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CHAPTER 1 : INTRODUCTION 
 

 

Primary Biliary Cirrhosis (PBC) is a chronic autoimmune liver disease characterized by the gradual 

destruction of the bile ducts, leading to liver damage and potentially liver failure. Accurate survey of 

PBC patients is crucial for effective treatment and outlining the factors which can lead to worsening of 

patient's condition. In recent years, advancements in machine learning have provided promising tools 

for the medical field, offering novel methods for disease classification and prediction. 

 

 

 

This project explores the classification of Primary Biliary Cirrhosis using supervised machine learning  

algorithms. [1] By leveraging various data-driven techniques, we aim to develop a robust and reliable 

model that can assist in the detection of status of patient and accurate classification of PBC. Our 

approach involves analyzing clinical and biochemical data, applying feature selection methods, and 

employing different supervised learning algorithms to identify patterns [1] and correlations that may 

not be apparent through traditional diagnostic method. 

 

 

 

1.1  SCOPE OF THE REPORT: 

 
 

 

This report deploys the application of various machine learning algorithms on the provided dataset to 

detect the status of patients suffering from Primary Biliary Cirrhosis. The scope of this report 

encompasses data collection, pre- processing, model training, and evaluation and the implementation 

of parameter tuning methods [2] to find the best parameter which suits the model. The report also 

details the development and reckoning the effectiveness of different machine learning models applied 

on the dataset. Along with that it compares the performance of different models trained on the 

provided dataset. 

 

 

 

1.2   ORGANIZATION OF REPORT:  

 
Chapter 1 contains Introduction to the project, followed by Scope of the Report and the Organization 

of the report. 

 

 

Whereas, Chapter 2 contains Literature Survey where a basic survey has been done about the booming 

concern about Primary Biliary Cirrhosis among different age groups. This section comprises of a 

comprehensive study to predict who all are more likely to get attacked by the autoimmune disease. 

Along with that, it also consists a brief overview of different types of learnings and a sneak peak upon 

the different types of algorithms we have used in the project. 

  

While Chapter 3 contains Methodology used, working principle, algorithm and flowchart for all the 

three algorithms we have used which are KNN, SVM, and Decision Tree. 
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While Chapter 4 contains Analysis of Results, Datasets used, Parameters considered for parameter 

tuning, different performance metrics, steps for data pre-processing, accuracy calculation , plotting of 

confusion matrix and accuracy curve. 

 

 

Finally Chapter 5 consists of Conclusion, Future Scope of the project, Comparison of our results with 

recent seminal research works on the same dataset and references and citations used 
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CHAPTER 2: LITERATURE SURVEY 

Primary biliary cirrhosis (PBC) is an autoimmune disease where the bile ducts in the liver are 

slowly destroyed, leading to cirrhosis. It primarily affects women, with a prevalence rate of ninety 

percent, typically occurring between the ages of forty and sixty [3]. Symptoms include pain in the 

right upper quadrant, fatigue, nausea, and loss of appetite, progressing to more severe symptoms 

such as abdominal swelling, jaundice, and mental confusion as the disease advances. 

 

 

Supervised learning algorithms can play a crucial role in the classification of PBC stages. By 

utilizing datasets containing information about patient demographics, symptoms, and laboratory 

 

tests, these algorithms can learn patterns and relationships within the data to accurately classify 

patients into different stages of PBC. Algorithms such as decision trees, k-nearest neighbors , support 

vector machines can be trained on labeled data to predict the stage of PBC based on various input 

features. 

 

 

For instance, a decision tree algorithm could learn to classify patients into different stages based on a 

combination of symptoms and laboratory test results. By analyzing a large dataset of patients with 

known PBC stages, the algorithm can identify which combination of features best predicts each stage 

of the disease. Similarly, support vector machine models can estimate the probability of a patient 

being in a particular stage of PBC based on their input features. 

 

 

Supervised learning algorithms offer a data-driven approach to classify PBC stages, providing 

clinicians with valuable insights for diagnosis and treatment planning. By accurately predicting the 

stage of PBC, healthcare providers can intervene early to slow disease progression and improve 

patient outcomes. 

