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Drug discovery is a challenging and resource-intensive process characterized by high costs, 
prolonged development timelines, and regulatory hurdles in the pharmaceutical sector. AI-driven 
recommendation systems have emerged as an effective approach to enhance candidate selection 
and optimize drug-target interactions. Typical drug discovery methods are expensive, time-
consuming, and frequently have a high failure rate. The inability to quickly identify suitable drug 
candidates is a significant challenge due to the lack of effective predictive models. To address these 
issues, the Context-Aware Hybrid Ant Colony Optimized Logistic Forest (CA-HACO-LF) model is 
proposed. This model combines ant colony optimization for feature selection with logistic forest 
classification, improving drug-target interaction prediction. By incorporating context-aware learning, 
the model enhances adaptability and accuracy in drug discovery applications. The research utilized 
a Kaggle dataset containing over 11,000 drug details. During pre-processing, techniques such as 
text normalization (lowercasing, punctuation removal, and elimination of numbers and spaces) 
were applied. Stop word removal and tokenization ensured meaningful feature extraction, while 
lemmatization refined the word representations to enhance model performance. Feature extraction 
was further improved using N-grams and Cosine Similarity to assess the semantic proximity of drug 
descriptions, aiding the model in identifying relevant drug-target interactions and evaluating textual 
relevance in context. In the classification phase, the CA-HACO-LF model integrates a customized Ant 
Colony Optimization-based Random Forest (RF) with Logistic Regression (LR) to enhance predictive 
accuracy in identifying drug-target interactions, leveraging the extracted features and cosine similarity 
for better performance. The implementation is performed using Python for feature extraction, 
similarity measurement, and classification. The proposed CA-HACO-LF model outperforms existing 
methods, demonstrating superior performance across various metrics, including accuracy (0.986%), 
precision, recall, F1 Score, RMSE, AUC-ROC, MSE, MAE, F2 Score, and Cohen’s Kappa.
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The identification of new potential therapies has been a vital component in enhancing human wellness. 
Populations of people globally experience numerous difficulties and remain impacted by microorganisms. Also, 
serious medical conditions like diabetes and cancer have been a persistent threat to human health1. Traditional 
drug development and discovery involves preclinical and clinical trials, lead drug discovery and effectiveness, 
identifying targets and validation, and other time-consuming, harmful procedures2. Reports of significant 
advances in drug discovery that have been allocated to computational intelligence were frequently reported in 
the technological and available sectors in recent years3. The process of finding new drugs is time-consuming, 
complex, and dangerous. Partnerships appear to strengthen the possibility of clinical success, expand the target 
inventory by identifying emerging targets, use undruggable targets, and improve the development of new 
medications4.In a desire to gain a greater knowledge of senescent cell biology, dasatinib (D) and quercetin (Q), 
the first senolytic drugs, were discovered in 20155. Certain genes have been discovered to be essential for the 
ability to survive cancer cells across the drug development process, and the proteins that encode them were 
found to be cancer-selective targets6. By analyzing a large number of candidate compounds, High-Throughput 
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Screening (HTS) improves the drug identification process. By detecting possible active molecules and eliminating 
undesirable structures, Virtual Screening (VS) enhances the performance7. During the identification of a potential 
substance, extensive testing in clinical and preclinical investigations is conducted to evaluate its efficiency, safety, 
and possible adverse effects8. Target verification, compound discovery, improvement, preclinical evaluation, and 
clinical trials are all involved in the multi-stage process of introducing drugs into medical practice. Historically, 
this process has required an enormous amount of time and resources, whereas these initiatives continue to 
result in substantial losses, negative drug effects, and persistent challenges in treating diseases like diabetes and 
cancer9. Most clinical pharmaceutical candidates fail to find the clinical alternative with the required biological 
impact due to safety or efficacy issues10.

Problem statement
The lengthy development cycles, high cost, complexity, and low success rates in establishing effective drug-target 
interactions provide significant difficulties to the drug discovery process. Large biomedical datasets are difficult 
to examine effectively using traditional computational approaches and frequently lack the contextual awareness 
and prediction accuracy required. Finding significant connections between medications and biological targets is 
further complicated by the existing algorithms’ lack of intelligent feature selection and semantic comprehension. 
To identify the drug-target interactions more quickly and affordably, a strong, context-aware hybrid model is 
essential. The research develops the CA-HACO-LF method to enhance the drug discovery performance, and it 
improves the feature extraction, optimizes classification, and increases prediction accuracy.

Objective and contributions of this research
Developing a strong, Context-Aware Hybrid Ant Colony Optimized Logistic Forest (CA-HACO-LF) model to 
improve drug-target interaction prediction in drug discovery is the primary objective. The approach intends 
to increase the effectiveness and precision of potential drug identification by combining HACO for efficient 
feature selection with an LF classifier for precise prediction. It aims to integrate CA and increase flexibility across 
various medical data conditions by utilizing conceptual feature extraction approaches, such as N-Grams and 
Cosine Similarity.

•	 The research intends to provide an effective prediction of drug-target interactions in drug discovery.
•	 The 11,000 Medicine Details dataset was obtained, and the obtained data was preprocessed by certain tech-

niques called text normalization, stop words removal, tokenization, and lemmatization.
•	 Processed data are extracted with significant features by utilizing the feature extraction techniques called 

N-Grams and Cosine Similarity.
•	 The CA-HACO-LF method is proposed to enhance the forecasting precision in classifying drug-target inter-

actions.
•	 The performance of the proposed and existing techniques is determined by comparing the results through 

various performance metrics, whereas the performance of the CA-HACO-LF method shows more signifi-
cance in drug prediction and classification.

The proposed CA-HACO-LF model improves precision medicine, clinical trial selection screening, and 
medication repurposing, among various applications in pharmaceutical research and development.

Developing, merging, and linking were the three ideas that have been brought to combine the elements into 
the compound discovered in the research11. Variational Autoencoder (VAE) and reinforcement learning models 
were examined. AI-enabled fragment-based drug discovery techniques make advancements that contribute 
to the highly efficient exploration of the enormous chemical universe. The Black Box issue with DL models’ 
operation interpretation was the limitation presented in the research.

There was a lot of interest in creating inventive methods to use Deep Learning’s (DL) capabilities in low-data 
conditions, as demonstrated in12. From de novo design to protein structure prediction and synthesis planning, 
DL has become increasingly significant throughout the drug discovery process. The results assumed the risk of 
predicting potential paths that exist in drug discovery using low-data training. Insufficient criteria and datasets 
have been developed in the research to standardize the assessment, selection, and creation of creative approaches 
with a higher potential for drug discovery.

