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Abstract 

 

Nonalcoholic fatty liver disease (NAFLD), and its progressiveness of disease, such as nonalcoholic steatohepatitis 

(NASH) and fibrosis, show worldwide challenge, solely due to the difficulty in achieving early diagnosis given 

the limited initial symptoms. This research explores the data-driven machine learning (ML) to ,enhance the 

accurateness  of classification, prediction in fatty liver disease.[1] 

Workflow frequently uses datasets such as the Indian Liver Patient Dataset (ILPD), electronic health records 

(EHR), and multi-omics cohorts (transcriptomics and lipid omics)[2]. Data preprocessing is a initial step, often 

involving multivariate imputation or iterative imputation for missing values, applying transformations to correct  

skewedness,[3] .To optimize the model efficiency and performance, feature extraction and selection methods such 

as the spearmen coefficient correlation was applied not linear data and Pearson coefficient to liner data.[4] 

Stacking Ensemble Learners and Gradient Boosting algorithms (XGBoost), consistently exhibit higher 

performance in prediction tasks. But for primary level 6 basic algorithms were used for prognostics.[5], [6] 

Detection of stages of fibrosis and differentiation between NASH and NAFL was to find disease in early stage 

without invasive process. Key clinical factors identified as having significant predictive value for progression 
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include prior mean and maximum AST/ALT ratio , FIB4, and metabolic and liver marker levels, and prior mean 

and standard deviation[7] . Functional enrichment analysis also emphasized the significant accumulation of fat in 

liver, scarring and then converting it into cancer[8] . Collectively, these data-driven ML approaches offer  efficient 

means to improve early detection, refine risk stratification, and elucidate the underlying pathogenesis of fatty 

liver disease.[9] 
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Chapter 1 

 

Introduction 

Nonalcoholic fatty liver. disease (NAFLD), which larger range of hepatic disorders from simple steatosis, NAFL 

to the advanced NASH to Cirrhosis. IT represents the most prevalent form of; chronic liver disease worldwide. It 

constitutes a significant global public health concern. Globally, NAFLD is strongly linked to the widespread of 

obesity and diabetes mellitus .[1] Early diagnosis and effective treatment of NAFLD are severely complicated by 

the disease's limited symptoms, many times leading to detection only at late stages, which may risks progression 

to advanced conditions like cirrhosis, Liver cancer, and liver failure.[10] For example, studies says that liver-

related deaths account for 3.5% of all deaths in this century, and all over world one million people are diagnosed 

with liver disease annually.[9], [11] 

The pathophysiology of NAFLD is complex and connect to each other like web, involving an interplay between 

genetic, metabolic, and environmental factors, such as excessive drug use, alcohol, obesity, and diabetes[12]. The 

initial stages are categorized by the accumulation of triglycerides in Liver cells called steatosis, which may 

progress to inflammation, fibrosis, and cellular death indicative of NASH.[13] Key pathogenic mechanisms 

driving progression include insulin resistance, lipotoxicity, and changes in the gut-liver dynamics. Accurate 

prediction of disease severity or progression are important and, yet traditional diagnostic methods like liver biopsy 

are invasive and costly. Which can be prevent by solving using liver factors and other available factors. Can also 

be found out by normal blood tests.[14] 

In response to these challenges, the field of data-driven analysis and machine learning (ML) has emerged as a 

powerful tool to assist healthcare professionals in the diagnostic and prognostic processes for liver diseases. ML 

models utilize statistical algos to analyze large, complex datasets, identifying hidden patterns and improving the 

speed and accuracy of disease classification and prediction[15], [16]. The standard methodology in such 

approaches often involves steps, including data preprocessing , feature selection/extraction , and the application 

of powerful classification ML models.[17] 

Application of these data-driven ML and ensemble learning techniques, datasets to improve the classification and 

prediction of NAFL[18]. In particular, studies show that models KNN and RF are highly approachable in 

classifying liver disease accurately and predicting the progression of NAFL to severe conditions such as NASH 

or fibrosis. This research aims to overlook that ML can be used  as clinical tool which can differentiate in NAFL , 

for further other data science methods can be used.[19] 
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Objectives 

● Relationship between liver and metabolic factors 

● Build a classifiers ML model; (e.g., Logistic Regression; Random Forest, XGBoost) to predict NAFLD 

in early stage. 

● Use publicly available datasets for training and validation. 

