Comparative results with other counterpart techniques
Here we present the comparative results of the testing process achieved by the proposed method and the
counterpart techniques for the four mechanisms viz., Excretion, Absorption, Metabolism and Excretion rate
(higher serum level).

It is worth noting that existing works from the literature so far did not consider the mechanism-wise DDI
predictions, rather interaction predictions are done based on the overall mechanisms. However, in our proposed
method mechanism wise DDI prediction is done. Therefore, comparisons with existing literature could not be
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Fig. 4. Attention heatmap results of the latent space representation generated by proposed DDINet on
excretion mechanism for (a) interacting and (b) non-interacting DDIs.
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Fig. 5. Attention heatmap results of the latent space representation generated by proposed DDINet on
absorption mechanism for (a) interacting and (b) non-interacting DDIs.
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performed. Hence, the results of the proposed DDINet are compared with five popular ML techniques (viz.,
Multi-Layer Perceptron (MLP), Decision Tree (DT), Random Forest (RF), Naive Bayes (NB) and Support Vector
Machine (SVM)) and three DL methods viz., LSTM, GRU and transformer*® based counterpart DL models*’,
results of which have been reported in Table 2. From the table it can be clearly observed that the proposed
DDINet model outshines other models, as it attained the highest accuracy, precision, recall, and also F} scores.
For the excretion mechanism, DDINet is leading with 94.92% accuracy and an F1 score of 0.95, while LSTM,
GRU and transformer based method come next, and NB is the last one (65% accuracy, 0.58 F score). In the
Absorption mechanism, the DDINet, LSTM and GRU models were perfect with an accuracy of 100% and
Iy score of 1.0 while NB trailed with an F7 score of 0.91. The Metabolism mechanism leads to the following
outcome: the best results are for DDINet with 92.15% accuracy and an F score of 0.92; the second best is LSTM
and GRU. NB is significantly underperforming with 66.2% accuracy and an F score of 0.22. For the excretion
rate (higher serum level) Mechanism, DDINet dominates again with 94.61% accuracy and an F score of 0.95,
while LSTM and GRU showed good but relatively lower performance.

Overall, DDINet tends to obtain top performance for all evaluation steps, followed by LSTM and GRU, while
NB and SVM systematically underperform over most mechanisms.

DDINet outperforms baseline models due to its advanced architecture, which incorporates GRU and LSTM-
based feature extraction for capturing both short-to-medium and long-range sequential dependencies*’, while
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Fig. 6. Attention heatmap results of the latent space representation generated by proposed DDINet on
excretion rate (higher serum level) mechanism for (a) interacting and (b) non-interacting DDIs.

attention mechanisms try to extract the importance of the latent space features in the proposed model. The
GRU block processes molecular properties of drug chemical features by preserving short-to-medium range
dependencies*® while incorporating dropout layers to prevent overfitting, to ensure better generalization. The
LSTM block improves memory retention for long-range dependencies?’. Additionally, the use of concatenated
attention block ensures the model to find important latent space features resulting better classification ability
of the model. While the final dense and softmax layers ensure precise classification. Therefore, in summary,
the ability to integrate GRU and LSTM layers with attention mechanisms make this model more adaptive with
different sequence lengths and varied conditions of data and more robust compared to the other state-of-the-art
baseline models.

Confidence interval

A confidence interval (CI)*! acts as a measure of the statistical significance of the results, capturing both error
rates and margins of error. A narrow CI, reflecting low error rates and small error margins, indicates precise
estimate based on the sample data. In contrast, a wider CI suggests greater uncertainty and reduced precision.
The following equation is used to calculate CI*!.

errors(h)(1 — errors(h))
n (1)