Due to Plasmodium parasites’ increasing medication resistance and inability to stop transmission within 
human hosts, malaria continued as a serious threat to public health, as discussed in13. It explored various ML 
and DL techniques, and the results showed that the Fingerprints and Graph Neural Networks (FP-GNN) model 
effectively represented the main structural characteristics in drug discovery. A limitation of the investigation was 
that it was computationally complicated to perform with the large amount of data.

Three important Transcription Factors (TFs) control the tumor cell-specific regulatory networks that 
were discovered14, and the investigation of the protein structure of Clear Cell Renal Carcinoma (ccRCC) 
allowed research to identify the TF EPAS1/HIF-2α using pharmacological virtual screening. Both the ML 
technique and a deep Graph Neural Network (GNN) were employed. Certain substances that influenced the 
therapeutic medication of individuals with ccRCC were identified based on the characteristics of the tumor 
microenvironment. Drug resistance and variation in tumors significantly limited the effectiveness of cancer 
treatment.

Experimental screening based on targets and phenotypes has become a popular approach for finding 
anticancer drugs, whereas these methods were labor-intensive, time-consuming, and expensive15. 832 models 
were constructed using the Fingerprint GNN(FP-GNN) technique to forecast the inhibitory impact of drugs 
against targeted and tumor cell types. The research did not include tumor cells, and DeepCancer updates to 
address new targets.

Scientific Reports |        (2025) 15:35719 2| https://doi.org/10.1038/s41598-025-19593-4

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


The DL-based computer model was used to estimate Drug–Target Affinities (DTAs) by learning drug 
networks, protein sequences, and dual drug sequences16. To specifically enhance the spatial characteristics of 
drug and protein sequences, layered multilayer squeeze-and-excitation networks were employed. Additionally, 
compact graph isomorphism networks were employed to collect drug visualizations and differentiate between 
chemical structures. Experimental assessments using repeated cross-validation on different datasets showed 
that DoubleSG-DTA consistently performed better than other research. The investigation involved computer 
predictions without experimental confirmation, which could fail to accurately represent the complex structures 
and interactions of biological processes.

A description of geometric DL’s modern applications in bioorganic and medicinal chemistry in the research, 
with particular attention on the technology’s potential for structure-based drug discovery and development, has 
been provided17. The main emphasis was on ligand binding site, balance, and structure-based de novo molecule 
creation with molecular attribute prediction. The application of physics-inspired techniques and equivariant 
neural networks to structure-based drug development was not well-established.

Developing a more effective, methodical medication design for periodontitis before clinical trials was the 
objective18. To cure dental disease, the researchers employed DL and systems biology techniques to develop 
and find new drugs. There was no investigation into possibly beneficial substances in potential drug discovery 
technologies.

Based on the properties of Traditional Chinese Medicine (TCM) ingredient small molecules and FDA-
approved combination medicine data obtained from the DrugCombDB database, a drug combination training 
set was created utilizing 16 distinctive variables19. For the categorization and prediction of combination 
medications, the RF model was chosen. Clinical trials were lacking to validate the research’s findings and the use 
of TCM in other domains.

A more logical approach to drug discovery by computer-aided drug design and disease-related target 
discovery, as research advances, has been demonstrated20. The identification and forecasting of compound-protein 
associations were then investigated after the DL model was built using a Recurrent Neural Network (RNN). 
Its dependence on computer models allowed it to ignore complex pharmacodynamic and pharmacokinetic 
interactions, and it lacks biological or clinical validation.

The ML approach that accurately anticipated the findings of the research using biological activities, the 
chemicals’ physicochemical properties, target-related factors, and compound representation based on Natural 
Language Processing (NLP) techniques was determined21. It provided findings and conclusions from an RF 
classifier that has an average accuracy of 93%. The lack of private or clinical datasets limited the model’s accuracy 
and generalizability.

Using ML techniques, multifunctional antimicrobial compounds and lead compounds that inhibit the 
antibiotic targets Deoxyribonucleic Acid (DNA) gyrase and Dihydrofolate reductase in Escherichia coli, 
with 18,387 non-specific drug-like chemicals, were introduced in the research22. With an accuracy of 0.91, 
the findings showed that the Gradient Boosting Classifier (GBC) was the most effective in determining a 
compound’s effectiveness against DNA gyrase. There was no demonstration of any other categorization methods 
for screening antibacterial compounds.

A well-known network-based ML technique for the prediction of drug-target and drug-drug interactions 
and evaluations for predicting network relationships was applied23. Following experimental assessment, the 
three greatest performers, including RONE, ACT, and LREW5, were identified. The algorithmic prediction 
capability was impacted by the smaller number of instances.

The prediction model for potential Drug Target Interactions (DTIs) was presented in the research24. The 
unique properties of proteins and medications’ structural forms were utilized. Light-Boost and ExtraTree’s 
experimental results utilized the structures and feature data, yielding 98% accuracy. The model’s generalizability 
across a variety of diseases was unclear and untested, and it lacked experimental validation and overfitted due 
to its great reliability.

Drugs’ unpleasant tastes have been evaluated in the final phases of research. The BitterIntense, an ML tool that 
utilized a molecule’s chemical structure to determine whether it’s very bitter or not very bitter, was introduced25. 
Using multiple test sets, the model was trained on a variety of chemical substances and exhibited accuracy levels 
above 80%. To find and create new bioactive chemicals, the research does not incorporate computational taste 
prediction with other computational technologies.

Structure of the research  Section  “Introduction” presents the introduction. Evaluation of drug-relevant ar-
ticles is provided in Sect. “Objective and contributions of this research”. Research methodology is explored in 
Sect.  “Research methodology”. In Sect.  “Results and discussions”, results and discussions are presented. Sec-
tion “Conclusions” determines the conclusions of the research.

Research methodology
Improving prediction accuracy in detecting drug-target interactions is the objective of the investigation. The Kaggle 
data with 11,000 drug data points was used in the research. Techniques, including text normalization, were used 
during pre-processing. Lemmatization improved word representations to improve model performance, while 
tokenization and stop word removal maintained relevant discovery of features. Utilizing N-grams and Cosine 
Similarity to evaluate the semantic similarity of drug descriptions, feature extraction was further enhanced. This 
enabled the model to find pertinent drug-target interactions, along with assessing textual significance in context. 
Using obtained characteristics and cosine similarity, the CA-HACO-LF model in the classification was used to 
improve predictive accuracy in finding drug-target interactions. Figure 1 presents a workflow for drug–target 
identification. It starts with data collection from biological and chemical sources, followed by data preprocessing 
to clean and standardize information. Next, feature extraction transforms raw data into meaningful descriptors 
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for drugs and targets. These features are processed through classification models, such as machine learning, 
to predict possible interactions. Finally, experimental results validate the predictions, ensuring accuracy and 
reliability. This pipeline supports efficient drug discovery by integrating computational analysis with biological 
validation.