 

 

In a study P. Aryan [4] used algorithms such as Logistic Regression and Random Forest performed 

better than the other algorithms. ROC-AUC score for all the models is above 0.50. The best performing 

model i.e. logistic regression has an accuracy of 0.55 and roc-auc score of 0.74. The second-best 

performing model is random forest with an accuracy of 0.49 and roc-auc score of 0.72. Models such as 

gradient boosting machines and naïve Bayes classifier also performed well with an accuracy of 0.50 and 

0.35 respectively and a roc-auc score of 0.68 for both. 
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Somaya Hashem [6] the research makes use of several Machine Learning techniques, such as Decision 

Tree, Genetic Algorithm, Particle Swarm Optimization, and Multi-linear Regression. The accuracy and 

area under the ROC curve (AUROC) are used to evaluate the models. Results AUROC scores range 

from 0.73 to 0.76, and their levels of accuracy range from 66.3% to 84.4%. 

 

 

 

 

Literature study shows the wide applicability of machine learning algorithms in liver disease diagnosis. 

Artificial neural networks (ANN) with supervised and unsupervised learning structures have enhanced 

the results. 
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    CHAPTER 3: METHODOLOGY 

 

 

3.1 INTRODUCTION 

Supervised learning, also known as supervised machine learning, is a subcategory of machine 

learning and artificial intelligence. This subcategory is defined by its use of labelled data sets to 

train algorithms that to classify data or predict outcomes accurately. 

As input data is fed into the model, it adjusts its weights until the model has been fitted 

appropriately, which occurs as part of the cross validation [7] process. Consequently, the 

accuracy is calculated, followed by calculation of precision, recall, etc. 

 

3.2 CLASSIFIERS USED 

3.2.1 

Support Vector Machine 

SVM works by mapping data to a high-dimensional feature space so that data points can be 

categorized, even when the data are not otherwise linearly separable. A separator between the 

categories is found, then the data are transformed in such a way that the separator could be drawn 

as a hyperplane. 

3.2.2 

K- Nearest Neighbors: 

KNN classifier is a machine learning algorithm used for classification and regression problems. 

It works by finding the K nearest points in the training dataset and uses their class to predict the 

class or value of a new data point.[1] 

3.2.3 

Decision Tree: 

Decision tree learning employs a divide and conquer strategy by conducting a greedy search to 

identify the optimal split points within a tree. This process of splitting is then repeated in a top- 

down, recursive manner until all, or the majority of records have been classified under specific 

class labels. The attribute that maximizes information gain is chosen as the splitting criterion for 

building the decision tree. Information gain is used in both classification and regression decision 

trees. In classification, entropy is used as a measure of impurity, while in regression, variance is 

used as a measure of impurity.[1] 
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3.3 Working Principle of KNN: 

 

   

 

 3.3.1 How does KNN works? 

          
            The KNN algorithm assumes that similar things exist in close proximity. In other words, 
similar things are near to each other. KNN which uses proximity to make classifications or 

predictions about the grouping of an individual data points. The corresponding algorithm is given below 

and the flowchart is in Fig. 3.1 

 

3.3.2 ALGORITHM: 
 

 

 

Step-1: Select the number K of the neighbors 

 

 

Step-2: Calculate the Euclidean distance of K number of neighbors. 

 

 

Distance Calculation: When a new input needs to be classified or predicted, the algorithm calculates the 

distance between this test instance and all instances in the training dataset. Common distance metrics 

include: 

Euclidean distance: the distance between two points (x1 1 , y1 1 ) and (x2 2 , y2 2 ) is d = √[(x2 
–x1)2+(y2-y1)2].
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Manhattan distance: Distance = | x 1 − x 2 | + | y 1 − y 2 | 
Minkowski distance: Generalized form of Euclidean and Manhattan distances 

 

 

Step-3: Take the K nearest neighbors as per the calculated Euclidean distance. 

 

 

Step-4: Among these k neighbors, count the number of the data points in each category. 

 

 

Step-5: Assign the new data points to that category for which the number of the neighbor is maximum. 

 

3.3 FLOWCHART 
 
 

 

 
 

 

 

   SHOWN ON NEXT  PAGE
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    Fig. 3.1: FLOWCHART OF KNN CLASSIFIER 
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    3.4.VANTAGES: 

Advantages of KNN Algorithm: 

Simplicity: Easy to understand and implement. 

No Training: No explicit training phase, which can be advantageous for quickly 

updating the model with new data. 

Robust: It is robust to the noisy training data. It can be more effective if the training 

data is large. 

 

3.4.2 DISADVANTAGES: 

Disadvantages of KNN Algorithm: 

Computationally Intensive: It needs a lot of computing power because it has to 

calculate the distance between the new data point and all the stored data points every 

time it makes a prediction. 

