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1.ABSTRACT 

 

In this project, a methodology has been proposed that performs predictive model for credit 

card fraud detection using machine learning algorithms collected from anonymized  credit card 

fraud dataset. main challenge for today’s CCFD system is to improve fraud detection accuracy 

with the growing number of transactions per user per second. Predictive modelling is used to 

predict an unknown event that may occur in the future. This process is to create, test, and 

validate the model. This project investigates and checks the performance of the Random Forest 

Classifier, Decision tree on highly skewed credit card fraud data. The dataset of credit card 

transactions is sourced from European cardholders and contains 2,84,807 transactions. Some 

techniques are applied to the raw and pre-processed data. The performance of the techniques 

is evaluated based on accuracy, sensitivity, and precision. The proposed system indicates the 

optimal accuracy of Random Forest and Decision tree. The prediction results are further 

produced with effective visualization. 
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2.INTRODUCTION 

 

The project is entitled as “Predictive Model For Credit Card Fraud Detection Using 

Machine Learning Algorithms” is developed using python Programming environment. 

Financial fraud is a growing concern with far-reaching consequences in the government, 

corporate organizations, the finance industry, and in today’s world, high dependency on 

internet technology has enjoyed increased credit card transactions, but credit ca rd fraud has 

also accelerated in online and offline transactions. As credit card transactions become a 

widespread mode of payment, focus has been given to recent computational methodologies to 

handle the credit card fraud problem. There are numerous fraud detection solutions and 

software available to help businesses such as credit card, retail, e-commerce, insurance, and 

industries prevent fraud. Data mining techniques are one notable and popular method used in 

solving credit fraud detection problems. It is impossible to be absolutely certain about the true 

intention and rightfulness of an application or transaction. Seeking out possible evidence of 

fraud from the available data using mathematical algorithms is the best effective option. Credit 

card fraud detection is the process of identifying those transactions that are fraudulent into two 

classes: legit and fraud class transactions. Several techniques are designed and implemented 

to solve credit card fraud detection problems, such as genetic algorithms, artificial neural 

networks, frequent item set mining, machine learning algorithms, migrating birds optimization 

algorithms, which can also perform comparative analysis of random forest, and decision tree. 

Credit card fraud detection is very popular but also a difficult problem to solve. Firstly, due to 

the issue of having only a limited amount of data, credit cards make it challenging to match a 

pattern for a dataset. Secondly, there can be many entries in a dataset with fraud transactions 

that fit the pattern of legitimate behavior. Also, the problem has many constraints. Firstly, 

sensitive data sets are not easily accessible to the public and the results of research are often 

hidden and censored, making the results inaccessible. Due to this, it is sometimes challenging 

to benchmark certain models. Second, method improvement is made more difficult by the fact 

that security concerns limit the exchange of ideas and methods in fraud detection, particularly 

in credit card fraud detection.Lastly, the data sets are continuously evolving and changing, 

which makes the profiles of normal and fraudulent behaviours different from the legit 

transactions in the present, which may have been fraud in the past or vice versa. This p roject 
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evaluates two data mining approaches: decision trees, and random forests, and then a collative 

comparison is made to evaluate which model performed best. 

Credit card transaction datasets are rarely available, highly imbalanced, and skewed. Optimal 

feature (variables) selection for the models, suitable metric is most important part of data 

mining to evaluate performance of techniques on skewed credit card fraud data. Fraudulent 

behavior profile is dynamic, that is fraudulent transactions tend to look like legitimate ones, 

also credit card fraud detection performance is greatly affected by type of sampling approach 

used, In the end, conclusions about results of classifier evaluative testing are made and 

collated. From the experiments the result that has been concluded is that Random Forest 

Classifier has a accuracy of 99.9% while decision tree shows accuracy of 99.6%. 
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3. SYSTEM CONFIGURATION 

 

 3.1 SOFTWARE SPECIFICATION  

 Front end and back end: Python: 

Python is a computer programming language often used to  build websites and 

software, automate tasks, and conduct data analysis. Python is a general-purpose language, 

meaning it can be used to create a variety of different programs and isn't specialized for any 

specific problems. This versatility, along with its beginner-friendliness, has made it one of the 

most-used programming languages today. A survey conducted by industry analyst firm Red  

Monk found that it was the second-most popular programming language among developers in 

2021. Python is commonly used for developing websites and software, task automation, data 

analysis, and data visualization. Since it’s relatively easy to learn, Python has been adopted by 

many non-programmers such as accountants and scientists, for a variety of everyday tasks, like 

organizing finances. 

Python is a high-level programming language that has English-like syntax. This 

makes it easier to read and understand the code. 

 

Advantages of Python 

1. Easy to Read, Learn and Write 

Python is a high-level programming language that has English-like syntax. This makes it 

easier to read and understand the code. 