Data collection
The 11,000 Medicine details dataset26 is obtained from Kaggle. Medical professionals, data professionals, and 
supporters desire to discover more about the availability of medications and medical supplies, as they anticipate 
this dataset to be a useful resource. It has a wealth of data about more than 11,000 medications that were collected 
from 1 mg, a well-known online pharmaceutical and healthcare organization. There are six features, such as 
medicine name, salt composition, uses, manufacturer, image URLs, and percentage of reviews (Table 1).

Data preprocessing
Preprocessing is the process of converting unprocessed data into the proper structure that can be used for 
evaluation and ML models. It comprises organizing, modifying, and cleaning data to enhance its quality and utility 
for further processing. This research provides various data preprocessing techniques, like text normalization, 
stop word removal, and tokenization, along with lemmatization for processing the data from the dataset.

•	 Text normalization: To ensure consistency and suitability for various NLP tasks, text data need to be cleaned 
and preprocessed through a process known as text normalization. The procedure involves multiple types of 
processes, including case normalization and punctuation removal, along with number and space removal.

Lowercasing: To maintain the data as consistent, all of the content in the “Uses” category is converted to 
lowercase, which ensures that variants such as headache are considered interchangeable phrases. Punctuation 
Removal:It excludes symbols and special characters that interfere with text evaluation and keeps texts without 
unnecessary symbols like!,?, etc. Numbers and Spaces Removal: It eliminates any numerical values that aren’t 
necessarily useful for textual evaluation. It assists in directing attention to medical situations or applications over 
numbers. It makes data formatting cleaner by eliminating unnecessary preceding or surrounding spaces and 
keeps the ML model with no whitespace inconsistencies.

Features Descriptions

Medicine name The dataset is an extensive compilation of pharmaceutical items, containing the names of more than 11,000 medications.

Salt composition Medical practitioners and academics researching drug interactions and effects depend heavily on the salt content of each medication.

Uses Discover the illnesses and diseases for which prescription drugs are utilized, which are relevant to medical professionals and 
researchers investigating the effectiveness of treatments.

Manufacturer The dataset provides useful data about pharmaceutical producers, supporting supply chain management, quality control analysis, 
and the identification of production patterns.

Image URLs Drug identification and visual evaluation are made easier by patients having access to visual URLs for each medication.

Review Percentages The three types of review percentages in this dataset are Excellent, Average, and Poor. These sections provide an extensive 
description of each medication’s ratings and comments.

Table 1.  Feature Descriptions.

 

Fig. 1.  Process Involved in the Research.
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•	 Stop word removal and Tokenization: Eliminating terms that occur frequently in all of the corpus’s records is 
known as stop word removal. The technique of breaking the text into a collection of significant components 
is called tokenization, and the components are known as tokens.

Stop word removal: To improve processing efficiency, common words that lack significant meaning to the text, 
like “the,” “or,” and “is,” are eliminated. Tokenization: Separating the information into separate words makes 
modification and evaluation easier, like “Medicine Name” as “Medicine” and “Name”.

•	 Lemmatization: Using a lexicon that considers context, it reduces words into the simplest form. Every time, 
a valid term is returned by the lemmatization.

Before processing the input, the function validates the words in a proper string. When the input value is 
not a string, it remains unchanged to avoid errors. To keep the cleaned words clear, the processed words are 
reassembled into a string. Using the processed text, the dataset’s “Uses” category is updated.

Feature extraction
The process of converting unstructured data into a collection of beneficial attributes is called feature extraction, 
and it involves determining and selecting the most pertinent features from the data and then presenting 
information in a new and easier-to-manage format. This process includes two significant extraction techniques, 
such as N-Grams and Cosine Similarity, that extract the significant features from the preprocessed data.

•	 N-Grams: To capture contextual patterns in a given text, N-grams are used to represent sequences of n ob-
jects, frequently words or characters. It converts text into numbers, which are utilized in ML algorithms.

Numerical representations of the medications’ applications are created from the textual descriptions. An n-gram 
model is used for this process by capturing word sequences (bigrams and unigrams) that describe the usage 
pattern of each medication.

•	 Cosine Similarity: In applications like text evaluation, cosine similarity is frequently used to assess the simi-
larity of two vectors. Vectors are considered to be identical if the cosine similarity is 1, orthogonal (unrelated) 
if it is 0, and diametrically opposing if it is −1.

To compare the similarities of various medications, the cosine similarity metric is utilized once the text has been 
transformed into numerical form. The medications are more likely to have equivalent applications while the 
similarity score is high.

Classifying the drug-target interaction by employing the context-aware hybrid ant colony 
optimized logistic forest (CA-HACO-LF) model
Using the obtained characteristics and cosine similarity, the CA-HACO-LF model enhances the predictive 
accuracy in finding drug-target interactions during the classification process by integrating a specific Random 
Forest based on Ant Colony Optimization with Logistic Regression.

Context aware (CA)
The CA is incorporated into the model, which means that it considers the context when the data is generated, 
along with basic data. When it relates to medication discovery, this necessitates the patient’s medical history and 
symptoms, along with practical elements like the time of day or the patient’s location that affect a medicine’s 
effectiveness. Context awareness enables the algorithm to produce more precise and individualized drug 
recommendation predictions.

Logistic forest (LF)
The RF and Logistic Regression (LR) are clear and interpretable classifiers, combined as a hybrid LF technique. 
Through the use of both model capabilities, a hybrid method is introduced to improve classification performance 
by averaging the model predictions.

LR  One classification approach that makes use of the ensemble methodology is LR. It predicts the probability 
of categorical outcomes in the drug discovery classification process. Its implementation is feasible, and it will 
be highly effective, as it produces a model with adequate performance. By integrating an error function into the 
drug discovery prediction function, it essentially employs an alternative method to the regularization technique 
used in the proposed model, which estimates the parameters and selects the variables. To produce the model, 
LR divides the data into sub-spaces that support the main assumption q < N , which is required for logistic 
regression model training. For j = 1, 2, ..., N , let aj  be the q × 1 vector of predictions and Bj  be a binary 
outcome variable with two potential values {0,1}. The LR probability model is provided in Eq. (1), with coef-
ficients β 0and β = (β 1, β 2, ..., β q)S .The equation models the probability Q (Bj |aj) of event Bj  given 
features aS

j ​, where β0\beta_0β0​ is the intercept, β  is the coefficient vector, and f  defines the logistic function.

	
Q (Bj |aj) = 1

1 + f
−

(
β 0+aS

j
β

) � (1)
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Since the maximum probability method for estimating β 0 and β  has no closed forms, an iterative or numerical 
approach is employed. The following Eq. (2)is used to estimate the parameters using this method.

