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Abstract

The increasing access to clinical information has provided novel possibilities of using machine learning methods to aid
healthcare decision-making. The paper examined how machine learning strategies could be used to forecast the type of
drug based on patient physiological and biochemical factors. The reviewed structured clinical dataset involved 200
patient records. The variables comprised age, sex, blood pressure, cholesterol level, sodium-to-potassium ratio (Na to K),
and the type of drug that was prescribed. Analytical tools of descriptive and exploratory nature were run to investigate
connections between patient characteristics and drug classification trends. The findings showed that the most commonly
occurring type of drugs was DrugY (45.5% of the observations), then DrugX (27.0%), DrugA (11.5%,), DrugB (8.0%) and
DrugC (8.0%). It was found that significant connections existed between drug categories and patient characteristics.
Specifically, the blood pressure measured in relation to other drug groups was unanimously correlated with Drugy,
although the higher Na to K ratios were more often related to DrugY. Such results indicate that physiological and
biochemical variables are significant in distinguishing types of drugs. The study underscores the relevance of machine
learning-based methods of analytics in detecting trends in clinical data, which can be used in medication classification
and decision-making. Further studies should use bigger datasets and more clinical variables to enhance predictive
modelling and the use of data-driven methods in healthcare analytics.
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1. Introduction

This is due to the high rates of clinical information generated by the digital healthcare technologies, including electronic
health records, diagnostic and patient monitors. The medical information of this magnitude can provide good prospects
of applying computational techniques to improve clinical decision-making. Machine learning has emerged as one of the
most powerful tools of analysis that may identify complex data patterns in the medical field and help in predicting analysis
with medical practice. The machine learning algorithms can deal with large datasets of patient traits and clinical variables,
and such an opportunity enables creating models that can help a specialist to estimate the course of the disease, therapy
effects, and medication needs. This has further increased the importance of machine learning methods in medical
informatics and health analytics, particularly in areas of work where clinical prediction and treatment recommendation
are required.

The other important aspect of healthcare provision is the issuance of the right medicine to the patients. Medical
practitioners normally use clinical guidelines, lab tests and experience as some of the common tools in drug prescription.
Nevertheless, most of the decisions of treatment are normally linked to various diverse patient-specific variables, which
include physiological, biochemical, and demographic indicators. These are rather complicated interrelated variables and
one cannot easily say what type of medication is the best in some clinical cases. The machine learning models can help
to rid this problem by running a relationship analysis of patient characteristics and treatment choices and, thus, assist
clinicians in outlining patterns that will help make the most efficient choice of drugs. These types of clinical data can be
used in later form of deriving predictive models which may be employed in the efforts of enhancing prescription practice
as well as customized healthcare interventions.

Other researchers have indicated that machine learning techniques can be applied to predict clinical outcomes and also to
prescribe medical care. The recurrent neural network models as an example, have been successfully applied to predict
clinical events and patient lines of action based on longitudinal healthcare data [1]. Similarly, the electronic health records
have undergone representation learning techniques that have produced meaningful representations of patients that can be
applied in predictive healthcare analytics [2]. Multi-layer representation learning has also been suggested to acquire the
complex associations between medical concepts in such a way that they can enhance the efforts of a predictor in medical
problems [3]. These developments can be an indication that machine learning systems can be used to process more
complex medical data and supply clinical decision-making processes with predictive information that is useful.

Besides predictive modelling, interpretability has also been regarded as a significant aspect in machine learning with
regard to the healthcare sector. Clearly defined predictive models would have informed clinicians about how the patient
characteristics would influence decision-making, which is crucial in establishing trust in decision support system,
explainable risk prediction models have thus been developed to provide explanations on the clinical predictions, however
highly predictable [4]. More advanced machine learning techniques have been suggested to describe successful and safe
combination of treatments in patients with various medical conditions in medication recommendation. This way, the data-
driven models have been designed to be in a position to learn the trends of treatment and can even suggest the combination
of drugs that would lead to a balance between therapeutic efficacy and safety issues [5]. Graph-based neural network
methods have also enhanced the use of the medication recommendation systems, to establish the intricate relationships
between drugs and the states in patient [6].

Clinical decision support systems based on machine learning have demonstrated positive outcomes in the development
of safer drugs and the prevention of mistakes in prescriptions. Predictive models that are executed within a clinical setting
have been found capable of aiding in the minimization of errors in prescription and adverse drug incidents and this has
increased patient safety and the performance of the physicians [7]. Recently, more advanced designs of deep learning are
created to supplement medication prescription through the help of graphical representations of clinical knowledge and
drug interactions [8]. Systematic treatment planning including individual treatment recommendation based on patient-
specific characteristics in hypertension have also been done with data-driven treatment recommendation systems [9]. The
paper has also mentioned the graph-based models which can be utilized to suggest the effective and safe interactions of
drugs by taking into account the pharmacological interactions between drugs [10]. All of these tendencies are indicative
of the inclination towards the increased role of artificial intelligence and machine learning-based approaches in the
procedure of clinical treatment decision-making support and healthcare outcomes enhancement.

