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Abstract—Artificial Intelligence (AI) is rapidly becoming an 

integral part of healthcare systems across the globe. This is 

because AI can process large volumes of medical data and make 

more informed clinical decisions. In the healthcare sector, 

machine learning and deep learning algorithms are used in 

various applications, such as intelligent diagnostic systems, 

medical image analysis, pharmaceutical data processing, and 

illness prediction. This study presents a MIMIC-IV Dataset 

based Smart Classification Model for Pharma Healthcare Data. 

Different datasets preprocessing techniques have been used in 

the experimental analysis in order to improve the data quality 

and model performance. These methods comprised missing 

value imputation, normalization, one-hot encoding, outlier 

removal and data balancing using SMOTE. XGBoost achieved 

an impressive 96% accuracy (ACC), 94.6% precision (PRE), 

91.6% recall (REC), and 97.7% F1-score (F1) out of all the 

models used. The outcomes of the proposed classification model 

based on XGBoost are reliable, accurate and efficient and looks 

extremely suitable for smart systems in the healthcare and 

medicine field as well as advanced systems in clinical decision 

making. 

Keywords—Personalized Medicine, AI Ethics, Drug 

Discovery, Convoluted Neural Networks, Machine Learning, 

Pharmacological Research, Artificial Intelligence. 

I. INTRODUCTION 

Drug classification is a key concept in the pharmaceutical 
and health care industry because the classification is important 
for precise categorization of drugs in respect of patient 
condition and medical needs [1]. Traditionally, drug 
classification relied heavily on expert knowledge and manual 
analysis, which was often time-consuming and prone to 
human error. With the proliferation of healthcare data and its 
rapid evolution, automated intelligent systems are playing a 
crucial role in improving the PRE and productivity of drug 
decision making processes [2][3]. Healthcare information is 
generated from medical centers, clinical consultations, 
laboratory reports, and patient records and carrying valuable 
information which can be utilized for effective healthcare 
management and personalized treatment strategies [4][5]. 

The pharmaceutical industry is dedicated to advancing 
innovation and new technologies to address global healthcare 
issues and improve patient outcomes [6]. The development of 
new drugs, biologics, and personalized treatment solutions is 
a major research effort in manufacturing, packaging, safety 
assessment, and toxicity prediction [7]. Furthermore, the 
healthcare industry has to deal with issues like staffing 
shortages, skill deficits, drug side effects and rising patient 
expectations, where technology driven solutions are essential 
for efficient management [8][9]. Healthcare systems have 
been switched to Electronic Health Records (EHRs) [10] and 
wearable devices, genomics databases and diagnostic imaging 
have generated huge healthcare datasets which can be used for 
predictive and preventive healthcare applications [11][12]. 

Artificial Intelligence (AI) has emerged as a game-changer 
in the pharmaceutical sciences and healthcare analytics. Drug 
discovery, disease prediction, pharmacovigilance, clinical 
trial optimization, medical image,  and personalized medicine 
are among the areas where AI methods, such as machine 
learning, deep learning, and natural language processing, have 
had a major impact [13][14][15][16]. These systems can 
leverage artificial intelligence to uncover patterns in vast 
biomedical datasets, forecast drug effectiveness, track side 
effects, and aid in making informed decisions during clinical 
practice. Furthermore, AI-driven predictive models can help 
to streamline healthcare resources by providing more accurate 
patient diagnosis, treatment recommendations, and live 
patient monitoring [17][18][19]. 

ML and DL can be used to design intelligent classification 
models for analyzing complex healthcare data [20]. The data 
is often high-dimensional and can have non-linear 
relationships among variables, making the use of traditional 
statistical and biostatistical analysis challenging in many 
medical applications [21]. These models are not directly 
applicable to learning meaningful features and derive patterns 
from structured and unstructured healthcare data 
automatically like ML and DL. Multi-class classification 
models are also important in pharmaceutical healthcare 
applications, where they can be used to classify multiple 
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classes of drugs, disease conditions or treatment 
recommendations using patient health attributes and clinical 
parameters. In real-world scenarios, particularly within 
healthcare, these classification methods can struggle with data 
imbalances, scalability, feature complexities, and prediction 
consistency when handling large datasets. These clever 
approaches have proved very effective for medical 
classification, prediction and decision making problems [22]. 