Memory Intensive: It requires a lot of data storage since it has to keep all the training 

data. 

Curse of Dimensionality: This implies the algorithm faces a hard time classifying the 

data points properly when the dimensionality is too high. 

3.4 WORKING PRINCIPLE OF SVM: 

 

3.4.1  HOW DOES SVM WORKS?    
SVM works by mapping data to a high-dimensional feature space so that data points can be categorized, 

even when the data are not otherwise linearly separable. The corresponding algorithm is given below and 

the flowchart is shown in Fig. 3.2: 

 

3.4.2 SVM ALGORITHM: 
  

  1.Prepare the Data: 

  • Collect the training data consisting of input features and corresponding labels. 

• Optionally, normalize or standardize the data to ensure all features contribute equally 

to the distance calculations 

2.Choose the Kernel Function 

  • Select a kernel function depending on the nature of the data: 

  • Linear Kernel : For linearly separable data. 

  • Polynomial Kernel: For data where the relationship between features is polynomial. 

• Radial Basis Function (RBF) Kernel/Gaussian Kernel: For data where the decision 

boundary is non-linear. 

  • Sigmoid Kernel: Similar to neural networks with a certain type of activation function 
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3.    KERNEL FUNCTION: 

 

 

1) Linear :  

 

 

The linear kernel works really well when there are a lot of features, and text classification 

problems have a lot of features. Linear kernel functions are faster than most of the others 

and  have fewer parameters to optimize. 

 

Here's the function that defines the linear kernel: 

f(X) = w^T * X + b 

In this equation, w is the weight vector that you want to minimize, X is the data that you're 

trying to classify, and b is the linear coefficient estimated from the training data. This 

equation defines the decision boundary that the SVM returns. 

 

2) Polynomial 

The polynomial kernel isn't used in practice very often because it isn't as computationally 

efficient as other kernels and its predictions aren't as accurate. 

 

Here's the function for a polynomial kernel: 

 

f(X1, X2) = (a + X1^T * X2) ^ b 

This is one of the more simple polynomial kernel equations you can use. f(X1, X2) represents 

the polynomial decision boundary that will separate our data. X1 and X2 represent our 

data. 

 

3) Gaussian Radial Basis Function (RBF) 

One of the most powerful and commonly used kernels in SVMs. Usually the choice for non-

linear data. 

 

Here's the equation for an RBF kernel: 

 

f(X1, X2) = exp(-gamma * ||X1 - X2||^2) 

In this equation, gamma specifies how much a single training point has on the other data points 

around it. ||X1 - X2|| is the dot product between your features. 

 

4) Sigmoid 

More useful in neural networks than in support vector machines, but there are occasional 

specific use cases. 

 

Here's the function for a sigmoid kernel: 

 

f(X, y) = tanh(alpha * X^T * y + C) 

In this function, alpha is a weight vector and C is an offset value to account for some mis-

classification of data that can happen.
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4)  Construct the Decision Boundary: 

 

- The decision function for classification is: 

 

-𝑓(𝑥) = ∑(𝑖=1 to 𝑛) 𝛼𝑖*𝑦𝑖*𝐾(𝑥𝑖,𝑥)+𝑏f(x)  i.e, i = (1 to n) ∑αi*yi*K(xi,x)+b 

 

For a new data point 𝑥, the class is determined by the sign of 𝑓(𝑥) 

  

5) Training :  

 

 

-Split the data into training and validation sets. 

 

 -Train the SVM model using the training set. 

 

 -Use cross-validation to tune hyperparameters such as the regularization  

parameter 𝐶 and kernel parameters (e.g., the width 𝛾for the RBF kernel). 

 

 - Evaluate the performance of the model using appropriate metrics such as  

accuracy, precision, recall, F1 score, or ROC-AUC, depending on the problem. 

 

-Once the model is trained and validated, use it to make predictions on new data  

points by applying the decision function 𝑓(𝑥) 

 

 

 

 

 

 

3.4.3 Flowchart: 

 

 

 

 

SHOWN ON NEXT PAGE
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    Fig. 3.2 : FLOWCHART OF SVM CLASSIFIER 

 

3.4.4 ADVANTAGES: 

 

 
Advantages of SVM Algorithm: 

1. Effective in High-Dimensional Spaces: 

SVM works well in cases where the number of dimensions is greater than the number of 

samples. 

