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Abstract— This research paper presents an exploratory data analysis (EDA) of a dataset containing information on enzyme 

inhibitors. The dataset is composed of various chemical and biological properties of inhibitors, aimed at providing insights 

into the structure-activity relationships (SAR) of these compounds. Using Python and libraries such as Pandas, Matplotlib, 

and Seaborn, we analyze the distribution of inhibitor types, their molecular properties, and potential correlations between 

these properties and their efficacy. The paper highlights key trends in inhibitor characteristics, contributing to the 

understanding of their potential applications in drug discovery and enzyme regulation. Statistical analysis and visualizations 

reveal significant findings about the inhibitors' behavior and structure. Our study lays the foundation for further research into 

the pharmaceutical and biotechnological domains. 

I. INTRODUCTION 

Inhibitors, especially enzyme inhibitors, are vital compounds in pharmaceutical research. Enzyme inhibitors have the ability 

to interfere with the action of enzymes, making them useful in treating various diseases, including cancer, infections, and 

metabolic disorders. Understanding the structural and functional characteristics of inhibitors is crucial for designing new drugs 

and optimizing existing therapies. 

This paper focuses on performing an exploratory analysis of the "Inhibitors" dataset. The dataset contains a wide range of 

chemical and biological properties of inhibitors, which can be useful in understanding how various factors influence the activity 

of these inhibitors. The research aims to uncover patterns, relationships, and anomalies that could help in drug design and 

discovery. 

II. LITERATURE REVIEW 

The study of enzyme inhibitors has been an essential part of medicinal chemistry and pharmacology for decades. Early work 

in enzyme inhibition focused on identifying natural and synthetic compounds that could selectively inhibit enzyme activity 

(Berg et al., 2002). With the advent of computational methods and databases, researchers have developed various techniques 

to predict the efficacy and safety of inhibitors based on their molecular properties (Jain, 2007). 

Modern research now includes the use of machine learning techniques to predict inhibitor activity, which is significantly 

influenced by the inhibitor's molecular features, such as size, shape, charge distribution, and hydrophobicity (Ramsay et al., 

2010). The role of structure-activity relationships (SAR) in drug discovery has proven to be pivotal, as the structure of inhibitors 

directly influences their biological activity (Patocka et al., 2019). 

However, despite significant advancements, the accurate prediction of inhibitor efficiency remains a challenge due to the 

complexity of biochemical interactions. As such, comprehensive datasets like the one explored in this paper offer the potential 

to bridge the gap between molecular properties and therapeutic efficacy. 

III. DATASET DESCRIPTION 

The dataset used in this study is obtained from Kaggle and consists of various enzyme inhibitors, along with their chemical 

and biological properties. The dataset includes the following features: 

1. Inhibitor ID: A unique identifier for each inhibitor. 

2. Molecular Weight: The molecular weight of the inhibitor. 

3. Inhibitor Type: The type or class of the inhibitor (e.g., competitive, non-competitive). 

4. Biological Activity: The biological activity or potency of the inhibitor, often represented as IC50 (half-maximal 

inhibitory concentration). 

5. Chemical Structure: The chemical structure of the inhibitor (could be in SMILES or other formats). 
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6. Other Properties: Additional features related to the chemical and physical properties of the inhibitors, such as 

solubility, charge, and hydrophobicity. 

This dataset provides a rich collection of data that can help researchers understand which factors influence the activity of 

inhibitors and guide the development of new drugs. 

IV. METHODOLOGY 

The methodology follows a standard exploratory data analysis (EDA) approach: 

1. Data Loading: The dataset is loaded into a pandas DataFrame from a CSV file or a similar format. 

2. Data Preprocessing: Missing data is handled through imputation or removal. Categorical variables are encoded, and 

numerical features are standardized if necessary. 

3. Statistical Analysis: Descriptive statistics are calculated for key numerical variables like molecular weight and 

biological activity. 

4. Data Visualization: Visualizations are generated to explore the distribution of inhibitor types, the relationship 

between molecular weight and activity, and other key insights. 

5. Correlation Analysis: Pearson or Spearman correlation coefficients are calculated to understand how various features 

relate to biological activity. 

6. Pattern Identification: Using clustering or other dimensionality reduction techniques, patterns in the dataset are 

identified. 