Hence, this paper suggests a robust multi-class 
classification model for pharma healthcare data using 
advanced Artificial Intelligence techniques that improves the 
classification ACC, the reliability of the model based on the 
pharma healthcare data [23], computational efficiency, and 
intelligent healthcare decision support systems. The proposed 
framework is intended to process complex pharmaceutical and 
healthcare data that able to detect meaningful patterns and 
enhance the predictability in various healthcare classes [24]. 

A. Motivation and Contribution 

The increasing need for intelligent and accurate healthcare 
data classification systems in the context of pharmaceutical 
research and clinical decision-making can serve as a 
motivating factor for this study. As medical and 
pharmaceutical information grows quickly, manual and 
statistical techniques are unable to process complex data 
efficiently and effectively in the healthcare sector. AI-driven 
machine learning and DL algorithms offer more advanced 
features for recognizing complex patterns and enhancing 
predictive healthcare outcomes. Hence, the objectives of this 
research are to design an AI-based classification model which 
can improve the accurate prediction of healthcare, efficient 
and intelligent decision support applications. This research 
offers several key contributions as listed below: 

• Utilized healthcare datasets from the MIMIC-IV 
database and Kaggle repositories containing patient 
clinical and pharmaceutical records. 

• Compared several categorization models, such as 
XGBoost, RF, LR, NBs, LSTM, and SVM. 

• Utilized the XGBoost model to attain a 96% 
classification ACC while simultaneously enhancing 
REC, PRE, and F1 values. 

• Developed a smart AI-based classification framework 
for pharmaceutical healthcare data analysis. 

• Demonstrated that the proposed framework provides 
reliable and efficient healthcare data classification for 
intelligent pharmaceutical and clinical decision-
support systems. 

The motivation behind this study is the rising need for 
intelligent and credible healthcare data classification systems 
to enhance pharmaceutical analysis and clinical choice 
making. Existing healthcare prediction approaches often face 
challenges in handling complex and high-dimensional 
medical datasets efficiently. The novelty of this work is the 
development of a smart classification framework that 
integrates multiple machine learning and deep learning 
models for the comprehensive analysis of healthcare data. The 
proposed XGBoost framework offers superior predictive 
power, lightning speed feature learning, and robust 
classification ability for intelligent healthcare applications in 
the pharmaceutical sector. 

B. Organization of the Paper 

This paper is structured as follows: Section II reviews 
related studies on AI-based pharmaceutical healthcare data 
classification. The methodology used and the experimental 
setup are detailed in Section III. These classifications are 
reported and commented on in section IV. Lastly, section V 
presents the conclusions, limitations and future directions of 
the research. 

II. LITERATURE REVIEW 

This research was supported with a comprehensive review 
of the latest research on Smart Classification Models for 
Pharma Healthcare Data. The models and main findings from 
previous studies are summarized in the proposed models, key 
findings and challenges in Table I. 

Goddilla and Sivasangari (2025) looks at how these two 
machine learning methods can be used together to predict 
disease symptoms, with the goal of assisting early detection 
and enhancing healthcare outcomes. The performance, pros 
and cons of regression and classification approaches to 
symptom prediction are discussed and assessed. Developed 
predictive models that were able to capture the complexities 
of healthcare data by using a comprehensive dataset with 
medical records, demographic data, and clinical variables. 
Ensemble methods and feature engineering techniques were 
employed to improve the ACC of the model, and the best 
model, which was the RF, showed an ACC of 91.84% [25]. 

G. A et al. (2024) suggested a new approach to data 
analysis and prediction that combines Blockchain technology 
with artificial intelligence and machine learning techniques 
like SVM, K-means, and LSTM. This would improve 
healthcare organizations' pharmacovigilance processes. Safe 
and transparent data transfer is enabled at every stage of a 
drug's development by combining blockchain technology with 
ML algorithms. This includes early discovery as well as post-
marketing surveillance. The proposed system improved 
patient outcomes and drug safety, where SVM achieved 85% 
ACC, K-means 90%, and LSTM 94% [26]. 