2. Memory Efficient: 

SVM uses a subset of training points (support vectors) in the decision function, making it 

memory efficient. 

3. Versatile with Different Kernel Functions: 
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The ability to use custom kernel functions allows SVM to adapt to different types of data 

distributions (linear, non-linear, polynomial, radial basis function, etc.). 

4. Clear Margin of Separation: 

SVM provides a clear margin of separation between classes, which can improve the 

generalization of the classifier. 

5. Robust to Overfitting: 

Proper regularization parameters (like C) help prevent overfitting, especially in high- 

dimensional spaces. 

3.4.5 DISADVANTAGES: 

Disadvantages of SVM: 

1. Computationally expensive: SVMs can be computationally expensive for large datasets, as 

the algorithm requires solving a quadratic optimization problem. 

 

2. Choice of kernel: The choice of kernel can greatly affect the performance of an SVM, and it 

can be difficult to determine the best kernel for a given dataset. 

 

3. Sensitivity to the choice of parameters: SVMs can be sensitive to the choice of parameters, 

such as the regularization parameter, and it can be difficult to determine the optimal 

parameter values for a given dataset. 

 

4. Not suitable for large datasets with many features: SVMs can be very slow and can 

consume a lot of memory when the dataset has many features. 

3.5 WORKING PRINCIPLE OF DECISION TREE: 

 

3.5.1 How Decision tree works? 

 
Decision tree learning employs a divide and conquer strategy by conducting a greedy search to 

identify the optimal split points within a tree. This process of splitting is then repeated in a top- 

down, recursive manner until all, or the majority of records have been classified under specific class 

labels. The attribute that maximizes information gain is chosen as the splitting criterion for building 

the decision tree. [1] The corresponding algorithm is shown and the flowchart is depicted below  
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3.5.2  Algorithm of Decision Tree: 

 
1.Selecting the Best Attribute: The process starts at the root node and involves selecting 

the best attribute to split the data. This selection is based on a metric such as: 

Gini Index: Measures the impurity or purity of a split. Lower Gini indicates a better split. 

•Entropy: Used in information gain, it measures the disorder in the dataset. Lower entropy after a split 

indicates a better split. 

 

•Information Gain: The reduction in entropy after a dataset is split on an attribute. Higher information 

gain indicates a better attribute. 

 

•Chi-square: Used for categorical data to measure the independence between attributes. 

 

2. Splitting: Based on the best attribute, the data is split into subsets. This process is 

repeated recursively for each subset. 

 

3.Stopping Criteria: The recursion stops when: 

 

•All data points in a node belong to the same class. 

 

•There are no more attributes to split. 

 

•A pre-defined condition like maximum depth of tree is reached. 

 

4.Pruning: This is an optional step to avoid overfitting. Pruning reduces the size of the 

tree by removing sections that provide little power in classifying instances. 

 

The range of value Gini Impurity can have is between 0 to 0.5 The lesser the Gini Impurity, the better 

the split is. 

A Gini Impurity of 0 denotes a pure node and 0.5 denotes a most impure node 

The Gini Impurity formula is: 1 – (p₁)² – (p₂)², where p₁ and p₂ represent the probabilities of the two 

classes in a binary classification problem. For multi-classification it ranges from 1 to n. 

 

The range of values Entropy can have is between 0 to 1 

Entropy of 0 denotes a pure node and 1 denotes most impure node (where we have 50–50 split of 

‘Yes’ and ‘No’) 

 

Use the formula for entropy:Entropy = -∑_{i=1}^{c} p_{i}×log base_{2}(p_{i} } 

 

Where pi is the proportion of data points belonging to class i and c is the number of classes. 
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3.5.3 FLOWCHART: 

    

     

   

  

Fig 3.3 : FLOWCHART OF DECISION TREE CLASSIFIER 
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3.5.4 ADVANTAGES: 

1. Simplicity and Interpretability: Decision trees are easy to understand and 

interpret. The visual representation closely mirrors human decision-making 

processes. 

2. Versatility: Can be used for both classification and regression 

3. No Need for Feature Scaling: Decision trees do not require normalization or 

scaling of the data. 

4. Handles Non-linear Relationships: Capable of capturing non-linear 

relationships between features and target variables. 

 

 

 

 

            3.5.5 DISADVANTAGES: 

 

       1.Overfitting: Decision trees can easily overfit the training data, especially if they are deep with 

many nodes. 