	

{
β̂ 0, β̂

}(l)
=

{
β̂ 0, β̂

}(l−1)
− G−1 (

β l
0, β l

)
∇ k

(
β l

0, β l
)

� (2)

In this case, l represents the estimation process’s iteration index. The gradient vector, or first derivative of 
the log-probability function, is represented by the vector ∇ k

(
β l

0, β l
)

, and the Hessian matrix for k (β ) is 
represented by G−1 (

β l
0, β l

)
. Combining weak classifiers to create a stronger model is the fundamental idea 

behind this approach, where each classifier is constructed from the framework using a distinct set of variables. 
For n = 1, 2, ..., N , let θ  be the space of predictions in the entire data, and θm represents the m-th subspace. 
The data is initially divided into N  sub-spaces using the following algorithm Θ : Θ = (θ 1, θ 2, ..., θ N ). 
Each subspace has been selected with approximately the same number of members or in balance. The average 
value will be utilized to collect the prediction values or occurrence probabilities of each model. This threshold 
is often set at 0.5.LR creates several ensembles to enhance the classifier’s performance, and the outcome is 
determined by a majority decision.

Figure 2 illustrates a single-layer perceptron used in neural networks. Products are combined in the summation 
block, producing a net input. The net input is then passed through an activation function to add non-linearity, 
followed by a threshold function to determine the final output. The difference between the predicted output and 
actual output generates an error, which is used to adjust weights for learning.

RF  A group of classification trees constitutes the RF algorithm, and each tree decides only for the class that is 
most frequently assigned to the input data. It combines multiple decision trees for better generalization, which 
enhances the performance in drug discovery forecasts.

Figure 3 illustrates an ensemble learning approach for drug dataset analysis. The dataset is divided into subsets 
and processed through multiple models or classifiers, each producing independent results (Result-1, Result-2, … 
Result-n). Instead of relying on a single model, the outcomes are combined using a majority voting mechanism, 
where the most common prediction is selected as the final decision. This technique reduces bias, improves 
accuracy, and enhances the robustness of drug–target identification by leveraging the collective strength of 
multiple classifiers.

The RF variable’s significance factor in the research is determined by observing the sensitivity of sample size, 
variable amount, responsiveness to various technique parameters, and sensitivity to the existence of correlated 
variables. As a supervised learning approach, RF creates the Decision Tree’s (DT) forest. Its accuracy approaches 
many ML methods, especially when dealing with large datasets that contain a large number of features. The 
collecting approach is typically used for training, where each tree is constructed by a randomized selection 
process from the training data. There was an integration between the variety of classification trees and the RF 
classifier. Equation (3) is used in the calculation of the classification outcome.

	
D (s) = max

Q
Fs

L∑
j=1

(dj (S) = Q)� (3)

The variable S is the original dataset’s training set. The selections from the S dataset are denoted by T  and L. 
Using a random vector, the application automatically creates L decision trees for every subset. The classification 
result is represented by D (s), while the classification result of the jTh decision tree is shown by dj (S). The 
target category in the present instance is Q. However, a number of RF hyperparameters are used to speed up 
the procedure or improve the model’s drug discovery prediction abilities. When managing high-dimensional 
data, RF achieves superior performance by performing an implicit feature selection procedure. In determining 
feature importance in RF, the Gini importance is frequently utilized as a measurement factor. As a result, the 
relevance ratings contribute to determining the importance of DTs to the classifier. Equation (4) the function​
measures performance, where increasing error values ( e1​, eo) decrease the overall score, and minimizing these 
errors maximizes j (s).

Fig. 2.  Architecture of LR.
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	 j (s) = 1 − e2
1 − e2

0� (4)

Variable e is the proportion of the classes. The class is represented by i = 0,1, and ei in Eq. (5) is the proportion 
of Ni samples that represent the total number of samples N .

	
ei = Ni

N
� (5)

A threshold on variable Θ  is used to split and send products to two distinct sub-notes ( sq& sp), which results 
in diminishing δi. The process is expressed in Eq. (6).Here, eq and ep​ are coefficients (weights) that scale the 
values of j at those reference points.

Thus, δ j (s) measures the residual or correction term after accounting for the influence of sq  and sp​ 
on j (s).

	 δ j (s) = j (s) − eqj (sq) − epj (sp)� (6)

Then, using all-inclusive values of Θ  that are available in the node’s overall thresholds, an exhaustive search is 
conducted. Equation (7) is used to preserve the decreases in Gini impurity values for each variable independently 
by taking all nodes s.

	
JH (Θ ) =

∑
o

∑
p

δ jΘ (s, S)� (7)

Variable JH  considers the frequency that features Θ  is chosen at a split and the significance to the classifier for 
a specific assignment. It aggregates the contribution of different outcomes (o) and parameters (p) by summing 
their associated error or reward term δ jΘ . The weight of each classifier is dynamically changed according 
to the importance of the symptom, as an alternative to relying on the standard majority voting approach. For 
instance, the RF model, weighted more heavily in the instance of cancer data, is more complex. Both classifiers 
independently produce predictions. By combining the forecasts using a majority vote mechanism, the more 
frequent prediction among the two models determines the outcome.

Hybrid ant colony optimization (HACO)
The Ant Colony Optimization (ACO) algorithm is a metaheuristic that derives inspiration from the actual ants 
finding the quickest route to sources of data. Ants frequently utilize the routes with the highest concentration 
of pheromones. An important agent-based system that mimics ants’ natural behavior, including the cooperative 
and adaptive mechanisms, is the ACO algorithm. The ACO algorithm quickly determines the shortest route 
from the data source to the habitat and vice versa by simulating the methods employed by real ants without 
the need for visual cues. The ACO algorithm generates solutions across a period of cycles, or iterations. Several 
ants use heuristic knowledge and the collective knowledge of earlier ant groups to provide comprehensive 
solutions in iterations. The main factor contributing to the ACO algorithm’s shortcomings is the occurrence of 
inactivity. To address this issue in the ACO algorithm, the HACO is suggested in the research. HACO facilitates 

Fig. 3.  RF Classifier’s Basic Architecture.
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the selection of the most relevant features for a classification process in drug delivery. Various stages presented 
in the optimization approach are explained below.

Dynamic motions of ants  It is suggested that the dynamical movements probability rule, which combines 
deterministic and random selection, improves the global search strategy’s selection process. Throughout the 
evolutionary process, the phenomenon of the route is changing. Since symptoms change over time, the research 
dynamically adjusts the pheromone strength based on the significance of features compared to employing fixed 
pheromone levels. For instance, with time, certain traits (such as medical records or the intensity of symptoms) 
get increasingly important for classifying diseases. Pheromone updating rules are based on domain-specific 
knowledge, such as symptom correlations. For example, flu and pneumonia co-occur with symptoms including 
fever and cough. This is able to select more pertinent elements. The possibility of travelling to the following des-
tinations, denoted as Ql

ji, is shown in Eqs. (8–9).