Hameed Shaker and Khalaf (2023) The goal is to come up 
with new ways to predict how people feel based on reviews 
written by patients in order to improve data analysis. A feature 
extraction method called TF-IDF is then employed. According 
to the results of the experiments, the RFC outperforms all 
other models found in the literature in terms of PRE, REC, F1, 
and ACC, hitting 93% [27]. 

Habib et al. (2022) provided a model that integrated ML 
with unsupervised learning. In order to formulate and validate 
the study hypothesis, the consolidation approach was useful in 
establishing a foundation. An 8-cluster solution was produced 
by the self-organizing map. Classification tasks were built 
from clustered data to further validate the posterior-
probability multi-class SVMs performance. The elements that 
contribute to depression were identified as a result of the 
assumptions made by importance sampling. An improved 
classification performance of 91.16% was achieved after 
using the suggested model [28]. 

Bardalai et al. (2022) evaluated healthcare network 
features, contrasted machine learning-based prediction 
models and algorithms, and highlighted the challenge of 
accurately predicting smart healthcare performance metrics.  
established a model to predict the flow of two separate types 
of healthcare data using the tenets of Healthcare 4.0: data from 

https://doi.org/xxxxxxxxxxxxx
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sensors used for remote monitoring, including measurement 
of oxygen saturation (Sp02) and blood pressure (BP), and 
audio/video data used for remote consultations. While NB 
provides superior ACC at 72% in forecasting the throughput, 
K-means has the greatest performance among the algorithms 
with 75.9% sensitivity and 72.68% ACC [29]. 

Ben Ali Kaddour and Abdulaziz (2021) utilized image 
processing algorithms to develop digital pathology, which 
aids pathologists in making more accurate diagnoses with less 

room for human mistake. With the advent of digital 
healthcare, computer vision and AI methods like DL and ML 
algorithms were able to work together. An AI program that 
can automatically generate medical reports, secure patient 
data, and conduct pathological analysis for various diseases 
from medical photos was the goal of the project. With an F1 
of 0.8332 and an ACC of 90.47%, the model used CNNs and 
morphological feature extraction to classify images of various 
types [30]. 

TABLE I.  RECENT STUDIES ON SMART CLASSIFICATION MODEL FOR PHARMA HEALTHCARE DATA USING MACHINE LEARNING TECHNIQUES. 

Author Proposed Work Dataset Results Limitations & Future Work 

Goddilla and 

Sivasangari 

(2025) 

Applied combined machine learning 

techniques for disease symptom 

prediction using regression and 
classification models with ensemble 

learning and feature engineering. 

Medical records, 

demographic data, 

and clinical 
variables dataset 

Random Forest achieved 

91.84% accuracy. 

Limited generalization across diverse 

healthcare datasets; future work can 

focus on real-time clinical deployment 
and advanced deep learning models. 

G. A et al. 
(2024) 

Integrated AI-based ML algorithms 
(SVM, K-means, LSTM) with 

Blockchain for pharmacovigilance and 

ADR prediction. 

Pharmacovigilance 
and ADR 

healthcare dataset 

SVM achieved 85%, K-
means 90%, and LSTM 

94% prediction accuracy. 

Blockchain integration increases 
computational complexity, future 

work may improve scalability and 

security optimization. 

Hameed, 
Shaker and 

Khalaf (2023) 

Developed sentiment prediction models 
using patient reviews and TF-IDF feature 

extraction with machine learning 

classifiers. 

Patient review and 
sentiment analysis 

dataset 

Random Forest Classifier 
achieved 93% accuracy 

with improved Precision, 

Recall, and F1-score. 

Performance depends on text quality 
and language diversity, future work 

can explore transformer-based NLP 

models. 

Habib et al. 

(2022) 

Proposed a hybrid unsupervised and 

supervised ML framework using Self-

Organizing Maps and multi-class SVM 
for depression-related classification. 