 

2.  Instability: Small variations in the data can result in a completely different tree being 

generated. 

 

3.Bias towards Features with More Levels: Features with more levels can dominate the tree 

structure.
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CHAPTER 4 : RESULTS AND ANALYSIS 

 

 
4.1 Introduction: 

In this section, we explore the outcomes of our classification model evaluations, complemented 

by visualizations to better understand their performance. We analyze three different machine 

learning classifiers: K-Nearest Neighbors (KNN), Support Vector Machine (SVM), and Decision 

Tree (DT).[2] 

 

 

For each classifier, we carefully assess their accuracy scores and F1 scores [2], providing a clear 

view of their predictive capabilities. Additionally, we delve into their performance details using 

confusion matrices and classification reports. These metrics reveal the models' proficiency in 

correctly classifying and distinguishing between various classes. 

 

 

To make these insights more accessible, we use heat maps to visualize the confusion matrices. 

These graphical representations offer a clearer picture of the models' accuracy and their 

tendencies to misclassify certain classes. By combining quantitative metrics with visual aids, we 

can make more informed decisions about which models are best suited for our dataset and 

problem. 

4.2  DATASET USED –  

 

The data provided is sourced from a Mayo Clinic study on primary biliary cirrhosis (PBC) [7] of the 

liver carried out from 1974 to 1984.During 1974 to 1984, 424 PBC patients referred to the Mayo Clinic 

qualified for the randomized placebo-controlled trial testing the drug D-penicillamine. Of these, the 

initial 312 patients took part in the trial and have mostly comprehensive data. The remaining 112 patients 

didn't join the clinical trial but agreed to record basic metrics and undergo survival tracking. Six of these 

patients were soon untraceable after their diagnosis, leaving data for 106 of these individuals in addition 

to the 312 who were part of the randomized trial. 

1. ID: unique identifier 

2. N_Days: number of days between registration and the earlier of death, transplantation, or study 

analysis time in July 1986 

3. Status: status of the patient C (censored), CL (censored due to liver tx), or D (death) 

4. Drug: type of drug D-penicillamine or placebo 

5. Age: age in [days] 

6. Sex: M (male) or F (female) 

7. Ascites: presence of ascites N (No) or Y (Yes) 

8. Hepatomegaly: presence of hepatomegaly N (No) or Y (Yes) 

9. Spiders: presence of spiders N (No) or Y (Yes) 

10. Edema: presence of edema N (no edema and no diuretic therapy for edema), S (edema present 

without diuretics, or edema resolved by diuretics), or Y (edema despite diuretic therapy) 

11. Bilirubin: serum bilirubin in [mg/dl] 

12. Cholesterol: serum cholesterol in [mg/dl] 

13. Albumin: albumin in [gm/dl] 
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14. Copper: urine copper in [ug/day] 

15. Alk_Phos: alkaline phosphatase in [U/liter] 

16. SGOT: SGOT in [U/ml] 

17. Triglycerides: triglicerides in [mg/dl] 

18. Platelets: platelets per cubic [ml/1000] 

19. Prothrombin: prothrombin time in seconds [s] 

20. Stage: histologic stage of disease (1, 2, 3, or 4) 
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4.3 PARAMETERS USED: 

FOR KNN : 

The hyper parameter ‘k’ was tuned to find the optimal value. We consider value of k ranging 

from 1 to 50. 

 

FOR SVM : 

For SVM parameter tuning we have considered C VALUES as [0.1, 1, 10, 100] and KERNEL 

as [ LINEAR, POLY, RBF, SIGMOID] 

FOR DT: 

For Decision Tree parameter tuning we have considered depth values ranging from 1 to 16 
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4.4 PERFORMANCE METRICS: 

Accuracy: The accuracy metric is one of the simplest Classification metrics to 

implement, and it can be determined as the number of correct predictions to the total 

number of predictions. 

Confusion Matrix: A confusion matrix is a tabular representation of prediction 

outcomes of any binary classifier, which is used to describe the performance of the 

classification model on a set of test data when true values are known. States of confusion 

matrix 

1. True Positive(TP): In this case, the prediction outcome is true, and it is true in reality, 

also. 

2. True Negative(TN): in this case, the prediction outcome is false, and it is false in 

reality, also. 

3. False Positive(FP): In this case, prediction outcomes are true, but they are false in 

actuality. 