CI = errors(h) £ cp\/
—_——

error rate

error margin

The observed sample error within a sample set s, consisting of n independently drawn examples based on
discrete-valued hypothesis , is represented by the function errorss(h). The CI constant, denoted by ¢,,. The
CI constants are set at 1.64, 1.96, and 2.58 for confidence levels (CL) of 90%, 95%, and 99%, respectively.
Table 3 presents the CI error rates and error margin for the 90%, 95%, and 99% confidence levels, comparing
the proposed method with other counterpart models. From the summarized results shown in the Table 3, it is
observed that the proposed method has produced lower error rate and narrower error margin than all other
counterpart techniques compared for all the mechanisms. It is worthy to note that, four compared methods (i.e,.
LSTM, GRU, MLP and SVM) have produced lowest error rates and error margins (0.00) alongwith the proposed
DDINet method for absorption mechanism. For all other cases proposed DDINet’s error rate and error margins
are lower than other counterpart methods.

Paired t-test

The percentage accuracies achieved by the proposed DDINet method, in comparison to other methods, have
been statistically validated using a paired t-test*? at a 5% significance level. Statistically significant results are
highlighted in bold in Table 4 for which the p-value is < 0.05. It is evident from paired t-test results that the
DDI prediction accuracy of the proposed method is statistically significant for all the cases, suggesting clear
supremacy of the proposed DDINet over its counterpart techniques.

Discussion

DDI prediction along with the mechanism classification is an important and challenging area for the researchers
of clinical, pharmaceutical and computational biologists. However, literature review suggests that DDI prediction
with respect to mechanism has not been carried out so far to the best of the authors’ knowledge. In this respect,
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Fig. 7. Attention heatmap results of the latent space representation generated by proposed DDINet on
metabolism mechanism for (a) increase, (b) decrease and (c) non-interacting DDIs.

this article propose a novel deep sequential learning architecture with attention mechanism called DDINet for
predicting DDIs with respect to different mechanisms. The proposed DDINet utilizes the multiple GRU layers
with attention mechanism. The method takes the chemical sequence of the pair of drugs and extracts structural
features of the drugs (from there SMILES sequences) which are passed to the DDINet as an input. The proposed
method is tested on Drugbank and Kaggle dataset. Experimental results suggest that the proposed method can
effectively predict the DDIs with respect to various mechanisms such as Excretion, Absorption, Metabolism and
Excretion rate (higher serum level) achieving the accuracy 94.92%, 100%, 92.15% and 94.61% respectively.
Since the proposed method is the first of its kind to predict DDIs with respect to individual mechanisms
therefore, comparisons are done with respect to baseline counterpart methods such as LSTM, GRU, MLP, RF,
DT, SVM and NB from DL and ML techniques. Comparative results demonstrate the superiority of the proposed
DDINet over eight popular ML-DL techniques. This architecture can serve as an efficient computational method
for predicting drug drug interactions and mechanisms, offering a complementary tool to lessen the reliance on
costly wet lab experiments in DDI prediction with respect to different mechanism.