Clustered 

healthcare and 

depression-related 
dataset 

Achieved 91.16% 

classification accuracy. 

Limited dataset size and clustering 

complexity, future studies can use 

larger datasets and deep learning 
methods. 

Bardalai et al. 

(2022) 

Designed a Healthcare 4.0 throughput 

prediction model using ML algorithms 

for telemonitoring and teleconsultation 
data. 

BP, SpO2 sensor, 

audio, and video 

healthcare data 

K-means achieved 72.68% 

accuracy and 75.9% 

sensitivity; Naïve Bayes 
achieved 72% precision. 

Lower prediction accuracy for 

complex healthcare environments, 

future work may include hybrid AI 
optimization models. 

Ben Ali 

Kaddour and 
Abdulaziz 

(2021) 

Proposed AI-based digital pathology 

using CNN architectures and 
morphological feature extraction for 

multi-disease medical image 

classification. 

Medical image 

pathology dataset 

Achieved 90.47% accuracy 

and 0.8332 F1-score. 

Limited to specific pathology datasets, 

future work can improve 
generalization across multiple 

diseases and integrate explainable AI. 

Research Gaps: The existing literature on healthcare and 
pharmaceutical data classification has shown good results 
with ML and DL methods, but most current models still fail 
to achieve good generalization ability, prediction ACC, and to 
be able to deal with the complex and high dimensionality of 
healthcare and pharmaceutical data. There are some already 
developed solutions that are applicable only to a specific set 
of diseases, medical images, or to medical text analysis, thus 
restricting their use in multiple healthcare contexts in the 
pharmaceutical sector. Furthermore, the model performance 
and reliability are negatively affected by challenges such as 
class imbalance, computational complexity, and poor feature 
optimization. Therefore, there is a need for an effective and 
powerful AI based healthcare classification system that can 
improve the prediction ACC, process complex healthcare data 
and can be used in intelligent clinical decision making system 
etc. 

III. RESEARCH METHODOLOGY 

The proposed methodology is based on the Kaggle's 
MIMIC-IV dataset which is used to develop the Smart 
Classification Model for Pharma Healthcare Data. The 
acquired data undergoes a series of pre-processing processes 
to improve its quality and distribution of classes. These steps 
include removing outliers, imputation of missing values, one-
hot encoding, normalization of z-scores, and data balancing 
using SMOTE. Classification of the processed data is then 
carried out using the XGBoost algorithm. ACC, PRE, REC, 
F1, confusion matrix, and ROC curve analysis are then used 

to evaluate the model's performance. The proposed FL of the 
Smart Classification Model for Pharma Healthcare Data is 
shown in Fig.1. 

 

Fig. 1. Proposed Flowchart for Smart Classification Model for Pharma 

Healthcare Data 
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A. Data Gathering and Analysis 

The dataset was collected from the MIMIC-IV database 
and Kaggle healthcare repositories, containing patient clinical 
records, diagnoses, treatments, and clinical summaries from 
2008–2019. The dataset consisted of 999 records with two 
main columns, and visualization techniques such as bar plots 
and heatmaps were used for data analysis below Figure 1 
illustrates the proposed methodology for smart classification 
of pharmaceutical healthcare data using an intelligent 
predictive framework: 

 

Fig. 2. Power Distribution of Number of Patients Records 

Fig 2 presents the provided histogram displays the power 
distribution of patient records, utilizing a logarithmic scale on 
the x-axis ranging from 100 𝑡𝑜 104 to represent the volume of 
records. This distribution is approximately symmetric and 
bell-shaped on this log scale, with the maximum amount of 
data peaking around 100 to 200 patient records. Records occur 
at a predictable frequency towards the lower end and towards 
the higher end (around 1 and approaching 10,000) and have a 
typical log-normal characteristic. 