4. False Negative(FN): In this case, predictions are false, and they are true in actuality. 

Precision: The precision metric is used to overcome the limitation of Accuracy. The 

precision determines the proportion of positive prediction that was actually correct. It 

can be calculated as the True Positive or predictions that are actually true to the total 

positive predictions (True Positive and False Positive). 

 

Recall or Sensitivity aims to calculate the proportion of actual positive that was 

identified incorrectly. It can be calculated as True Positive or predictions that are actually 

true to the total number of positives, either correctly predicted as positive or incorrectly 

predicted as negative (true Positive and false negative). 

 

F-Score- F-score or F1 Score is a metric to evaluate a binary classification model on the 

basis of predictions that are made for the positive class. It is calculated with the help of 

Precision and Recall. It is a type of single score that represents both Precision and Recall. 

So, the F1 Score can be calculated as the harmonic mean of both precision and 

Recall, assigning equal weight to each of them. 
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4.5  Preprocessing 

In an ideal world, our dataset would be perfect and without any problems. Unfortunately, real-

world data will always present some issues that need to be addressed. Our dataset consists of null 

values  in the columns Drugs, Ascites, Cholesterol, Copper, Alk-Phos, SGOT. Tryglicerides, 

Platelets, Prothrombin, Stage, Drug, Hepatomegaly, and Spiders. We have filled the null values 

with modal values of that column. To normalize [2] data we have used MinMaxScaler. We have 

used pandas getdummies function for encoding categorical columns and label encoder for target 

column i.e., Status.  

4.6  Results and Analysis 

Maximum accuracy, Average Accuracy, and Standard Deviation obtained after 20 simulations 

for each classifiers ( KNN, SVM, DT) are put into table: 

 

TEST SIZES MAXIMUM 

ACCURACY 

MEAN 

ACCURACY 

STANDARD 

DEVIATION 

0.1 76.19 66.55 6.80 

0.2 75 66.19 4.74 

0.3 72.22 65.56 3.72 

   TABLE 4.1 : FOR RESULTS OF KNN (20 SIMULATIONS) 

 
 

  

TEST SIZES MAXIMUM 

ACCURACY 

MEAN ACCURACY STANDARD 

DEVIATION 

0.1 70.83 78.57 5.20 

0.2 78.57 70.71 4.28 

0.3 76.19 70.67 3.33 

     

   TABLE 4.2 : FOR RESULTS OF DT (20 SIMULATIONS) 
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TEST SIZES HIGHEST 

ACCURACY 

MEAN 

ACCURACY 

STANDARD 

DEVIATION 

0.1 85.71 74.05 6.43 

0.2 80.95 74.35 4.23 

0.3 80.16 75.00 2.69 

 

   TABLE 4.3 : FOR RESULTS OF SVM (20 SIMULATIONS)

   
 

The Dataset is split into 90:10, 80:20, 70:30 where 90%, 80%, 70%, of data were used for 

training purposes while the remaining 10%, 20%, 30% were used for testing purposes. 
 

 

4.7 CLASSIFICATION  REPORT 

 

 

 
The classification report is a tool used in machine learning to evaluate the performance of a classification 

model. It displays various metrics such as precision, recall, and F1 score for each class in the 

classification problem. 

The precision is the ratio of true positives to the total number of predicted positives. It measures the 

accuracy of the positive predictions made by the model. The recall is the ratio of true positives to the 

total number of actual positives. It measures the ability of the model to correctly identify positive 

samples. The F1 score is the harmonic mean of precision and recall, and it provides a balanced measure 

of the model's performance. 

 

 

Fig 4.1 CLASSIFICATION REPORT  OF KNN FOR TEST SIZE 0.1
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. 

 

 

Fig 4.2 CLASSIFICATION REPORT  OF KNN FOR TEST SIZE 0.2 

 

 

 

 

FIG 4.3 CLASSIFICATION REPORT  OF KNN FOR TEST SIZE 0.3 

 

 

 

FIG 4.4 CLASSIFICATION REPORT  OF DT FOR TEST SIZE 0.1 
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FIG 4.5 CLASSIFICATION REPORT  OF DT FOR TEST SIZE 0.2 

 

FIG 4.6 CLASSIFICATION REPORT  OF DT FOR TEST SIZE 0.3 

 

 

FIG 4.7 CLASSIFICATION REPORT  OF SVM FOR TEST SIZE 0.1 
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FIG 4.8 CLASSIFICATION REPORT  OF SVM FOR TEST SIZE 0.2 

 

 

     FIG 4.9 CLASSIFICATION REPORT  OF SVM FOR TEST SIZE 0.3 

 

4.7  CONFUSION MATRIX : 
 

 

A confusion matrix is a matrix that summarizes the performance of a machine learning model on a 

set of test data. It is a means of displaying the number of accurate and inaccurate instances based on 

the model’s predictions. It is often used to measure the performance of classification models, which 

aim to predict a categorical label for each input instance. 