● Work with prime alary for basic understanding 

● Prediction of different stages of fibrosis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  



 

11 

Chapter 2 

 

Review of Literature 

 

2.1. NAFLD: Overview 

   

NAFLD, with its advance form NASH is worldwide problem. Deaths increases 3.5% every year due to this 

Finding out early is tough because it does not gives any visible symptoms[20].And late detection , cannot be 

reversed. Early detection is reversible too. To diagnose this invasive methods are availed only[21].So ML is used 

to analyses data available to find patterns from records .[11] 

 

2.2 Machine Learning   

 

So, to apply ML we have handle missing data, imbalanced data, remove or replace missing data. Transform data 

from uneven distribution to normalized one.RF,SVM,LR,KNN, etc. model are used to apply on data[22]. 

Efficiency is measured by precision recall, f1 score and accuracy. Multiple features like AST<ALT<GGT etc. 

correlation is seen that how they affect each other and to the target feature. Bias is seen in data, smote is used to 

remove biasness. Advance method like   Principal Component Analysis (PCA), Factor Analysis (FA), Linear 

Discriminant Analysis (LDA), and Recursive Feature Elimination (RFE) help to find most relevant features.[23] 

 

2.3 Supervised Learning   

 

 ML model uses data given which is labeled. Both input feature and output feature is given to model. Then it 

works on it and understand its pattern and how it relates to each other. After split, training of model is done. 

Works on test data to find output from the learnt pattern. This is highly used in medical, biotech fields, Some 

examples are XGBoost, GNB,KNN,SVM.[24] 

 

2.4 Unsupervised Learning 

 

ML model works with no output given and. And main thinking behind this is to understand the concealed pattern, 

trends. Techniques like clustering, dimensionality reduction is used in this ML model. In medical field it can be 

used to group patients according to their features. Exploration of data is major part of this model. [25] 

 

2.5 Reinforcement Learning 

 

RL is type of ML, works like give and take, it tries then find error then learn.IT take feedback on its action. This 

feedback is as rewards or penalties. There is an agent, environment where it works, condition, action and reward. 

It can also be done online and offline as well. Some drawbacks like need large data to understand patterns. Reward 

and feedback function gets complex.[26] 

 

2.6 Application of ML in Disease Diagnosis 

 

Early detection, diagnostic accuracy, personalized treatment. Working with complex data , analyzing and 

understanding it.Using statistical techniques and mathematical approach makes more efficient[18].Core idea is to 

assist doctor , medical field people to fast diagnosis Delay in understanding the diseases, formation of medicine 
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base on need. Separation of Nash and NAFL, category of Fibrosis. Revealing important marker to find theses 

result.[27], [28] 
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Chapter 3 

Research Methodologies 

The research methodology understands data related approach for the analysis, classification, and prediction of 

fatty liver disease. The overall process typically encompasses data collection and describing, preprocessing, 

feature engineering, applying of machine learning models, and standardized evaluation. 

3.1. Data Acquisition and Datasets 

 

Data was taken from Kaggle. Number of columns 62 features and rows 602 records.  Metabolic feature 14 and 

liver related 6 and target 2 columns NASH vs NAFL and Fibrosis.[29] 

 

 

 
Fig 1: Describing Dataset 
 

3.2. Data Preprocessing and Cleaning 
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Fig 2: Dropping Unnecessary columns  

3.2.1 Handling Missing Values and Outliers 

Missing data are handled using iterative imputation techniques, found in the Sklearn library, which guess 

missing values using other features in the dataset. Alternatively, missing observations may be replaced by the 

median or mean value. Outlier detection method Inter-Quartile Range method, are applied.[30] 

 

Fig 3: Replacing Missing Value: Iterative Imputation 

3.2.2 Data Transformation and Scaling 

For data features showing skewed distributions, the log1p transformation is applied to achieve a more balanced 

curve distribution. To standardize features independently and prevent models from being bend over toward 

attributes with larger numerical ranges, scaling techniques are employed. StandardScaler(0 mean and 1std)  was 

applied to prevent from biasing the ML for all numerical values.[31] 
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Fig 4. Outlier Treatment 

 
Fig 4. Standard Scaling of Numerical Column 

 

3.3. Feature Engineering. 

3.3.1 Correlation Analysis 

 

The heatmap represents the Spearman correlation coefficients between metabolic parameters and fibrosis and 

NaFL vs NASH outcomes. Positively correlated with Fibrosis: Waist Circumference, ALT, AST, GGT, HOMA, 

Insulin, C Peptide, BMI .Negatively correlated: Platelet Count, Albumin.[32] 

 

Graph: 1 Fibrosis: Correlation 
 

Graph: 1.1 NAFL: Correlation 
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Divide Data frame into different category to understand feature that help in disease progression. 