 

Fig. 3. Boxplot of the examined Healthcare variables  

Fig. 3 displays the distribution and variation of seven 
different variables related to the health care system, ranging 
from a single measurement scale and demonstrating the 
central tendencies, interquartile ranges, and outliers of each 
variable. The features such as body temp, chloride, HR, O2 
sat, MCV have high baselines with midpoints between 75 and 
110, with HR being the widest and most volatile. By contrast, 
the numeric ranges of the other two, creatinine and respiratory 
rate, are much smaller, with one interesting case of a negative 
value for creatinine, possibly an artifact of the data pre-
processing or a scaled/normalized transformation of the 
features. 

 

Fig. 4. Correlation Matrix Heatmap 

Fig 4 presents the correlation matrix heatmap 
demonstrates extremely strong positive correlations among all 
clinical and demographic variables, with Pearson coefficients 
ranging from 0.84 to 1.00. High correlations are seen between 
the features respiratory rate, SyBP, DiBP, and other features 
like heart rate, BMI, anchor age and diabetes label are also 
highly correlated, which shows that the features are related. 

B. Data Pre-Processing 

The MIMIC-IV database was used for data concatenation, 
cleaning, and data pre-processing. Preprocessing steps 
included stop words removal, irrelevant English words 
removal, missing value imputation by mean, outlier detection 
and elimination, and data labelling and normalization. The 
main pre-processing tasks are described briefly as follows: 

• Removing stop words and irrelevant English 
words: This phase involved removing phrases such 
"patient," "mg," "doctors," "B," "case," "always," and 
"getting" that contributed little or nothing to the 
analysis, in order to make the data easier to understand 
and improve the ACC. 

• Missing Value Identification and Mean 
Imputation: Identified and replaced low rate of 
missing values in healthcare features to maintain data 
consistency by applying Mean Imputation technique. 

• Outlier Detection and Removal: Identified the 
outliers by using the Boxplot and IQR method and 
removed the noisy data points which are extreme to 
obtain the accurate model and better prediction 
capability. 

C. Data Encoding (One-Hot Encoding) 

The dataset was prepared for ML analysis by converting 
categorical healthcare variables to numerical format using the 
One-Hot Encoding approach. This resulted in conversion of 
each category to binary to facilitate model compatibility and 
prediction performance. 

D. Data Normalization (Z-Score Normalization) 

Data normalization is a preprocessing method that helps 
models run more smoothly by bringing all of the data into a 
consistent distribution. Applying z-score normalization 
ensures that feature values centered around the average with 
unit variance. This method adjusts the data to have a mean of 
0 and a standard deviation of 1, thereby reducing outliers. 
Equation (1) defines the z-score normalization. 

 𝐸′ =
𝐸−𝑀̅

𝜎𝑀
 () 

Where 𝐸′ and E are new and old for every data point, 𝑀̅ is 
the mean, and 𝜎𝑀 is the standard deviation 

E. Data Balancing (SMOTE) 

Data balancing involves changing the distribution of 
classes to enhance the performance of the ML model. This is 
done when there is an imbalance in the dataset, such as when 
one class contains far less samples than the others. When one 
class is significantly underrepresented in a dataset, SMOTE is 
a popular data augmentation technique for bringing the two 
classes back into parity. Applying preexisting instances of the 
minority class to generate new data for that class is key to 
SMOTE. As a basic method, the algorithm selects a minority 
class instance by considering its k closest neighbors in the 
feature space. 

https://doi.org/xxxxxxxxxxxxx
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F. Data Splitting 

A stratified 80:20 train-test split was used. By utilizing this 
stratified split, the original dataset's proportionate class 
distributions were maintained in both the training and testing 
groups. 

G. Proposed Extreme Gradient Boosting (XGBoost) Model 

The Smart Classification strategy for Healthcare Data is 
suggested to use XGBoost, a supervised ML-based boosting 
strategy. Utilizing an ensemble learning technique that 
incorporates many decision trees, XGBoost enhances the PRE 
and efficacy of forecasts. The model can also minimize a loss 
function, which represents the difference between the actual 
and expected goal values, in regression tasks. The XGBoost 
regression model is mathematically described by Equation 
(2): 