The objective function JH (Θ ) used in the CA-HACO-LF model, where ant colony optimization (ACO) 
guides the selection probability of feature paths. The transition probability Ql

ji (s) depends on pheromone 
intensity (τ ), heuristic information (η ), and adaptive factor aji, normalized over all allowed paths. It balances 
dataset size and path distance, ensuring optimal feature relevance and improved classification accuracy.

	
Ql

ji (s) =

{
τ ji(s)α × η ji(s)β × aji(s)∑

l∈ allowedl
τ jl(s)α × η jl(s)β × a(s)

if i ∈ allowedl

0 Otherwise
� (8)

	
aji = M × Sd

M × Sd + δ × Pd (j, i) × η (j, i) /η Maxi

� (9)

where M represents the number of ants, Sd is the number of iterations that are presently occurring, and max 
is the heuristic function’s maximum value (j, i). From the start of the first iteration, Pd (j, i) represents the 
total ant quantities that traversed with route (j, i). Parameters Pd and η are similarly taken into consideration 
by the aji. While the phenomenon’s effect on the inadequate solution continued to improve, the quantity of ants 
and the component ajiare reduced as the iteration went toward the inadequate solution.

Updated rules  The residual phenomena are updated following each search to avoid encapsulating the predic-
tive factor by the residual pheromone information. Description of the phenomena updates approach using the 
HACO algorithm’s expensive approach is determined in Eqs. (10–13).

Equation 10 represents the pheromone update rule, where τ ji (s + 1) is the pheromone level on edge ji at the 
next iteration. ρ  is the pheromone evaporation rate, τ ji (s) + ∆ τ ji is the current pheromone level, ∆ τ ji​ is 
the pheromone deposited by all ants during the iteration, and +∆ τ ji

∗​ is the pheromone reinforcement from 
the best solution.

	 τ ji (s + 1) = ρ τ ji (s) + ∆ τ ji + ∆ τ ji
∗� (10)

Equation (11), ∆ τ ji
∗is the total pheromone deposited on edge (j, i) by all MMM ants, where ∆ τ ji

ldenotes 
the pheromone contribution from the lthant.

	
∆ τ ji

∗ =
M∑

l=1

∆ τ ji
l� (11)

Equation (12) represents the pheromone deposited by the lthant is P/KL, where P  is a constant pheromone 
strength and KL is the length or cost of the path chosen by ant l; if the edge is not visited, no pheromone is 
added.

	
∆ τ l =

{
P/KL, P ass path (j, i) by ant l in the iteration

0, other � (12)

Equation (13), ∆ τ ∗ is the additional pheromone reinforcement, where δ  is a scaling factor, P  is pheromone 
strength, and L∗ is the length or cost of the best solution; otherwise, no reinforcement is applied.

	
∆ τ ∗ =

{
δ P/L∗, the Edge (j, i) j is one of the found optimal solutions

0, other � (13)

Adaptive adjustment approach  To create a generally uniform phenomena distribution and successfully resolve 
the conflict between widening the search and finding the best solution, an adaptive phenomena adjustment tech-
nique is presented to identify the local optimal solution. In the adjusting phenomena ∆ τ ji

l = P (s) /KL, the 
constant of phenomena intensity P  is chosen to be replaced by the real variable function P (s) (Eqs. (14–15)).

	 ∆ τ ji
l (s) = P (s) /KL� (14)
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P (s) =

{
P1 s ≤ S1

P2S1 < s ≤ S2
P3S2 < s ≤ S3

� (15)

The constant term P  is substituted with the real variable function P (s)to maintain the equilibrium between 
the ant’s random search and the path details in the induction function during the random search process, while 
phenomena are rising.Where P1, P 2, P 3​ are the function values corresponding to different ranges of s, and 
S1, S2, S3are the threshold points.

Dynamic evaporation component approach  The pheromone’s evaporation factor is a constant in the funda-
mental HACO algorithm. Large-scale problems have almost zero undiscovered path phenomena, and the value 
is directly related to the speed of convergence and global search capabilities of the ACO algorithm. In the process 
of enhancing the ACO algorithm’s capacity for broad search, the dynamic evaporation rate technique significant-
ly improves the convergence. Three distinct decay models are available to better investigate the evaporation rate 
decay model, such as the curve, line, and scale decay models. A series of experiments is used to determine the 
curve decay model. The following Eq. (16) describes the definition of the curve decay model.

	
ρ (s) = S × (τ Maxi − τ Mini) × s

S − 1 + S × τ Mini − τ Maxi

S − 1
� (16)

where τ Maxi and τ Mini are the pheromone’s upper and lower limits, the terms “ s” and “ S” stand for the 
present iteration and the maximum number of iterative times.

Symmetrical boundary mutation approach  The distribution of the collected data will probably tend to the 
normal distribution as the number of samples approaches infinity, according to mathematical statistics. The 
center area has the boundary path that shows the advantages and disadvantages of routes. Boundary balance in-
dicates that boundary mutation only occurs inside this border; crossover and boundary mutation do not occur. 
According to the experimental findings, the enhanced mutation approach greatly increases both the effective-
ness and efficiency of mutations.

Figure  4  represents the Ant Colony Optimization (ACO) algorithm workflow. It begins with parameter 
initialization and updating the taboo table with OD points. Ants traverse possible paths, depositing pheromones 
to mark favorable routes. The process iteratively updates the current optimal path through repeated rounds, 
reinforcing better solutions. After multiple iterations, the best path is identified and output as the final result. This 
bio-inspired optimization method mimics ant foraging behavior and is widely applied in routing, scheduling, 
and path optimization problems.

The accuracy of the selected feature subset for each ant is assessed using a Logistic Regression classifier. Every 
characteristic is given a pheromone level that denotes its significance. Based on pheromone intensity, several 
artificial agents (ants) actively select attributes. When an observation receives more pheromone deposits, the 
significance of qualities that lead to increased accuracy is reinforced. Until the optimal selection of features 

Fig. 4.  Flowchart of the HACO Algorithm.
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is found, the algorithm iterates several times, progressively improving the selection procedure. Algorithm 1 
indicates the CA-HACO-LF algorithm.

Algorithm 1: CA-HACO-LF

The CA-HACO-LF model combines contextual information with enhanced ML to forecast drug-target 
interactions. By employing advanced optimization techniques and real-world pharmacological datasets to 
improve prediction accuracy, CA improves flexibility in response to changing medical data, the LF classifier 
increases classification accuracy, and HACO selects the most pertinent characteristics. Cosine similarity assesses 
semantic linkages in drug descriptions, and the CA-HACO-LF model facilitates intelligent drug recommendation.