Methods

Dataset and data preprocessing

Initially, drug ID’s (Drugbank ID) along with drug drug interaction information are taken as input. Feature
generation for individual drugs are then carried out in the data preparation phase (to be discussed in the
subsequent paragraph). Data is subdivided into train, validation and test sets when the data preparation phase is
over. After that, the data is passed through the proposed drug drug interaction network (DDINet) architecture.
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Mechanism Method Accuracy | Precision | Recall | F; Score
DDINet 94.92% 0.95 0.95 0.95
LSTM 87.19% 0.87 0.87 0.87
GRU 87.85% 0.88 0.88 0.88
Transformer | 81.01% 0.81 0.81 0.81
(a) Excretion Mechanism MLP 84.98% 0.85 0.85 0.85
RF 93% 0.93 0.93 0.93
DT 90% 0.90 0.90 0.90
SVM 82% 0.82 0.82 0.82
NB 65% 0.77 0.65 0.58
DDINet 100% 1.0 1.0 1.0
LSTM 100% 1.0 1.0 1.0
GRU 100% 1.0 1.0 1.0
Transformer | 84.61% 0.88 0.86 0.85
(b) Absorption Mechanism MLP 100% 1.0 1.0 1.0
RF 92% 0.93 0.92 0.91
DT 92% 0.93 0.92 0.91
SVM 100% 1.0 1.0 1.0
NB 92% 0.93 0.92 0.91
DDINet 92.15% 0.92 0.92 0.92
LSTM 78.67% 0.79 0.79 0.74
GRU 81.60% 0.80 0.82 0.78
Transformer | 73.85% 0.70 0.47 0.48
(c) Metabolism Mechanism MLP 79.23% 0.78 0.79 0.75
RF 85% 0.85 0.85 0.84
DT 78% 0.78 0.78 0.78
SVM 71% 0.74 0.71 0.61
NB 26% 0.62 0.26 0.22
DDINet 94.61% 0.95 0.95 0.95
LSTM 80.58% 0.80 0.81 0.80
GRU 84.26% 0.84 0.84 0.84
Transformer | 70.32% 0.69 0.67 0.68
(d) Excretion rate (higher serum level) Mechanism | MLP 79.16% 0.79 0.79 0.79
RF 90% 0.91 0.90 0.90
DT 82% 0.82 0.82 0.82
SVM 72% 0.72 0.72 0.71
NB 65% 0.64 0.65 0.57

Table 2. Summarized results in terms of accuracy, precision, recall and F score achieve by DDI prediction
by the proposed DDINet and other compared techniques for (a) Excretion mechanism, (b) Absorption
mechanism, (c) Metabolism mechanism and (d) Excretion rate (higher serum level) mechanism.

As the model is designed to predict the interaction between two drugs, extracted features of individual drugs
(viz., Drug A and Drug B) should be fed into the model as inputs.

The DDI interaction dataset (from Kaggle) consists of two main files drug_interaction.csv and drug_
information_1258.csv The first file consists of interacting drug names, actions and mechanisms. The Action
column denotes the label for each interaction i.e. increase, decrease. Interactions reported in this dataset are
based on a 1258 number of unique drugs. Each unique drug names are represented by unique Drugbank IDs
mentioned in the drug_information_1258.csv. To ensure the correctness of the drug interactions given in the
Kaggle dataset®’. The Drugbank dataset provides various drug-related details such as drug name, drug ID,
SMILES (Simplified Molecular-Input Line-Entry System )** sequence and UniProt ID for 12, 695 unique drugs.
The dataset available in Kaggle includes 161, 771 interactions, covering different interaction mechanisms for
drug pairs. Each drug pair is associated with its interaction mechanism type (viz., risk or severity of bleeding and
hemorrhage, anticoagulant activities, antihypertensive activities, therapeutic efficacy) and corresponding action
(increase or decrease). There are 91 different interaction mechanisms in this dataset, involving interactions among
1, 258 unique drugs. The dataset acquired from the Drugbank site contains various drug-related information
like drug name, drug ID, SMILES sequence, uniport ID, etc. for a 12695 unique number of drugs. Regarding
the dataset available in Kaggle, we have verified the interactions from the Drugbank interaction checker API
(available at https://go.drugbank.com/drug-interaction-checker) and found that the interactions given in the
Kaggle dataset are correct. The DDI dataset has 91 different types of mechanisms out of which four mechanisms
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Error Margin
Mechanism Model Error Rate | CL90% | CL95% | CL 99%
DDINet 0.0508 0.0169 | 0.0202 | 0.0266
LSTM 0.1281 0.0257 | 0.0307 | 0.0405
GRU 0.1215 0.0251 0.0300 | 0.0396
Transformer | 0.1899 0.0302 | 0.0361 0.0475
(a) Excretion Mechanism MLP 0.1502 0.0275 | 0.0329 |0.0433
RF 0.0700 0.0196 | 0.0234 | 0.0309
DT 0.1000 0.0231 0.0276 | 0.0363
SVM 0.1800 0.0296 | 0.0353 | 0.0465
NB 0.3500 0.0367 | 0.0439 | 0.0578
DDINet 0.00 0.0000 | 0.0000 | 0.000
LSTM 0.00 0.0000 | 0.0000 | 0.000
GRU 0.00 0.0000 0.0000 0.000
Transformer | 0.1539 0.1708 | 0.2042 | 0.2688
(b) Absorption Mechanism MLP 0.00 0.0000 | 0.0000 | 0.000
RF 0.08 0.1284 0.1534 0.202
DT 0.08 0.1284 |0.1534 |0.202
SVM 0.00 0.0000 | 0.0000 | 0.000
NB 0.08 0.1284 |0.1534 |0.202
DDINet 0.0785 0.0036 | 0.0043 | 0.0057
LSTM 0.2133 0.0055 | 0.0066 | 0.0087
GRU 0.1840 0.0052 | 0.0063 | 0.0082
Transformer | 0.2615 0.0058 | 0.0069 | 0.0091
(c) Metabolism Mechanism MLP 0.2077 0.0055 | 0.0065 | 0.0086
RF 0.1500 0.0048 | 0.0058 | 0.0076
DT 0.2200 0.0056 | 0.0067 | 0.0088
SVM 0.2900 0.0061 0.0073 | 0.0097
NB 0.7400 0.0059 | 0.0071 0.0093
DDINet 0.0539 0.0048 0.0057 0.0075
LSTM 0.1281 0.0257 | 0.0307 | 0.0405
GRU 0.1215 0.0251 0.0300 | 0.0396
Transformer | 0.2968 0.0096 | 0.0115 |0.0152
(d) Excretion Rate (Higher Serum Level) Mechanism | MLP 0.1502 0.0275 | 0.0329 | 0.0433
RF 0.0700 0.0196 |0.0234 | 0.0309
DT 0.1000 0.0231 0.0276 | 0.0363
SVM 0.1800 0.0296 | 0.0353 | 0.0465
NB 0.3500 0.0367 | 0.0439 | 0.0578