 

 
Fig 5.1 Metabolic Feature 

 
Fig 5.2 Liver Marker Feature 

 
Fig. 5.3 Target Feature: Fibrosis & NAFL 

 

 
Fig. 5.4 Secondary Features 
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3.4 Data Exploration 

 
3.4.1 Liver marker feature distribution 

 

AST/ALT Ratio increases with fibrosis stage; ratio > 1 indicates advanced fibrosis increases in NASH vs NAFL 

patients. Platelet Count inversely proportional with fibrosis; hypertension effect. Albumin lower in advanced 

fibrosis/cirrhosis. 

 

 
 

Graph.2 Liver Marker Feature Distribution 
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3.4.2 Metabolic feature Distribution 

 

Patients with higher Metabolic Risk Scores (4-5) showed higher fibrosis stages. Insulin resistance markers 

(HOMA, Insulin, C Peptide) correlate with disease severity. Waist circumference is more predictive than BMI 

alone. 

 

 
Fig.3 Metabolic Feature Distribution 
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3.4.3 Correlation of metabolic and liver marker 

 

The correlation heatmap illustrates relationships among metabolic markers, liver enzymes, fibrosis stages, and 

NAFL. Strong positive correlations were observed between AST and ALT, APRI and FIB4, while advanced 

fibrosis showed moderate correlation with FIB4 and HOMA. 

 
Graph.4 Metabolic and Liver marker Correlation 
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Derived Feature Analysis: 

FIB-4: Higher values in Fibrosis stages 3-4. < 1.3. APRI: Better for cirrhosis detection than intermediate 

stages.AST/ALT Ratio: Consistent upward across fibrosis stages. 

 

 

Graph 5: Derived Feature Analysis 

 

 

3.4.4 New Feature Extraction 

This was done in reference to several research paper. 

 

 
Fig 6: New Feature Extraction 

 

3.4.5 Comparison of Metabolic Feature vs Fibrosis and NASH N NAFL 
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The distribution plot demonstrates the relationship between metabolic risk score and fibrosis stages. Higher 

metabolic risk scores were more frequently associated with fibrosis progression and advanced fibrosis.[33] The 

metabolic risk score analysis shows that higher metabolic scores were associated with increased fibrosis severity 

and a greater prevalence of NASH. This indicates that accumulation of metabolic abnormalities contributes to 

disease progression in NAFLD patients.[34] 

 
 

Fig.5 Metabolic Risk Score vs Fibrosis and NAFL 

 

3.5 Machine Learning Modeling and Training 

3.5.1 Label Encoding 

This step was done because model understands binary data. So, categorical data was change to 

binary data. 

 

Fig 7: Label Encoding 

3.5.2 Feature Selection 

On the basis of correlation and multiple research paper these variables where take under consideration to work 

with. This helps model to work effectively on feature to find efficient target. Age, Gender, BMI, Waist 
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Circumference, Glucose, Hip Circumference, Insulin,Homa, TG, HDL, LDL, Cholesterol, Diabetes 

Mellitus,Hypertension, Metabolic Syndrome, ALT, AST, GGT, ALP, LDH, Albumin, Total Bilirubin, 

Leukocyte, Hemoglobin, Trombosit, AST_ALT_Ratio, APRI, FIB4[33] 

 
Fig 8: Feature Selection 

3.5.3 Train Test Split 

The prepared dataset is split into training and testing sets 80% for training and 20% for testing. 

3.5.4 Feature Scaling 

So, data have different range like BMI ranges from 22 to 30 where Glucose goes from 100 or more than 100. To 

maintain every data in one level this scaling, model treats every feature with enough and equal importance for 

learning. 

3.6 Algorithms Employed 

The machine learning workflow was maintained using Python programming language. Essential libraries were 

implemented like scikitlearn, was imported to for data preprocessing, model deployment and performance 

evaluation. The test_train_split function was used to divide dataset into training sub dataset and test sub dataset, 

while StrandardScaler module was applied to normalize numerical features. Machine learning classifiers 

including Logistic Regression, Random Forest, Gaussian Naïve, KNN, Support Vector Machine and XGBoost 

were also imported to compare their predictive capabilities for NAFLD classification. In addition, Python 

warning messages were suppressed to ensure cleaner program execution. 