Python is really easy to pick up and learn, that is why a lot of people recommend Python to 

beginners. You need less lines of code to perform the same task as compared to other major 

languages like C/C++ and Java. 

2. Improved Productivity 

Python is a very productive language. Due to the simplicity of Python, developers can focus 

on solving the problem. They don’t need to spend too much time in understanding 

the syntax or behavior of the programming language. You write less code and get more things 

done. 
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3. Interpreted Language 

Python is an interpreted language which means that Python directly  executes the code line by 

line. In case of any error, it stops further execution and reports back  the error which has 

occurred. 

Python shows only one error even if the program has multiple errors. This 

makes debugging easier. 

 

4. Dynamically Typed 

Python doesn’t know the type of variable until we run the code. It automatically assigns the 

data type during execution. The programmer doesn’t need to worry about declaring variables 

and their data types. 

 

5. Free and Open-Source 

Python comes under the OSI approved open-source license. This makes 

it free to use and distribute. You can download the source code, modify it and even distribute 

your version of Python. This is useful for organizations that want to modify some specific 

behavior and use their version for development. 

 

6. Vast Libraries Support 

The standard library of Python is huge, you can find almost all the functions needed for your 

task. So, you don’t have to depend on external libraries. 

But even if you do, a Python package manager (pip) makes things easier to import other 

great packages from the Python package index (PyPi). It consists of over 200,000 packages. 

7. Portability 

In many languages like C/C++, you need to change your code to run the program on different 

platforms. That is not the same with Python. You only write once and run it anywhere.  
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Disadvantages of Python 

• Speed 

• Memory Consumption 

• Database Access 

• Runtime Errors 

Jupyter Notebook 

The Jupyter Notebook application allows you to create and edit documents that display the 

input and output of a Python or R language script. Once saved, you can share these files with 

others.it is an open source web application that you can use to create and share documents 

that contain live code, equations, visualizations, and text. Jupyter Notebook is maintained 

by the people at Project Jupyter. Jupyter Notebook is an open-source, web-based interactive 

environment, which allows you to create and share documents that contain  live code, 

mathematical equations, graphics, maps, plots, visualizations,  and narrative text. It 

integrates with many programming languages like Python, PHP, R, C#, etc. 

 

Pandas - Pandas is defined as an open-source library that provides high-performance data 

manipulation in Python. The name of Pandas is derived from the word Panel Data, which means an 

Econometrics from Multidimensional data. It is used for data analysis in Python and developed by 

Wes McKinney in 2008. 

Numpy -  NumPy is a Python library used for working with arrays. It also has functions for working 

in domain of linear algebra, fourier transform, and matrices.NumPy provides a multi-dimensional 

array. 

Seaborn  - Seaborn is a library for making statistical graphics in Python. It builds   on top of 

matplotlib and integrates closely with pandas data structures. Seaborn helps us explore and 

understand your data. 

Matplotlib  - Matplotlib is one of the most popular Python packages used for data 

visualization. It is a cross-platform library for making 2D plots from data in arrays. It provides 

an object-oriented API that helps in embedding plots in applications using Python GUI toolkits  

such as PyQt, WxPythonotTkinter. 

 



 
7 
 

Pros 

• All in one place 

• Easy to convert 

• Easy to share 

• Language independent 

• Interactive code 

 

Cons 

• It is very hard to test long asynchronous tasks. 

• Less Security 

• It runs cell out of order 

• In Jupyter notebook, there is no IDE integration, no linting, and no code-style 

correction.Operating system: Windows 10 

 

 

3.2. HARDWARE SPECIFICATION 

• Hard Disk  :  465.76 GB 

• Monitor  :  21’ Color display 

• RAM    :  4.00 GB 

• Processor        :  AMD PRO A4-3350B APU with Radeon R4 Graphics       

• Processor speed :  2.00 GHz 

• System Type  :  64-bit Operating System 
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4. SYSTEM DEVELOPMENT 

4.1 Dataset description 

The credit card fraud detection project have used a dataset which consist of transactions made 

by European cardholders during month of July 2013 through various credit cards. Data has 

been collected and analyzed, the dataset consists of transactions occurred in span of two days, 

where  have 492 fraudulent transactions out of 284,807 total transactions. The dataset is highly 

unbalanced where positive class (Frauds) accounts for only 0.172% of all transactions. 

 

4.2 METHODS AND ALGORITHMS USED 

Decision tree  

Decision tree is a supervised learning algorithm. This technique is mostly used in classification 

problems. It performs effortlessly with continuous and categorical attributes.  the decision tree 

algorithms also used in identifying the importance of the feature metrics.  In decision tree, for 

predicting the class of the given dataset, the algorithm starts from the root node of the tree. 