Table 3. Results of the Confidence Interval tests in terms of error rate and error bounds of the proposed
DDINet model along with other compared methods for (a) Excretion mechanism, (b) Absorption mechanism,
(c) Metabolism mechanism, and (d) Excretion rate (higher serum level) mechanism.

Paired t-test in terms of p score for different mechanisms

DDINet Vs. Compared method | Excretion Absorption Excretion rate (higher serum level) | Metabolism

LSTM 1.51 x 107% [3.17 x 1072 |6.71 x 10713 1.14 x 1011
GRU 1.33 x 107% [3.67 x 1072 |2.18 x 10712 5.05 x 10711
Transformer 3.88 x 10719 |2.93 x 1072 [ 9.72 x 107 9.51 x 107
MLP 1.85 x 1079 [4.44 x 1072 |2.59 x 107 * 3.48 x 10713
RF 9.50 x 1072 | 7.51 x 1073 | 1.28 x 10~° 2.06 x 1078
DT 1.26 x 107% 3.37 x 1072 | 1.71 x 10~ ** 6.49 x 10711
SVM 5.22 x 1078 [4.79 x 1073 [1.93 x 10717 1.75 x 10714
NB 2.87 x 10712 13.26 x 107* [ 2.15 x 10715 8.02 x 10718

Table 4. Result of paired t-test of the proposed DDINet model along with other ML-DL based (viz., LSTM,

GRU, Transformer, MLP, RE, DT, SVM and NB) methods.
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viz., Excretion, Metabolism, Absorption and Excretion (higher serum level) are considered in this study to find
out the presence or absence of the interactions with respect to that particular mechanism. Different mechanisms
are having information about either increase or decrease or both actions present in DDI. For example, excretion
has only decrease action, whereas the antihypertensive activities has both increased and decreased action. Table
5 summarizes the number of DDIs present against four mechanisms viz., Excretion, Absorption, Metabolism
and Excretion rate (higher serum level).