Below image shows importing necessary model and other library. 
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Fig 9: Illustrates the python libraries and modules imported for data preprocessing, model implementations, and 

evaluation. These libraries provide necessary function for training, testing, and, comparing multiple ML algos. 
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3.6.1 Logistic Regression 
 
LR is a tool used to how different features effect occurrence of output. It is similar to other model Like 
Linear Regression, but with made for especially for situation where result is one or two outputs. Working 
of LR is; It uses probability and uses formula Logarithm of the chance, which includes categorical, 
numerical features and compare them. And to understand the result better it gives coefficient value. It 
can handle many different data without category them, it prevents statistical errors and also avoid 

masking effects.[35] 
LR was implemented as base line classifier to distinguish between NAFL and NASH using clinical and 

metabolic factors. And also, did not give very impressive result for stage differentiation of fibrosis as it can only 

work with 1 or 2 outputs. 
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3.6.2 Random Forest 
 
RF is ML model use to sort data in categories or forecast numerical values. It is called forest because it 
uses decision tress and finds final result by combining result of all the decision trees. And gives more 
accurate result. So working is many decision trees, each decision tree work with random sub dataset then 
give result. This is called Bootstrap Aggregation. Result for classification is but most voted and for 
Regression average result is used. With this working it avoid overfitting, gives high accuracy and handles 
messy data well , and can also identify important factors . [36] 
It classifies NASH vs NAFL and fibrosis stage differentiation based on metabolic and clinical factors. It 
was select due to is efficient working with non linear data and finding relationships. The model was 
trained and evaluated on prepared dataset, and its performance were compared. 
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3.6.3 Gaussian Bayes 
 
GaussianNB mathematical tool used to sort information into category. It based in old method called Bayes’ 

Theorem, which uses probability to guess what might happen in future based on past. It treats every piece of 

information as completely independently. And uses Gaussian distribution to calculate probabilities .Scalable 

model, easy to use and understand and Fast efficient working.[37] 

Applies probabilistic classification for predicting NAFL vs NASH and Fibrosis category. Model is trained using 

selected features after preprocessing and feature selection. It predicts performance was evaluated and compared 

with other machine learning models to determine suitability. 
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3.6.4 XGBoost 
 
XGBoost is and advance ML model used to solve complex problems. It is an Ensemble Technique; means it 

rely on multiple models for result. It combines weak model to form a strong and accurate model. It works with 

iterative process, which means it learns from its mistakes. Uses Similarity score to decide decision like adding 

new branch or node or removing any. Focuses on loss function to measure distance between result and guess. 

Exceptional high speed, Supreme accuracy and ability handle missing value makes its one of the best model to 

use.[38] 

Developed robust predictive model for differentiating NAFL from NASH and Identify Fibrosis stage. The algo 

was trained on pre processed dataset   containing metabolic feature and liver markers to find complex 

relationship. It was evaluated using standard metrics from another model. 
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3.6.5 KNN 
 
This method sorts information into categories. Also called as lazy learner, because it stores data simply 
then waits to see pattern. Then after finding info starts working.” K” represents number of nearest data 
points to look, measure distance from that point to other points and find shortest line between them. 
Majority of voting decides the result. Advantage of using is simple, can solve both classification and 
regression problem and flexible[39] 
Employed to classify patients into NAFL vs NASH and predict fibrosis stages based on the similarity 
between patients’ records. Algo was trained after feature scaling to ensure accurate distance calculated 
observation. 
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3.6.6 SVM 
 
Powerful computer tool used to sort data like predict or classify. It works with real world task. It draws line 

between dots and group them. It is a complex model which uses kernel  in high dimensional space where 

boundary separate groups. According boundary, data points predict the results. Using this model is good 

because works with complex data, also great with small dataset and has strong mathematical background.[40] 

It was implemented to classify fatty liver disease by separating patients group based on their clinical n 

metabolic characters. The model was trained on the preprocessed dataset and evaluated. Any results were 

compared with those of the remaining machine learning model to determine its effectiveness. 
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3.7. Performance Evaluation 

3.7.1. Statistical Tools for Evaluation and Comparison 

● Performance Metrics: Standard statistical metrics are used to evaluate classifier performance:  

▪ Accuracy: Overall correctness of the model. 

▪ Precision: Describes the confidence in predicting positive class labels (True Positive / (True 

Positive + False Positive)). 

▪ Recall (Sensitivity): Explains the proportion of actual positive cases predicted correctly (True 

Positive / (True Positive + False Negative)). 

▪ F1-Score: The mean of P and R, useful for comparing model performance when there may be 

unequal precision and recall values. 