The integrated LR and RF method is compared with numerous optimizations, including Genetic Algorithm 
(GA), Particle Swarm Optimization (PSO), Simulated Quantum Annealing Optimization (SQAO), and Ant 
Colony Optimization (ACO), to identify the effective performance.

GA  GA is inspired by evolution and natural selection, with binary chromosomes representing traits. Genera-
tions change through mutation, crossover, and selection, with fitness ratings influencing final features, evaluated 
by LR.

PSO  PSO represents potential features in a feature region using particles, deriving inspiration from coral reefs 
and bird flocks. Top features are chosen for the hybrid classifier by iteratively evaluating each particle’s popula-
tion using LR and selecting the global best component.

SQAO  To facilitate effective exploration and convergence towards optimal classifying features, SQAO, a quan-
tum mechanics-based technique, iteratively converts features using simulated heating, and frequently accepts 
lower quality states to avoid local optima.

ACO  An optimization based on the ACO approach was developed, inspired by ants’ foraging behaviors. Its 
application in feature selection assists in selecting the most instructive features for the classification task.

After each method’s feature selection is finished, the chosen features are utilized to train two classifiers, such as 
RF and LR. A hybrid decision is produced by averaging the forecasts in an effort to better generalize by capturing 
both non-linear and linear patterns.
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Results and discussions
The primary concern in the research involves the advancement of drug-target interaction forecasting in drug 
discovery. The implementation is performed by Python with 32GB RAM. Performance evaluations of the model, 
the comparative evaluations, and the optimization comparisons are demonstrated in this section.

Evaluations performance
This section provides effective performance with Cosine Similarity Heatmap, Word Cloud Visualizations for 
medicine uses, side effects, and composition, Frequent Words Used in Medicine, Frequent Medicine Names, and 
Confusion Matrix.

•	 Cosine Similarity Heatmap: A heatmap that compares materials, values, or other vector representations by 
using color to show the cosine relationship between pairings of vectors is called a cosine similarity heatmap.

Figure 5 is a heatmap showing similarity scores between different medicines. Dark red indicates higher similarity 
(close to 1), while blue shows lower similarity (near 0). It helps visualize relationships, overlaps, or substitutability 
among various drugs efficiently.

All medications are identical to one another; hence, the diagonal values are always 1. The similarity between 
several medications is indicated by off-diagonal measurements. Areas that are warm or red show a high degree 
of similarity. Blue regions show a slight similarity. For instance, “Ascoril LS Syrup” shares strong similarities with 
“Ascoril D plus Syrup Sugar-Free” and “Alex Syrup,” indicating that the applications are identical.

Fig. 6.  Word Cloud Visualizations for (a)Medicines uses (b) Side Effects of Medicines.

 

Fig. 5.  Visual Representation of Cosine Similarity Heatmap.
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•	 Word Cloud Visualizations: The visual representations of text data, known as word cloud visualizations, 
show the frequency or significance of each word in a text by displaying its size. The cloud visualizations for 
medicine uses, side effects, and compositions are below.

Medicine uses  Using a collection of information about medicine, it develops a Word Cloud visualization to 
show the most common words in the “Uses” category (Fig. 6).

Figure 6 (a) is a word cloud representing common medical terms related to drug usage and conditions. Larger 
words like pain, treatment, relief, and neuropathic indicate higher frequency, highlighting key therapeutic 
purposes such as pain management, chest issues, hypertension, and heart-related treatments.

Side effects of medicines  The word cloud visualization is produced by the investigation to show the most com-
mon terms in the “Side effects” category of a dataset that contains information on medications.

Figure 6  is a word cloud of drug side effects, where larger words like nausea, pain, dizziness, vomiting, and 
headache represent the most frequent adverse effects. Smaller terms indicate less common issues, highlighting 
the broad spectrum of potential medication reactions.

Composition of medicines  To highlight the most common words in the “Composition” category of a dataset 
with information about medicine, the research establishes a Word Cloud visualization.

Figure  7  is a word cloud of drug compositions and dosages. Prominent terms like Paracetamol, Diclofenac, 
Aceclofenac, 100  mg, and 325  mg indicate frequently used medicines and strengths, while smaller words 
represent less common compounds, highlighting the diversity of pharmaceutical formulations.

•	 Frequent Words Used in Medicine: Processing an image, extracting pertinent information, and producing a 
visual representation of the retrieved data are the primary objectives. Techniques, including image segmenta-
tion, extracting features, and statistical evaluation, have been used in the process.

Figure  8 (a) is a bar chart showing medicine usage word frequency. Pain and treatment dominate with the 
highest counts, followed by relief, neuropathic, angina, and heart-related. This highlights major therapeutic 
focuses, emphasizing pain management and treatment as primary healthcare concerns.

According to the outcomes, “pain” and “treatment” are the most commonly used words in medication usage, 
demonstrating the significance of drug descriptions. A focus on addressing chronic and cardiovascular diseases 
is suggested by terms like “relief,” “neuropathic,” and “chest,” which represent common therapeutic areas that 
drugs address.

•	 Frequent Medicine Names: The investigation examines a dataset containing medication names.

Figure 8 illustrates the frequency of prescribed medicines across different categories, including creams, syrups, 
tablets, capsules, and vaccines. Among them, Episert Cream, Monoguard Cream, Benadryl Syrup, and Sertaspore 
Cream were prescribed most frequently, with a count of three each. In comparison, the remaining medicines, 
such as Mibeta SR 40 Tablet and Pregalin Forte Capsule, showed relatively lower frequencies of two.

Episert Cream, Monoguard Cream, and Benadryl Syrup are among the top ten most often referenced 
medication names. The existence of tablets, creams, syrups, and vaccinations suggests a wide variety of 
formulations utilized, mostly for pain management, topical treatment, respiratory relief, and preventative care 
across many therapeutic categories.

Fig. 7.  Word Cloud Visualizations for Composition of Medicines.
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•	 Confusion Matrix: By classifying the actual and expected classes, a confusion matrix demonstrates the pro-
portion of accurate (TP - True Positives and TN - True Negatives) and inaccurate forecasts (FP – False Posi-
tives and FN – False Negatives). The confusion matrix for the CA-HACO-LF method was obtained from the 
data of drug discovery.

Figure 9  illustrates the classification performance across five classes. Most predictions align with true labels, 
showing high accuracy. Class 1 achieved the best results with 324 correct predictions. Minor misclassifications 
occurred in Classes 0 and 2, where some samples were incorrectly classified. Overall, the model demonstrates 
strong predictive performance with minimal errors across all categories.