This algorithm compares the values of root attribute with the record (real dataset) attribute 

and, based on the comparison, follows the branch and jumps to the next node.Which used 

in handpicking the features. Once the important features identified then the model trains with 

the training data to come up with a set of rules. These rules used in predicting future cases or 

for the test dataset. Here, the dataset is splitted into training dataset as 70% and test dataset as 

30%. 

 

Figure 1. Decision tree model 
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Random forest 

Random Forest is an algorithm for classification and regression. Summarily, it is a collection 

of decision tree classifiers. Random forest has advantage over decision tree as it corrects the 

habit of overfitting to their training set. A subset of the training set is sampled randomly so 

that to train each individual tree and then a decision tree is built, each node then splits on a 

feature selected from a random subset of the full feature set. Even for large data sets with many 

features and data instances training is extremely fast in random forest and because 8 each tree 

is trained independently of the others. The Random Forest algorithm has been found to 

provides a good estimate of the generalization error and to be resistant to overfitting. The 

random forest algorithm falls under the ensemble learning algorithm category. In the random 

forest algorithm, we build N decision tree models. Suppose there is a dataset that contains 

multiple fruit images. So, this dataset is given to the Random forest classifier. The dataset is 

divided into subsets and given to each decision tree. During the training phase, each decision 

tree produces a prediction result, and when a new data point occurs, then based on the majority 

of results, the Random Forest classifier predicts the final decision.The below image: Figure 2. 

Random forest model. All the models predict the target value. Using the majority 

voting approach the final target value will be predicted for building the individual decision 

tree, the random forest algorithm randomly creates the sample dataset. These sample datasets 

are called as the bootstrap samples. Here, the dataset is splitted into training dataset as 70% 

and test dataset as 30%. 

 

Figure 2. Random forest model 
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ROC-AUC Score 

The Area Under the Curve (AUC) is the measure of the ability of a classifier to distinguish 

between classes and is used as a summary of the ROC curve. The higher the AUC, the better 

the performance of the model at distinguishing between the positive and negative classes. 

The Receiver Operator Characteristic (ROC) curve is an evaluation metric for binary 

classification problems. It is a probability curve that plots the TPR against FPR at various 

threshold values and essentially separates the ‘signal’ from the ‘noise’. The Area Under the 

Curve (AUC) is the measure of the ability of a classifier to distinguish between classes and is 

used as a summary of the ROC curve. 

The higher the AUC, the better the performance of the model at distinguishing between the 

positive and negative classes. The area under the ROC curve (AUC) results were considered 

excellent for AUC values between 0.9-1, good for AUC values between 0.8-0.9, fair for AUC 

values between 0.7-0.8, poor for AUC values between 0.6-0.7 and failed for AUC values 

between 0.5-0.6. 

 

  

ROC-AUC SCORE 

 

Decision Tree 

 

0.94 

 

Random Forest 

 

0.87 

 

Table 1. ROC-AUC SCORE of Random Forest and Decision Tree 

 

The above table shows the ROC-AUC Score of Random Forest and Decision Tree model. 
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4.3. MODULES 

• DATA PRE-PROCESSING. 

• DATA EXPLORATION. 

• REVIEWS CLASSIFIED AS POSITIVE OR NEGATIVE. 

• VISUALIZATION. 

 

4.3. MODULE DESCRIPTION 

4.3.1 DATA PREPROCESSING  

Data preprocessing is a process of preparing the raw data and making it suitable for a machine 

learning model. It is the first and crucial step while creating a machine learning model.  

DATA EXPLORATION: Data exploration refers to the initial step in data analysis in which 

data analysts use data visualization and statistical techniques to describe dataset 

characterizations. Exploring data sets and developing deep understanding about the data is one 

of the most important skills every data scientist should possess. People estimate that the time 

spent on these activities can go as high as 80% of the project time in some cases. NumPy, 

Matplotlib, Seaborn, and Pandas is used to perform data exploration. These are powerful 

libraries to perform data exploration in Python. The idea is to create a ready reference for some 

of the regular operations required frequently. 

4.3.2. CORRELATION MATRIX WITH HEAT MAP 

A correlation heatmap is a graphical representation of a correlation matrix representing 

the correlation between different variables. The value of correlation can take any value 

from -1 to 1. Correlation between two random variables or bivariate data does not necessarily 

imply a causal relationship. there is no notable correlation between features V1-V28. As there 

are certain correlations between some of the features and Time (inverse correlation with V3) 

and Amount (direct correlation with V7 and V20, inverse correlation with V1 and V5). Next, 

plot the correlated and inverse correlated values on the same graph using matplotlib Python 

Graph packages and visualize direct correlated values: {V20; Amount} and {V7; Amount}.  
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4.3.3. EVALUATION METRICS  

Confusion Matrix  

A Confusion matrix is an N x N matrix used for evaluating the performance of a classification 

model, where N is the number of target classes. The matrix compares the actual target values 

with those predicted by the machine learning model. This gives a holistic view of how well 

our classification model is performing and what kinds of errors it is making. For a binary 

classification problem, 2 x 2 matrix with 4 values were used for binary class problem. 