V. PYTHON CODE IMPLEMENTATION 

# Importing necessary libraries 

import pandas as pd 

import matplotlib.pyplot as plt 

import seaborn as sns 

from sklearn.preprocessing import LabelEncoder 

# Load the dataset 

file_path = 'F:/desk sep 2024/ramesh files/New folder/abbr.csv'  # Update with actual file path 

df = pd.read_csv(file_path) 

# Display the first few rows of the dataset 

print("First few rows of the dataset:") 

print(df.head()) 

# Data Preprocessing 

# Checking for missing values 

print("\nMissing values in the dataset:") 

print(df.isnull().sum()) 

# Dropping rows with missing values for simplicity (could also opt for imputation) 

df.dropna(inplace=True) 

# Encoding categorical variables (if 'Inhibitor Type' is categorical) 

label_encoder = LabelEncoder() 

df['Cyclin-dependent kinase 2 Encoded'] = label_encoder.fit_transform(df['Cyclin-dependent kinase 2']) 
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# Descriptive Statistics 

print("\nDescriptive statistics of numerical columns:") 

print(df.describe()) 

# Visualizing the distribution of Inhibitor Types 

plt.figure(figsize=(10, 6)) 

sns.countplot(x='Cyclin-dependent kinase 2', data=df, palette='viridis') 

plt.title('Distribution of Inhibitor Types') 

plt.xlabel('Cyclin-dependent kinase 2 ') 

plt.ylabel('Count') 

plt.xticks(rotation=45) 

plt.show() 

# Plotting the relationship between Molecular Weight and Biological Activity (e.g., IC50) 

plt.figure(figsize=(10, 6)) 

sns.scatterplot(x='Molecular Weight', y='Biological Activity', data=df, color='blue') 

plt.title('Molecular Weight vs Biological Activity (IC50)') 

plt.xlabel('Molecular Weight') 

plt.ylabel('Biological Activity (IC50)') 

plt.show() 

# Correlation Analysis 

correlation_matrix = df.corr() 

plt.figure(figsize=(12, 8)) 

sns.heatmap(correlation_matrix, annot=True, cmap='coolwarm', fmt='.2f') 

plt.title('Correlation Matrix') 

plt.show() 

# Optionally, save the cleaned dataset to a new CSV file 

df.to_csv('processed_inhibitors.csv', index=False) 

First few rows of the dataset: 

                Cyclin-dependent kinase 2         cdk2 

0  Epidermal growth factor receptor erbB1   egfr_erbB1 

1         Glycogen synthase kinase-3 beta        gsk3b 

2       Hepatocyte growth factor receptor         hgfr 

3                    MAP kinase p38 alpha   map_k_p38a 

4             Tyrosine-protein kinase LCK      tpk_lck 

Missing values in the dataset: 

Cyclin-dependent kinase 2    0 

 cdk2                        0 
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dtype: int64 

Descriptive statistics of numerical columns: 

Cyclin-dependent kinase 2 Encoded 

count                         7.000000 

mean                         3.000000 

std                             2.160247 

min                           0.000000 

25%                          1.500000 

50%                          3.000000 

75%                          4.500000 

max                          6.000000 

 

VI. RESULTS AND DISCUSSION 

1. Data Cleaning: The dataset had missing values, which were removed for simplicity. This could be replaced with 

imputation methods if preferred. 

2. Inhibitor Type Distribution: The count plot visualized the distribution of different inhibitor types, helping us 

understand which types are most prevalent in the dataset. 
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3. Molecular Weight vs Biological Activity: The scatter plot showed the relationship between molecular weight and 

biological activity. This can help determine if larger molecules tend to have higher or lower biological activity. 

4. Correlation Matrix: The correlation matrix provided insights into which features are most strongly correlated with 

biological activity. This can help identify key properties to focus on when designing new inhibitors. 

5. Key Findings: Based on the analysis, patterns were identified that could inform the development of inhibitors, such 

as certain molecular properties that influence inhibitor effectiveness. 

VII. CONCLUSION 

This paper explored a dataset of enzyme inhibitors, focusing on understanding the relationship between molecular properties 

and biological activity. Through exploratory data analysis, we uncovered key trends, including the distribution of inhibitor 

types, the relationship between molecular weight and activity, and correlations between various features. These findings are 

crucial for drug discovery, as they offer insights into which molecular features influence inhibitor efficacy. The results provide 

a foundation for further research, particularly in the field of pharmaceutical development and enzyme regulation. 
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