The matrix displays the number of instances produced by the model on the test data. 

 True positives (TP): occur when the model accurately predicts a positive data point. 

 True negatives (TN): occur when the model accurately predicts a negative data point. 

 False positives (FP): occur when the model predicts a positive data point incorrectly. 

 False negatives (FN): occur when the model mispredicts a negative data point. 
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Fig 4.10 CONFUSION MATRIX FOR HIGHEST ACCURACY FOR TEST 

SIZE 0.1 FOR KNN 
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Fig 4.11 CONFUSION MATRIX FOR HIGHEST ACCURACY FOR TEST SIZE 

0.2 FOR KNN 
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Fig 4.12 CONFUSION MATRIX FOR HIGHEST ACCURACY FOR TEST 

SIZE 0.3 FOR KNN 
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Fig 4.13 CONFUSION MATRIX FOR HIGHEST ACCURACY FOR TEST SIZE 

0.1 FOR DT 
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Fig 4.14 CONFUSION MATRIX FOR HIGHEST ACCURACY FOR TEST SIZE 

0.2 FOR DT 
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Fig 4.15 CONFUSION MATRIX FOR HIGHEST ACCURACY FOR TEST SIZE 

0.3 FOR DT 
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Fig 4.16 CONFUSION MATRIX FOR HIGHEST ACCURACY FOR TEST SIZE 

0.1 FOR SVM 
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Fig 4.17 CONFUSION MATRIX FOR HIGHEST ACCURACY FOR TEST SIZE 

0.2 FOR SVM 
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Fig 4.18 CONFUSION MATRIX FOR HIGHEST ACCURACY FOR TEST SIZE 

0.3 FOR SVM 
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CHAPTER 5 : CONCLUSION 
 

 

 
In this comprehensive study, the potential of Machine Learning as a transformative tool in the early 
diagnosis of Cirrhosis, a chronic liver disease with profound implications for patient prognosis and 

overall health, was explored. Leveraging a rich and extensive dataset spanning a decade of patient 

observations, the power of a diverse array of Machine Learning techniques, including KNearest 

Neighbors, Decision Trees, and, Support Vector Machine has been harnessed. This exploration 

underscores the immense promise that Machine Learning holds in the domain of Cirrhosis diagnosis, 
offering a promising avenue for the early identification and intervention of this debilitating condition. 

 

 

The focal point of the findings rests on the exceptional performance of the Support Vector Machine 
(SVM) model. SVM emerged as the star of the study, exhibiting remarkable statistics with an accuracy 

of mean accuracy of 75% and  highest  accuracy of 85.71%. 

 

LIMITATIONS: 

The limitations underscore the need for ongoing research and improvements in the application of 
Machine Learning to Cirrhosis diagnosis. Recognizing these constraints informs the path toward more 

robust and clinically viable predictive models. Following are the two such notable limitations: 

 

1) Time Dependency : One noteworthy limitation is the temporal aspect of Cirrhosis progression. 
Our dataset, derived from the Mayo Clinic study spanning from 1974 to 1984, may not fully 

encapsulate the dynamic nature of Cirrhosis over time. Future studies should consider more 

recent and time-resolved data to enhance the temporal accuracy of predictions. 

 

2) Real-time Predictions and Integration: 
While this study has established the predictive capabilities of the different models, the logical 

next step is to translate this capability into real-time clinical settings. Developing a user- 

friendly interface or application that can take input parameters from medical practitioners and 

instantly provide a risk assessment for Cirrhosis would immensely aid in early detection and 
intervention. 

 

3) Feature Selection : Exploring advanced feature engineering techniques and rigorous feature 

selection methods can potentially improve the predictive performance of the model. 

 
4) Multi-class Prediction and Disease Staging:Extend the scope of the research to include multi-

class prediction, where the model can classify Cirrhosis into different stages or severity levels. 
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