 

 

 

 

Table 1: For NASH vs NAFl 

 

Model Accuracy Precision Recall F1-Score 

Logistic 

Regression 

0.89 0.80 0.89 0.84 

Random Forest 0.98 0.98 0.98 0.97 

Gaussian Bayes 0.80 0.86 0.80 0.83 

XGBoost 0.92 0.84 0.92 0.88 

KNN 0.98 0.98 

 

0.98 

 

0.98 

 

SVM 0.88 0.78 0.88 0.83 

 

 

Graph 6: Comparison between models for NASH vs NAFL 
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Table 2: For Fibrosis Model Comparison 

 

Model Accuracy Precision Recall F1-Score 

Logistic 

Regression 

0.39 0.27 0.39 0.32 

Random Forest 0.53 0.56 0.53 0.53 

Gaussian Bayes 0.39 0.38 0.40 0.37 

XGBoost 0.37 0.35 0.37 0.35 

KNN 0.40 0.32 0.40 0.34 

SVM 0.48 0.42 0.49 0.44 

 

Graph 7: Comparison between models for Fibrosis 
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Chapter 4 

 

Result and Discussion 

 

The present study analyzed the relationship between metabolic dysfunction, liver injury markers, and disease 

progression in NAFLD patients using statistical analysis and machine learning models. Dataset had 62 features 

in which 28 was finalized and 3 new features were derived from existing features. The source of data was Kaggle, 

it was not a clinical validated data so variation in result is possible. The type of features where metabolic like hip 

circumference, bmi, age, gender, etc. and liver related were alt, ast, ggt etc. Other than that, was target feature 

like fibrosis and nafl column. Preprocessing includes cleaning of data , like removing or replacing nulls, 

standardizing outlier etc.[23] Standardscaler was use to standardize every numerical data points. New features 

like ratio of astn alt, fib 4 and apri.Positive relation with HOMA,HOMA with fibrosis, Insulin with fibrosis 

Diabetes mellitus with fibrosis ,APRI with FIB4 ,AST with ALT.Negetive relation HDL showed weak negative 

association ,LDL showed weak correlation with Spearson and Pearson correlation.[41] 

Machine learning models were developed for both fibrosis prediction and NASH vs NAFL classification. In 

fibrosis prediction, Random Forest achieved is highest performer followed by SVM and KNN[24]. However, 

overall fibrosis prediction performance remained skeptical due to class imbalance and the complexity of 

multiclass fibrosis staging. Also, the dataset is not clinically validated so apply these methods may cause more 

leakages. In contrast, the NASH vs NAFL classification almost all model worked on its best. But Random Forest 

and KNN models achieved the highest accuracy, precision, recall, and F1-scores, GNB showed comparatively 

lower performance. This suggest that understanding disease in early stage is easy that to detect it on exact stage 

without doing invasive process[42] 

These results suggest strong association between metabolic dysfunction and NAFLD progression. Elevated 

insulin resistance, obesity-related parameters, and abnormal lipid profiles were closely associated with fibrosis 

severity and NASH development. Although fibrosis prediction accuracy was comparatively lower, the developed 

models still potentially usefulness of ML approaches in non-invasive liver disease prediction. These result show 

with some advance techniques in ML and other technological field may give chance to predict disease without 

being invasive. 
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Chapter 5 

Conclusion 

This study aims to investigate the relationship between metabolic dysfunction, liver injury markers, and fibrosis 

severity in patients with Non-Alcoholic Fatty Liver Disease (NAFLD) using statistical analysis and machine 

learning approaches. Multiple metabolic, biochemical, and clinical parameters were analyzed to evaluate their 

contribution toward disease progression and predictive modeling. 

Metabolic factors like HOMA, BMI, Diabetes and hypertension shows +ve relation with advance Fibrosis stages 

like cirrhosis  and conversion of NASH. Liver related factors and derived features were useful toto 

differentiation.ML model applied to these columns for classification. And best of all was RF and KNN model. 

KNN is best for small dataset that’s why it shows higher result and RF works with complex once this gave benefit 

in classification.  

Overall, findings make us understands interaction between metabolic dysfunction and liver scarring progression 

in NAFLD.The concatenation of metabolic, liver marker, like AAST, ALT, GGT, HOMA etc. make ML to 

understand pattern and to understand where progression goes Limitation here is no clinal data validation, class 

imbalance, and limited data to detect fibrosis stages. 

Further studies may focus on multi-level data, applying advanced hyperparameter optimization, deep learning 

approaches, for most accuracy and clinical applicability. With all the advancement can be used as first line screen, 

reducing not needful biopsies. Clinical deployment may take tie but with right model and understanding can be 

achieved. 
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