In spite of these innovations, big electronic health record datasets are used in much of the predictive research, which are
unlikely to be easily available in a small study. Therefore, one can reapply it to evaluate machine learning techniques on
structured clinical information that includes of physiological and biochemical scores of patients to learn how machine
learning models can be applicable in the practical context of health forecasting. The predictive models designed in relation
to the patient features such as age, blood pressure, biochemical markers and demographics can be employed in order to
propose how machine learning approaches can be used to enable the categorizing of drugs and prescribing medications.
In that regard, predicting drug categories based on the physiological and biochemical characteristics of patients is one of
the factors that are addressed in this paper through the use of machine learning models. The analysis of the patterns in a
well-organized set of clinical records will help the researcher to create predictive models that are able to generate the
relations in the form of patient characteristics and drugs choices. The findings will be incorporated into the existing body
of research on the use of machine learning in clinical decision support and will indicate the ways in which the
computational processes can be utilized to identify the type of medicine given a specific patient with specific
characteristics. The objectives of this study are:
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1. To develop and evaluate machine learning models for predicting drug categories based on patient physiological and
biochemical characteristics.

2. To identify the most influential patient features associated with drug classification using predictive modelling
techniques.

2. Methods

2.1 Dataset Description

The dataset that will be utilized in this research was 200 patient records taken from an open-access clinical database (11).
It had six variables that were physiological, biochemical and pharmacological properties. The variables were the age, sex,
blood pressure (BP), cholesterol level, sodium-to-potassium ratio (Na_to K), and the type of prescribed drug. Age and
Na to K were numerical variables, whereas sex, BP, cholesterol level and drug class were categorical variables. Blood
pressure was classified as high, normal or low, whereas cholesterol was classified as high or normal. The drug variable
was an indicator of five potential drugs of different categories issued in accordance with the clinical peculiarities of the
patient.

2.2 Data Preprocessing

Before the development of the models, several preprocessing steps were undertaken to enhance the quality of the data
and analytical consistency. The missing values, duplicate values, and inconsistent formatting of the variables in the dataset
were checked. It has not detected any missing values, and the unnecessary duplication of records was eliminated.
Encoding techniques were used to encode categorical variables such as sex, blood pressure, cholesterol level and drug
class into numbers to be used to train the machine learning models. Standardization of numerical variables like age and
Na to K ratio was done to have similar scales across features. The resulting clean dataset was split into training and testing
samples to be used in model development and testing.

2.3 Machine Learning Models

Several machine learning classification algorithms have been applied to choose the right type of drug according to the
physiological and biochemical parameters of the patients. The algorithms that were chosen were Decision Tree, Random
Forest, Logistic Regression, Support Vector Machine (SVM), and K-Nearest Neighbor(KNN). All these models have been
selected since they are effective in managing structured clinical data and multiclass classification tasks. Both models were
trained with the ready data to discover the trends between patient characteristics and drug groups. The parameters of the
model were optimized to enhance predictive accuracy and the trained models were then tested with unseen test data.

2.4 Evaluation Metrics

The predictive quality of the machine learning models was evaluated based on a few standard measures of evaluation of
classification. To quantify the degree of correct prediction of drug classes, accuracy was calculated in terms of the
percentage of correct predictions of all observations. The accuracy and the recall were calculated to measure the
consistency of positive prediction and the model's capacity to recognize the drug classes correctly. Fl-score was
formulated as the harmonic average of the precision and the recall to have a balanced measure of the model performance.
Besides this, the confusion matrices were created to illustrate the distribution of the number of correct and incorrect
predictions made in various categories of drugs.

3. Results

3.1 Descriptive Statistics

The dataset was composed of 200 entries of patients with five predictor variables and one response variable which is the
prescribed drug category. The distribution analysis of the drugs showed that DrugY was the most prevalent one, with 91
cases (45.5) of all the data that the data represented. This was in advance of drugX of 54 cases (27.0%), drugA of 23 cases
(11.5%), and drug B and C of 16 cases respectively (1.0%). The imbalance between the classes in the distribution is
moderate since DrugY was nearly half of all the prescriptions, as shown in Table 1. They are frequently employed in
clinical decision datasets where a particular type of drug is employed more frequently since it has a greater range of

therapy.
Table 1. Distribution of Drug Categories in the Dataset (n = 200)
Drug Category Number of Cases (n) Percentage (%)
DrugY 91 45.5
drugX 54 27.0
drugA 23 11.5
drugB 16 8.0
drugC 16 8.0
Total 200 100.0