The selection of these four mechanisms is based on multiple factors, including the number of available
samples-ranging from very low (e.g., absorption with only 29 samples) to moderate (e.g., excretion) to high (e.g.,
metabolism and excretion rate (higher serum levels)). This diversity helps to evaluate the model’s effectiveness
and robustness across different data distributions.

Additionally, these mechanisms represent both binary classification task (increase or decrease interactions
for absorption, excretion and excretion rate (higher serum level)) and multi-class (3-class) scenarios (increase
interaction, decrease interaction, and non-interaction for metabolism), ensuring a comprehensive assessment of
the model’s performance across varying classification challenges.

In addition to these four mechanisms, further results on five more mechanisms (such as antihypertensive
activities, CNS depressant activities, excretion rate which could result in a lower serum level and potentially a
reduction in efficacy, hypoglycemic activities and hypotensive activities) are also reported in the Supplementary
1.

Since predicting the DDI, requires having the non-interacting drugs also (along with the interacting ones) to
train any supervised model, therefore, we have randomly selected a pair of drugs (among the total 1258 drugs)
that does not participate in the interactions process against a particular mechanisms. By doing so, for instance,
a 1100 pair of non-interacting drugs are added against the excretion mechanism. Similarly, for the metabolism,
absorption and excretion rate (higher serum level) mechanism, a 10632, 35 and 11878 pair of non-interacting
drugs are added respectively.

Each unique Drugbank ID present in the Kaggle dataset®’ is then searched from the Drugbank®® database
to find its SMILES sequence in order to generate the chemical structural features such as Hall Smart, Amino
Acid count, Carbon types extracted using Repi toolkit*. These structural features thus represent a unique drug
feature vector with lengths 79, 20 and 9 for Hall Smart, Amino Acid count and Carbon types respectively.

The chemical features (viz., Hall Smart, Amino Acid Count, and Carbon Types) play a crucial role in
enhancing the predictive power of the model by capturing structural and compositional information for drug
pairs required for predicting interactions. Their relevance can be justified based on the following aspects:

The selection of these features provides a high-dimensional representation of chemical compounds, allowing
the model to learn more nuanced differences between classes. The inclusion of a larger number of descriptive
attributes generated through Hall Smart, Amino Acid Count, and Carbon Types ensure better characterization
of molecular structures, contributing to improved classification accuracy as described next. Hall Smart
descriptors?*8 encode topological and connectivity-based features of molecular structures, which are crucial
for understanding molecular interactions. They help in capturing substructure patterns that are often correlated
with biological activity or functional properties of molecules. The amino acid composition directly impacts drug
/ protein structure and function**. By incorporating amino acid count as a feature, the model can identify
sequence-based variations that influence molecular behavior, particularly in biomolecular interactions*.
Carbon atoms form the backbone of most chemical molecules, and their hybridization states, connectivity, and
distribution provide critical structural information. The model benefits from this feature by learning patterns
related to reactivity, stability, and functional group presence, which are essential for class differentiation®">2.
Moreover, the latent space representation generated by these features has been found to positively impact class
separation, as evidenced by Principal Component Analysis (PCA) plots as shown in Fig. S2.1 of Supplementary 2.
This indicates that these features encapsulate meaningful patterns and variations that help the model distinguish
between different classes effectively. Considering the above aspects Hall Smart, Amino Acid Count and Carbon
Types have been selected as input features.

The class labels are assigned to the DDI dataset against the feature vectors of a pair of drugs (say, Drug A
and Drug B) based on the increase and/or decrease, and neutral action for a particular mechanism. The feature
vector for a pair of drugs (Drug A and Drug B) along with their interaction type (represented as the class label)
makes the final feature vector which is to be supplied to the model. Both Drug A and Drug B, having the feature
vector of size 108 each are concatenated with their corresponding class label which make the final feature vector
of size 217 (108 4 108 + 1). This is done for all the interactive pair of drugs which have been considered for this
proposed work. As this step becoming the final preprocessing step, the preprocessed data now becomes suitable
for training the proposed model.