 𝑦 = 𝑓(𝑥) () 

the XGBoost model that takes a vector of input features 
(such square footage, number of bedrooms, etc.) and utilizes 
them to predict a variable 𝑦, where y is the expected property 
price, and functions from 𝑥  to 𝑦 . The XGBoost algorithm 
builds a network of decision trees that have been trained to 
minimize the MSE loss function in order to determine 𝑓(𝑥). 
The model takes an average of all the DT results to get the 
final projection. The XGBoost regression model in its whole 
appears to be Equation (3) 

 𝑦 = ∑(𝑘 = 1 𝑡𝑜 𝐾)  𝑓𝑘(𝑥) () 

where 𝐾 is the total number of DTs in the ensemble and 
𝑓𝑘(𝑥) is the prediction of the 𝐾th DT. All trees learn their leaf 
values during training, and their predictions are a weighted 
average of those values. The XGBoost model makes a 
prediction for each input 𝑥 by summing the predictions of all 
the ensemble DTs. 

H. Evaluation Metrics 

A number of classification measures were used to judge 
how well the proposed model worked. First, a confusion 
matrix was created to show the categorization findings. This 
matrix included the number of correct and incorrect guesses 
for each class. Valuable metrics including TP, FP, TN, and FN 
were extracted from this matrix. Important evaluation metrics 
like as ACC, PRE, REC, and F1 were computed using these 
data, as explained below: 

Accuracy: The trained model's ACC is defined as the 
percentage of occurrences it properly predicts out of all the 
examples in the dataset. Equation (4) provides a mathematical 
representation of this 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP+TN

TP+Fp+TN+FN
 () 

Precision: The "PRE" stands for the proportion of 
correctly predicted positive events to the total number of 
positive events. It is defined in Equation (5) and indicates how 
well the classifier can detect positive classifications 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
TP

TP+FP
 () 

Recall: The REC of a model is the proportion of correctly 
predicted positive cases to the total number of positive 
examples. In mathematics, it is expressed as Equation (6) and 
it assesses the model's capacity to detect all pertinent positive 
instances 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

𝑇𝑃+𝐹𝑁
 () 

F1 score: A balanced measure between REC and PRE, the 
F1 is the harmonic mean of the two. A higher score suggests 
greater categorization ability; it runs from 0 to 1. Its 
mathematical representation is given by Equation (7) 

 𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 () 

Receiver Operating Characteristic Curve (ROC): The 
ROC curve is a graph that shows how the TPR and the FPR 
change as the classification threshold number changes. 
Among other names, TPR might mean sensitivity or REC, 
whereas FPR is determined by dividing specificity by 1. 

IV. RESULTS AND DISCUSSION 

The setup was implemented using an Intel Core i7-
13620H CPU and a graphics card from NVIDIA - an RTX 
4060Ti with 24GB of GDDR6 memory, which is suitable for 
efficient computation and model training. The data was 
managed using PostgreSQL 13 and Python 3.9 was used as the 
programming language. This entire framework has been 
created and deployed on the Windows 10 operating system 
with the PyCharm 2020 Community Edition platform. The 
MIMIC-IV healthcare dataset was used to train the proposed 
XGBoost and other important performance metrics (ACC, 
PRE, REC and F1) were used to evaluate the proposed 
XGBoost model as presented in Table II. The results from the 
experiments indicate that the model yielded an accuracy of 
96% in the classification of the healthcare data, hence the 
model is highly accurate with low prediction error. Moreover, 
its model PRE was 94.6% and REC was 91.6%, showing its 
high efficiency for accurately recognizing the positive health 
care cases and for searching the relevant clinical cases. The 
balanced, reliable and robust performance of the proposed 
XGBoost framework for intelligent pharmaceutical healthcare 
classification and clinical decision-support applications is 
further validated by the F1 of 97.7%. 