The confusion Matrix shows the CA-HACO-LF model classified five distinct medical diseases, including 
Class 0: Cough, Class 1: Pain, Class 2: Cancer, Class 3: Fever, and Class 4: Infections. Using only a small amount 
of misclassification, the model accurately identified 324 instances of “Pain” (Class 1). Precisely one case was 
incorrectly identified as “Cough” (Class 0), and another as “Cancer” (Class 2).

Comparative evaluations
Comparison between the proposed CA-HACO-LF and existing techniques, such as Bidirectional Encoder 
Representations from Transformers BERT27, Extreme Gradient Boosting (XGBoost)28, Random Forest (RF)28 
and K-Nearest Neighbour (KNN)28, Multi Task Deep Neural Network (DNN)29 is demonstrated in the research 
by employing numerous performance metrics, like accuracy, precision, recall, F1 score, F2 score, Root Mean 
Squared Error (RMSE), Cohen’s Kappa, AUC ROC curve, Mean Absolute Error (MAE), and Mean Squared 

Fig. 9.  Confusion Matrix for Drug Discovery.

 

Fig. 8.  (a)Frequent Words Used in Medicine (b)Frequent Medicine Names.
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Error (MSE). Table 2 examines the metric’s definitions and equations. Table 3 shows the comparison of various 
existing and CA-HACO-LF methods’ performances in drug discovery.

Figure 10 (a-b) depict the accuracy and precision results. Whereas the accuracy determined by the proposed 
CA-HACO-LF method is 0.986, existing methods like BERT, XGBoost, KNN, RF and MultiTask DNN provided 
accuracy of 0.97, 0.80, 0.77, 0.72 and 0.88 Based on the results, the proposed method showed an improved 
result compared to than the existing techniques in drug discovery accuracy. Precision in CA-HACO-LF is 0.985, 
BERT is 0.968, XGBoost is 0.73, KNN is 0.83, RF is 0.63 and Multi Task DNN is 0.84. Findings of the precision 
indicated that the performance of the proposed CA-HACO-LF surpasses all other existing techniques in drug 
discovery.

Figure 11 (a-b) represented the recall and F1 score outcomes. Recall rate of BERT (0.963), XGBoost (0.87), 
KNN (0.62), RF (0.87), Multi Task DNN (0.86) and CA-HACO-LF (0.986) techniques are explored. According to 
the results, the proposed method provides significant outcomes with an enhanced recall rate for drug discovery 
performance. The F1 score of RF is 0.73, BERT is 0.965, XGBoost is 0.79, KNN is 0.71, Multi Task DNN is (0.85) 
and the proposed F1 score is 0.985. Thus, the research results indicated that the proposed method is superior to 
all other existing drug discovery forecasting and classification approaches.

The Cohen’s Kappa metric outcomes are displayed in Fig. 12. The CA-HACO-LF technique provides a 0.9658 
Cohen’s Kappa rate, while XGGBoost has 0.61, RF has 0.45, BERT has 0.9363 and KNN has 0.53. Thus, the results 
of the research showed that the improved result of the proposed model ismore significant in the discovery of 
drugs than existing techniques.Table 4 determined the evaluation outcomes of the BERT27 model and the CA-
HACO-LF model in drug discovery processes.

Parameter BERT27 XGBoost28 KNN28 RF28
MultiTask
DNN29 CA-HACO-LF [Proposed]

Accuracy 0.97 0.80 0.77 0.72 0.88 0.986

Precision 0.968 0.73 0.83 0.63 0.84 0.985

Recall 0.963 0.87 0.62 0.87 0.86 0.986

F1Score 0.965 0.79 0.71 0.73 0.85 0.985

Cohen’s Kappa 0.9363 0.61 0.53 0.45 - 0.9658

Table 3.  Comparison of various exiting and CA-HACO-LF Methods.

 

Metrics Definitions Equations

Accuracy
The proportion of accurate true 
positive and true negative forecasts 
overall.

Accuracy = T P +T N
T P +T N+F P +F N

Precision
The proportion of real positive 
predictions among all the positive 
predictions provided by the model.

P recision = T P
T P +F P

Recall

F1 Score
It is the harmonic mean of precision 
and recall. It measures the balance 
between both metrics.

F 1 score = 2 × P recision× Recall
P recision+Recall

Cohen’s Kappa
It evaluates the probability of random 
agreement while calculating the level 
of consistency between the expected 
and actual labels.

κ = P r(x)−P r(f)
1−P (f)

AUC ROC

It determines whether the model 
allows for differentiation among 
various classes using probability 
outputs. Having the highest AUC 
shows efficient results in forecasts.

AUC ROC =
1́

0
TP (FP) dFP =

1́

0
TP (FP (a)) da

F2 Score

A variant of the F-score that prefers 
recall above precision, which makes 
it effective for instances when 
inaccurate results are more important 
than incorrect positives.

F 2 SCore = 5 × P recision× Recall
(4× P recision)+Recall

RMSE
It measures the average magnitude 
of the errors that receive large errors 
with weight due to.

RMSE =
√

1
N

∑
N
j=1

(
bj − b̂j

)2

MSE
It evaluates the average magnitude of 
forecast errors without taking motion 
into consideration.

MSE = 1
N

∑
N
j=1

∣∣bj − b̂j

∣∣

MAE
Compared to MSE, it is more robust 
to severe errors as it measures the 
absolute variation among anticipated 
and actual values.

MAE = 1
N

∑
N
j=1

∣∣Bj − B̂j

∣∣

Table 2.  Definitions and equations of the performance Matrices.
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Fig. 12.  Estimation of Cohen’s Kappa with Proposed and Existing Techniques.

 

Fig. 11.  Evaluation Outcomes of (a) Recall and (b) F1 score.

 

Fig. 10.  Results of (a) Accuracy and (b) Precision.
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Findings of the proposed and existing methods’ AUC ROC Score and F2 score are explored in Fig. 13(a-b). 
BERT with 0.9682 of AUC ROC and 0.9682 of F2 Score, CA-HACO-LF with 0.9943 of AUC ROC and 0.9859 
of F2 Score are provided. Whereas the proposed model exceeds the existing technique in the drug discovery 
process with significant efficiency in both AUC ROC and F2 Score.

Figure  14(a-c) demonstrated the results of the proposed CA-HACO-LF and the existing BERT method’s 
RMSE (CA-HACO-LF-0.1446, and BERT-0.1785), MSE (CA-HACO-LF-0.0209, and BERT-0.0318) and MAE 
(CA-HACO-LF-0.0162, and BERT-0.0318) outcomes. The CA-HACO-LF is enhanced more significantly than 
the BERT approach in terms of fewer error outcomes.