Mechanism Increase | Decrease
The excretion N/A 1185

The absorption N/A 29

The metabolism 13290 50454
The excretion rate (higher serum level) | N/A 18686

Table 5. Total number of both interaction of four different mechanism.
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Model design

The schematic representation of the proposed model for predicting DDI from structural features is illustrated in
Fig. 8. Initially, drug ID’s (Drugbank ID) along with drug drug interaction information are taken as input. When
the data preparation phase is over, data is subdivided into train, validation and test sets. After that, the data is
passed through the proposed Durg Drug Interaction Network (DDINet) architecture.

The overall DDINet architecture can be viewed as a combination (fusion) of the GRU block, Attention block
and LSTM block. It is worthy to note that different combinations of recurrent neural networks (RNN) and
attention mechanisms have been tried in different layers of the hybrid architecture and finalized the model for
which it produces the optimum performance. Here, in the proposed model, GRU and LSTM are preferred over
RNN because of their ability to handle the vanishing / exploding gradient problem, and attention mechanisms
in DDINet are carefully designed to leverage their unique strengths in finding the importance of the latent space
features in modeling DDIs.

The GRU block is used for initial feature extraction from different molecular / structural features
representations of pair of drugs (say, Drug A and Drug B). GRUs are chosen over LSTM:s at this stage due to
their computational efficiency and ability to capture short-to medium-term dependencies*’, which are crucial
for learning meaningful representations from various feature types. To capture the features’ importance, we
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incorporated attention mechanisms-both single attention and multi-head attention. This step is essential for
effectively integrating diverse molecular features with their relative importance in terms of attention scores
before passing them to the next stage. Finally, LSTM block is used after the attention mechanism to capture long-
term dependencies’® and complex interactions between drug pairs. LSTMs were preferred here because they
are well-suited for modeling sequential relationships, which are crucial for understanding cumulative effects in
DDlIs.

In summary, this hybrid approach ensures that the model benefits from the efficiency of GRU to capture
short-to-medium term dependencies, the interpretability of attention using the single and multihead attention
mechanism, and the ability of LSTM to retain long-term dependencies, leading to a robust and effective DDI
prediction framework.

As the model is designed to predict the interaction between two drugs, extracted features of individual drugs
(viz., Drug A and Drug B) should be fed into the model as inputs.

The model initially takes the structural features of Drug A and Drug B, then those are passed through the
independent GRU block each for Drug A and Drug B where each GRU block processes each structural feature of
individual drug alone. Responses coming out from these last layered GRUs are then concatenated for individual
drugs and passed through the attention block. In the attention block, attention scores are calculated for the
individual drug and further concatenated in the subsequent phase. These concatenated feature maps of two
different drugs are then undergone through a multi-head attention layer. Again these feature maps are subjected
to several consecutive LSTMs followed by one dense layer to predict the DDI. Based on the mechanisms DDI
may have two class predictions (interacting or non-interacting pair of drugs) or three class predictions (increase,
decrease or non-interaction). After completion of the training phase, the model is supplied with test samples for
predicting the unknown interactions between a pair of drugs. The detailed architecture of the proposed model
is shown in Fig. 9.

The extracted structural chemical features from a pair of drugs are passed through the proposed DDINet
architecture consisting of a feature extraction phase followed by the classification phase. Feature extraction and
classification phases are elaborated in the following subsection.