TABLE II.  CLASSIFICTION RESULTS FOR PHARMA HEALTHCARE DATA 

Matrix Extreme Gradient Boosting (XGBoost) Model 

Accuracy 96 

Precision 94.6 

Recall 91.6 

F1-score 97.7 

 

Fig. 5. Confusion Matrix for the Xgboost Model 

The confusion matrix of the XGBoost model is shown in 
Fig. 5. which has the ability to predict the binary classification 
with high accuracy, with 98 negative samples correctly 
classified, and 92 positive samples correctly classified. The 
classification error was very low (only two false positives and 
eight false negatives) with excellent prediction power. Matrix 
diagonal values that are most often used to indicate the 
XGBoost model's reliability and usefulness in healthcare data 
classification and diagnosis prediction. 

https://doi.org/xxxxxxxxxxxxx
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Fig. 6. ROC Curve for Xgboost Model 

The classification performance of XGBoost model is 
shown in Figure 6 with the TPR (Sensitivity) and the FPR (1 
– Specificity). The curve is situated near the upper left corner, 
which demonstrates a good discrimination power between 
classes and a very good prediction power. The XGBoost 
model's AUC score of 0.994 shows that it is very accurate and 
dependable in classification tasks. 

A. Comparative Analysis 

The suggested model's usefulness is judged by seeing how 
accurate it is compared to other models in Table III. Different 
models such as XGBoost, RF, LR, NB, LSTM and SVM 
models were tested and evaluated with the help of different 
metrics like F1, REC, ACC and PRE. The accuracy of 
XGBoost for the classification of the pharma healthcare data 
is 96%, PRE of 94.6%, REC of 91.6%, and F1 of 97.7% which 
is better when compared to other models. RF, LR, NB and 
LSTM had lower predictive ability, while SVM had 
comparatively good results but were still not as good as 
XGBoost. The results show that the proposed XGBoost model 
is better at healthcare data classification for AI healthcare apps 
using pharmaceutical data in terms of reliability, balance, and 
efficiency. 

TABLE III.  COMPARISON OF DIFFERENT MACHINE LEARNING AND DEEP 

LEARNING MODELS FOR CLASSIFICATION MODEL FOR PHARMA 

HEALTHCARE DATA 

Model Accuracy Precision Recall F1-score 

RF[31] 68.5 69 66.7 66.9 

LR[32] 72 88 72 78 

NB[32] 73.8 79.4 87.9 72 

LSTM[33] 72.04 65.53 64.08 63.38 

SVM[34] 91.4 91.8 90.8 91.2 

XGBoost 96 94.6 91.6 97.7 

The suggested XGBoost model did a better job of 
classifying pharma healthcare data than other machine 
learning and deep learning models. It was found that its 
ensemble boosting mechanism was effective in dealing with 
complex healthcare features, the reduction of prediction errors 
and the overall ACC of classification. The model's high F1, 
REC, and PRE scores indicate that it reliably and accurately 
predicts healthcare outcomes. These results indicate that the 
proposed XGBoost framework is a good option for the smart 
drug classification system and healthcare decision support 
applications. 

V. CONCLUSION AND FUTURE STUDY 

Machine learning and deep learning have emerged as 
viable approaches to address complex challenges in smart 
healthcare systems over the past few years. These challenges 
involve drug discovery, disease diagnosis, decision making 
for physicians, and data analysis in healthcare. This research 
proposed a comprehensive classification for Pharma 
Healthcare Data using different ML and DL models in order 

to find the optimum forecasting method. Different 
classification models like XGBoost, RF, LR, NB and LSTM 
were put to experimental evaluation. At 96%, the XGBoost 
model outperformed all of the others, including RF (68.5%), 
LR (72%), NB (73.8%), LSTM (72.04%) , and SVM (91.4%), 
according to the data. XGBoost has several advantages over 
the other models, such as ensemble boosting, feature learning, 
and it has lower risk of overfitting yet still predicts well. It can 
easily process high dimensional healthcare data. Hence, it is 
concluded that, the classification system developed using 
XGBoost is an efficient, reliable, scalable solution for 
healthcare data analysis and intelligent healthcare decision 
making applications in the pharmaceutical field. However, the 
disadvantages are that it is based on a relatively small dataset 
and structured clinical information. Larger multi-source 
datasets, sophisticated deep learning models, and explainable 
AI methods should be explored in the future for improved 
ACCs of predictions and for real-time, informed healthcare 
decisions. 
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