Optimization comparison
The research provides the comparison of LR and RF with various optimizations such as GA, PSO, SQAO, and 
ACO. Table 5 represents the optimization results of LR and RF in the drug discovery process.

Fig. 14.  Comparison Outcomes of Error Metrics (a) RMSE, (b) MSE and (c) MAE.

 

Fig. 13.  Findings of the CA-HACO-LF and BERT techniques with (a) AUC ROC Score and (b) F2 Score.

 

Parameter BERT27 CA-HACO-LF [Proposed]

AUC ROC Score 0.9682 0.9943

F2 Score 0.9682 0.9859

MSE 0.0318 0.0209

RMSE 0.1785 0.1446

MAE 0.0318 0.0162

Table 4.  Evaluation outcomes of the BERT27 model and the CA-HACO-LF model in drug discovery processes.
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According to the results, the LR and RF with ACO performance was more significant than other optimization 
integrated with LR and RF techniques in terms of accuracy (99%), precision (99%), recall (99%), and F1 Score 
(99%).

Whereas BERT27 appeared to be effective at interpreting contextual language, it required a lot of processing 
power and had difficulty integrating complex biological features. The XGBoost28 and RF28 were over-fit with 
medical information and lacked the awareness of context. With high-dimensional data, which is typical in drug 
discovery, KNN28 performed poorly and was affected by feature scaling. Additionally, feature redundancy was 
not sufficiently addressed by these models, which impacted the forecasting accuracy. By incorporating HACO 
for optimal selection of features and minimizing noise and duplication, the proposed CA-HACO-LF resolves 
the existing limitations. To improve robustness and generality, it integrates the LF method. Furthermore, by 
greatly enhancing prediction accuracy and flexibility in real-world pharmaceutical datasets, the incorporation 
of CA learning and semantic similarity algorithms facilitates better comprehension of medication descriptions.
Finding the most effective solutions is demanded with the GA method, particularly when dealing with technical 
drug discovery issues with large search fields. PSO underestimated the global optimum when it converged to 
local optima too rapidly. SQAO was still not widely utilized in drug discovery, and its implementation was 
more complicated than other optimizations. The ensemble classifier used the highly relevant features that ACO 
had effectively chosen to generate reliable and broadly applicable outputs. In all class distributions, the result 
demonstrates superior adaptability and intellectual capacity.

In the fields of healthcare, biotechnology, and customized treatment planning, its precise prediction of drug-
target interactions facilitates quicker drug development, lowers expenses and failures, and can be modified for 
medical text mining, toxicity prediction, and pharmaceutical genomics.

Ablation research results
The ablation research evaluates the effectiveness of each component in the proposed CA-HACO-LF model. The 
full model achieved the highest performance (Accuracy: 0.986, F1 Score: 0.986), demonstrating the benefit of 
combining context-aware learning, ACO-based feature selection, and logistic forest classification. Removing the 
context-aware module or ACO feature selection led to noticeable drops in accuracy and F1 score, highlighting 
their importance in enhancing prediction quality. Eliminating cosine similarity further reduced semantic 
understanding of drug descriptions. Table  6 using only RF or LR showed significantly lower performance, 
confirming that the hybrid integration is critical for superior drug-target interaction prediction.

Conclusions
The research focused on improving predictive accuracy for drug-target interactions. A dataset of over 11,000 
drug entries was collected and pre-processed using text normalization (lowercasing, punctuation removal, 
elimination of numbers and spaces), stop word removal, tokenization, and lemmatization to ensure data quality. 
Significant features were extracted using N-grams and Cosine Similarity. The CA-HACO-LF model, which 
combines RF and LR with HACO, was used for classification. The evaluation results implemented in Python 
show that CA-HACO-LF achieved an accuracy of 98.6%, precision of 0.985, recall of 0.986, F1 score of 0.985, F2 
score of 0.9859, RMSE of 0.1446, MSE of 0.0209, MAE of 0.0162, Cohen’s Kappa of 0.9658, and AUC-ROC of 
0.9943. These outcomes indicate improved performance relative to standard RF and LR models; however, these 
results are specific to the dataset and experimental conditions used in this study. It is important to acknowledge 
the limitations of this work: the model’s generalizability to other drug-target datasets has not been fully validated, 
and performance may vary with different data distributions. Future research should include larger and more 
diverse datasets to further assess the robustness and applicability of the CA-HACO-LF approach.

Model variant Accuracy Precision Recall F1 Score

Proposed CA-HACO-LF (Full Model) 0.986 0.985 0.988 0.986

− Without Context-Aware 0.979 0.977 0.981 0.979

− Without ACO Feature Selection 0.973 0.971 0.974 0.973

− Without Cosine Similarity 0.971 0.970 0.971 0.971

Random Forest only 0.964 0.963 0.964 0.964

Logistic Regression only 0.952 0.951 0.952 0.952

Table 6.  Ablation results of the proposed CA-HACO-LF Model.

 

Parameters
GA with
LR and RF PSO with LR and RF SQAO with LR and RF ACO with LR and RF

Accuracy (%) 91 95 96 99

Precision (%) 92 96 96 99

Recall (%) 91 95 96 99

F1Score (%) 90 95 96 99

Table 5.  Comparison of LR and RF with various Optimizations.
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Limitations and future scopes
The CA-HACO-LF model requires a significant amount of computing power and it is limited in its ability to 
manage huge, diverse datasets. Future research should therefore focus on optimizing the computational efficiency 
of the model, possibly through lightweight architectures, parallelized frameworks, or integration with cloud-
based and edge computing environments.Further investigations proceed in requiring directions with wider 
clinical deployment and application in unique illness medication discovery. While the CA-HACO-LF model 
demonstrates strong predictive performance, several practical challenges remain for real-world deployment. 
First, the computational cost associated with hybrid optimization and ensemble learning can limit scalability 
in resource-constrained environments, requiring efficient model compression or cloud-based deployment 
strategies. Second, integration into pharmaceutical pipelines demands compatibility with diverse biomedical 
data formats and regulatory compliance, which can pose technical and administrative hurdles. Finally, real-
world adoption requires interpretability and ease of deployment so that domain experts can trust and utilize the 
system effectively in clinical and industrial contexts. Addressing these aspects will be crucial for translating the 
promising results of this research into practical applications.

Data availability
All datasets used in this study, including those sourced from Kaggle ​(​2​6​.​h​t​t​p​​s​:​/​/​w​w​​w​.​k​a​g​g​​l​e​.​c​o​​m​/​d​a​t​a​s​e​t​s​/​s​i​n​g​
h​n​a​v​j​o​t​2​0​6​2​0​0​1​/​1​1​0​0​0​-​m​e​d​i​c​i​n​e​-​d​e​t​a​i​l​s​)​, are publicly available and come with licenses that grant permission 
for research use.
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