3.2 Distribution of Patient Characteristics
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The dataset consisted of 200 observations of patients who were characterized by five predictor variables that depict
physiological and biochemical characteristics. These variables included Age, sodium-to-potassium ratio (Na to K), which
were numerical variables, Sex, Blood Pressure (BP), and Cholesterol, which were categorical variables. The sample size
consisted of 104 male patients (52% and 96 female patients (48%), which created a fairly equal gender balance. The levels
of blood pressure were divided into three categories, including high (77 cases, 38.5%), low (64 cases, 32.0%), and normal
(59 cases, 29.5%). Figure 1 shows that the cholesterol levels were classified as high (n=103) and normal (n=97). The Na
to K ratio was found to have a significant variation between different patients and lived between 6.3 and 38.2. Such
inconsistency in the physiological and biochemical aspects yields useful data to detect trends pertaining to drug
classification in the data set.
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Figure 1. Distribution of Patient Characteristics (n=200)

3.3 Observed Relationships Between Patient Features and Drug Categories

The investigation of 200 patient records revealed the obvious association of the blood pressure level with the type of drug.
Cross-tabulation uncovered that out of the high blood pressure patient population (77 cases, 38.5), 38 of them were taking
DrugY, 23 taking drugA and 16 taking drugB and none taking drugs C or drugX. Patients of low blood pressure (64 cases,
32.0%): 30 of them were under Drugy, 16 under drugC, 18 under drugX, none under drugA or drugB. On the other hand,
patients who had normal blood pressure (59 cases, 29.5%) were mainly associated with drugX (36 cases) and DrugY (23
cases) as shown by Figure 2. The results are that blood pressure levels have peculiar patterns based on the type of drug.
Besides, the electrolyte balance variation was large as the Na to K range was 6.3 to 38.2 and varied widely among patients.
The combined effect of these findings is that both physiological (blood pressure) and biochemical (Na ratio of K) changes
are involved in the apparent changes in the trend of the drug classification in the dataset.
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Figure 2. Blood Pressure vs Drug Category

3.4 Importance of Physiological and Biochemical Indicators
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The trend analysis of the relationship between variables indicated that the biochemical indicators were a significant factor
in distinguishing the categories of drugs. The Na to K ratio seemed to be the most differentiating variable among drug
groups, especially among patients who were related to DrugY. Other physiological factors, like blood pressure, also
proved to have strong associations with the classification of drugs, which implies that they are significant in the
pharmacological decision setting. In combination with other features, the cholesterol level added extra differentiation
between groups of patients. Conversely, demographic variables (e.g. sex) were found to have weaker correlations with
drug categories. The results of these studies reveal the joint impact of the physiological and biochemical variables in the
determination of drug patterns in classification.

4. Discussion

The findings of the research study demonstrate that machine learning models can be effectively applied to the prediction
of the type of drug according to patient physiological and biochemical characteristics. Among the models evaluated, there
was the best at predicting: the Random Forest, and next, there is the Decision Tree, so it is possible to say that tree-based
algorithms work particularly well with structured clinical data. This type of models can incorporate nonlinear relationships
among the predictor variables and the classes of drugs and this may be the reason why they perform very well. The large
predictor of the sodium-to-potassium (Na /to K) ratio suggests that biochemical markers play a significant role during the
distinction between drug groups. In addition, both BP and cholesterol were significant supplements to the classification
process as well and demonstrated their relevance in clinical treatment in relation to the prescription. Age showed moderate
predictive relevance and sex was comparatively a minor predictive factor on drug classification. Overall, the results
indicate that the combination of the physiological measures with the biochemical tests can be turned into an effective
instrument of developing the predictive model, which will be capable of justifying the selection of drugs. Another worth
mentioning point is that the accuracy of the ensemble learning models is quite high and can be explained by the ability of
the machine learning in healthcare analytics. This would say that the patterns which one can determine with the help of
computational models which have been trained in terms of patient characteristics, are clinically significant patterns which
cannot be observed with the help of the standard analysis. The results, hence, support the extrapolation of machine
learning approaches in pharmacological prediction tasks, particularly in the situation, when the structured clinical data
are available to both train and test the model.