o GRU Block The detailed architecture is shown in Fig. 9 which consists of the GRU blocks each processing
three different feature maps of two individual drugs in a very similar fashion. For all the drugs, three differ-
ent structural features (Hall Smart, Amino Acid count and Carbon types) have been extracted in the dataset
preparation block. These features are represented by (79 x 1), (20 x 1) and (9 x 1) for Hall Smart, Ami-
no Acid count and Carbon types respectively. Primarily, three GRUs of two individual drugs accept three
aforementioned feature maps. The first GRU takes the feature vector of Amino acid count having the size of
(79 x 1) and passes through a GRU layer consisting of 50 hidden neurons. A dropout of 20% has been ap-
plied afterward. The response coming out after the dropout operation is then passed through two sequential
GRUgs, having the hidden neurons of 30 and 5 respectively. Similarly, two other feature vectors of Hall Smart,
Carbon types having the size of 20 x 1 and 9 X 1 respectively are passed through three GRUs again. Here,
the configuration of two sequential GRUs are 15, 10, 5 and 7, 6 and 5 respectively for processing Hall Smart
and Carbon types feature vector.

o Concatenated Attention Block The latent space feature vectors generated by the GRU Block for Drug A and
Drug B are passed to the Concatenated Attention Block in the second phase. At the outset, the concatenation
operations are applied individually on the responses coming out from the GRU Block for Drug A and Drug B.
Then the output of the concatenation layers are passed to the two single-head attention layers having 1 x 15
dimension each. Responses generated by the two single-head attention layers are concatenated to produce
1 x 30 dimensional feature vector and passed to the multi-head attention layers with two heads each with
dimension 1 x 16 to generate the conjugate latent space representation of dimension 1 x 32 for the pair of
drugs Drug A and Drug B.

o LSTM Block The third block in the feature extraction phase of the proposed model is the LSTM block where
the feature maps coming out from the Concatenated Attention Block are passed through the sequence of three
LSTM units as follows. The responses of the Concatenated Attention Block are subjected through the 20%
dropout operation to apply to the first LSTM unit generating 32 x 1 dimensional output which are again
passed to the second LSTM unit with output neurons 16. Next, the third LSTM unit is applied to generate a
5 dimensional output vector using the sigmoid activation function. This final block of the feature extraction
phase thereby generates the latent space feature representation with dimension (5 x 1) of the two pairs of
drugs to the classification phase.

Classification phase

The classification Phase comprises one dense layer followed by a softmax activation function which receives
the input feature maps of two pairs of drugs extracted in the entire Feature Extraction Phase. This dense layer
(with softmax activation) accepts a 5 dimensional feature vector produced by the LSTM block and maps it to
the corresponding number of class levels for the prediction. It is worth noting that, the proposed model will
act as a binary classifier when the mechanism has only interacting and non-interacting pairs of drugs present;
whereas the model will act as multi-class classifier when the mechanism has increasing interaction, decreasing
interaction and non-interacting pair of drugs present. Therefore, the output of the dense layer will have two
neurons and three neurons present respectively for the case of binary mechanisms and multi-class mechanisms
(three).
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Fig. 9. Detailed architecture of proposed DDINet model.

Validity measures
Here, four performance evaluation measures viz., percentage accuracy, precision, recall, micro-averaged F
measure are applied for evaluating the overall performance of the proposed DDINet method™.

Parameters setting for training DDINet

In the article, Repi toolkit'® is used for extracting the features of each drug using their SMILES sequence.
For classifying the interaction between the pair of drugs, the Google Colab Cloud platform is used. The
implementation of the proposed algorithm is performed in TensorFlow along with 1.21.6 version of numpy and
1.3.5 version of pandas.

The proposed model is trained for the absorption mechanism for 250 epochs with a learning rate of 0.001
and for the remaining three mechanisms of the proposed model are trained for 500 epochs with the same
learning rate and a dropout rate of 20%. The proposed DDINet architecture uses Mean Squared Error (MSE)
and Categorical Cross-Entropy loss*” as the loss function, for binary class and three class classifiers respectively
and Adaptive Momentum (Adam) optimizer*’ is employed.
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Data availability

Data used in this article are already publicly available on Drugbank®® (https://go.drugbank.com/releases/latest)
and Kaggle®® (https://www.kaggle.com/datasets/smohsensadeghi/datasetname?resource=download&select=dr
ug_interaction.csv).
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