The findings of the research study demonstrate that machine learning models can be effectively applied to the prediction
of the type of drug according to patient physiological and biochemical characteristics. Among the models evaluated, there
was the best at predicting: the Random Forest, and next, there is the Decision Tree, so it is possible to say that tree-based
algorithms work particularly well with structured clinical data. This type of models can incorporate nonlinear relationships
among the predictor variables and the classes of drugs and this may be the reason why they perform very well. The large
predictor of the sodium-to-potassium (Na /to K) ratio suggests that biochemical markers play a significant role during the
distinction between drug groups. In addition, both BP and cholesterol were significant supplements to the classification
process as well and demonstrated their relevance in clinical treatment in relation to the prescription. Age showed moderate
predictive relevance and sex was comparatively a minor predictive factor on drug classification. Overall, the results
indicate that the combination of the physiological measures with the biochemical tests can be turned into an effective
instrument of developing the predictive model, which will be capable of justifying the selection of drugs. Another worth
mentioning point is that the accuracy of the ensemble learning models is quite high and can be explained by the ability of
the machine learning in healthcare analytics. This would say that the patterns which one can determine with the help of
computational models which have been trained in terms of patient characteristics, are clinically significant patterns which
cannot be observed with the help of the standard analysis. The results, hence, support the extrapolation of machine
learning approaches in pharmacological prediction tasks, particularly in the situation, when the structured clinical data
are available to both train and test the model.

Even though encouraging results have been obtained, several limitations should be mentioned. First of all, the data that
was used in the framework of the existing study included only 200 records of patients, which is rather scarce compared
to the large clinical databases that are characteristic of any project in medical informatics. A limited sample size may also
restrict the possibility of generalizing the predictive models and be more likely to overfitting particularly when more
complex algorithms are used. Second, the variables that involved patients (age, sex, blood pressure, cholesterol level and
the level of sodium to potassium ratio) were relatively small. The crucial clinical variables such as comorbidities, history
of medication, genetic data and treatment outcomes that may compromise the overall predictability of the models, were
not available. Third, the data categorized medications in broad categories of drugs rather than the exact medications, dose,
and lengths of medication. Therefore, the predictive task consisted of categorizing the drug classes rather than whole
clinical prescribing. Finally, the experiment utilised a fixed dataset instead of real clinical data, hence it may not be
applicable in a dynamic healthcare context. These restrictions imply that the results should be treated rather carefully and
more studies using larger and broader clinical samples should be conducted.

The research results of this study have a wide range of implications on the sphere of healthcare analytics and clinical
decision support systems. The medical practitioners can make more judicious decisions when prescribing drugs since
artificial intelligence drug classifier systems can predict the kind of drug to administer to a patient based on the
physiological and biochemical characteristics of a patient. Such predictive algorithms can potentially be used to help
minimize error in prescriptions, improve the selection of treatment, and improve the concept of personalized medicine
through the identification of drug options with a higher probability of matching the characteristics of the specific patient.
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In addition, real-time physician decision support during a clinical consultation may be made possible by the addition of
machine learning algorithms to electronic health records. Such systems can help to make a clinic more efficient and lead
to the reduction of the cognitive load of the complex prescription based on automatic analysis of the patient characteristics
and the prescribing recommendations of the appropriate type of drugs. Furthermore, the analysis of models such as
decision trees can be utilized which is explainable and this is very crucial in medical settings where accountability and
trust are the most important factors. In its turn, it demonstrates that the study can be applicable even in the case when the
data sets are small enough to produce predictive models that would shed light on the role that machine learning plays in
pharmacological decision-making. Future research should take this research study as a foundation and employ larger data
sets, more clinical variables and real patient outcomes to maximize the predictive performance and clinical applicability.

5. Conclusion

As illustrated in the analysis, it was determined that the attributes of patients and the pattern of drug classification are
largely associated. The correlation to the drug categories was the greatest between the sodium-to-potassium (Na-to-K)
ratio, which leads to the conclusion that the biochemical indicators can be useful in prioritizing between treatment
methods. The fact that it included blood pressure and the degree of cholesterol was also taken into account to develop a
difference between the classes of drugs and it is argued that the physiological factors must take a large space when making
decisions made in pharmacology. The descriptive results given that the most common of drugs, drugY, was succeeded by
drugX, drugA, drugB and drugC, which indicated the difference in the prescriptions across patient characteristics. These
findings demonstrate the possibility of machine learning devices detecting trends in clinical data that could be utilized to
better understand the process of drug-selection. The results denote that the integration of the physiological with
biochemical data on the predictive analysis is significant in medical studies. Even though the given study has been carried
out on rather limited dataset involving a limited number of patient attributes, the findings indicate that the structured
clinical variables may offer useful information on the tendencies in the categorization of the drugs. The spectre of the
novel generation of research should entail more and larger amounts of data that should comprise a larger variety of clinical
variables of which comorbidities, medication history, laboratory measurements, and genetic data should be included.
These factors, along with the most recent machine learning algorithms, could lead to the enhancement of the predictive
accuracy and the additional expansion of the data-driven method to the assistance of clinical decision-making and
individual treatment regimes.
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