 

    

4.3.3.1 Random forest    4.3.3.2 Decision tree 

Accuracy  

Accuracy is a metric that generally describes how the model performs across all classes. It is 

useful when all classes are of equal importance. It is calculated as the ratio between the number 

of correct predictions to the total number of predictions. where this model have got high 

accuracy in 

1.True Positive (TP): 

The number of positive labels correctly predicted by trained models.   This means the number of Class-

1 samples correctly predicted as Class-1. 
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2.True Negative (TN): 

The number of negative labels correctly predicted by trained models.  This means the number 

of Class-0 samples correctly predicted as Class-0. 

3.False Positive (FP):  

The number of positive labels incorrectly predicted by trained models. This means the number 

of Class-1 samples incorrectly predicted as Class-0. 

4.False Negative (FN):   

The number of negative labels incorrectly predicted by trained models.   This means the 

number of Class-0 samples incorrectly predicted as Class-1. 

 

Precision  

The precision metric shows the accuracy of the positive class. It measures how likely the 

prediction of the positive class is correct.  

Precision = TP / TP + FP In this model we have got highest precision value as 0.94  

Recall  

Recall computes the ratio of positive classes correctly detected. This metric gives how good 

the model is to recognize a positive class.  

Recall = TP/TP+FN 

F1Score  

F1 score is a weighted average score of the true positive (recall) and precision.  

F1 = 2 x Precision * Recall / Precision + Recall 
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Decision Tree 

 

Random Forest 

Accuracy 99.6% 99.9% 

Precision 68.6% 97.4% 

Recall 75.7% 78.5% 

F1 score 72% 87.4% 

 

Table 2 .Decision Tree and Random Forest Model 

The above table shows the Accuracy, Precision, Recall, and F1 Score of Decision Tree and 

Random Forest model 

4.2.2. IMPORTING DATASET AND ESSENTIAL LIBRARIES AND RETRIVING 

DATA. 

The datasets contain transactions made by credit cards in September 2013 by European 

cardholders. This dataset presents transactions that occurred in the last two days, where the 

dataset have 108 frauds out of 2,84,807 transactions. The response variable is Feature Class, 

which has a value of 1 in the case of fraud **0 otherwise. 

DATASET LINK - Major Project\creditcard1.csv  

Pandas - Pandas is defined as an open-source library that provides high-performance data 

manipulation in Python. The name of Pandas is derived from the word Panel Data, which means an 

Econometrics from Multidimensional data. It is used for data analysis in Python and developed by 

Wes McKinney in 2008. 

Numpy -  NumPy is a Python library used for working with arrays. It also has functions for working 

in domain of linear algebra, fourier transform, and matrices.NumPy provides a multi-dimensional 

array. 

file:///C:/Users/elcot/Desktop/Major%20Project/creditcard1.csv
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Seaborn  - Seaborn is a library for making statistical graphics in Python. It builds   on top of 

matplotlib and integrates closely with pandas data structures. Seaborn helps us explore and 

understand your data. 

Matplotlib  - Matplotlib is one of the most popular Python packages used for data 

visualization. It is a cross-platform library for making 2D plots from data in arrays. It provides 

an object-oriented API that helps in embedding plots in applications using Python GUI toolkits 

such as PyQt, WxPythonotTkinter. 
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5.RESULT 

VISUALIZATION  

 

Figure 4.Bar plot of Random forest and Decision tree 

 

For the two models, only used the train and test set. Random Forest Classifier, provided AUC 

score of 0.87 by predicting target for the test set. Decision tree, provided AUC score of 0.94 

by predicting target for the test set. 

  

ROC-AUC SCORE 

 

Decision Tree 

 

0.94 

 

Random Forest 

 

0.87 

 

Table 3. ROC-AUC SCORE of Random Forest and Decision Tree 

 



CONCLUSION 
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6.CONCLUSION AND FUTURE SCOPE 

 

This project Investigated the data, checked for data unbalancing, visualized, and understood 

the relationship between different features. This project has also explained in detail, how 

machine learning can be applied to get better results in fraud detection along with the 

algorithm, pseudocode, explanation its implementation and experimentation results. used two 

predictive models to perform validation by splitting dataset into 2 parts, a train set, a validation 

set and a test set. For the two models, only used the train and test set. Random Forest Classifier, 

provided AUC score of 0.87 by predicting target for the test set. Decision tree, provided AUC 

score of 0.94 by predicting target for the test set. 

 

FUTURE SCOPE 

• This model can further be improved with the addition of more algorithms into it. 

However, the output of these algorithms needs to be in the same format as the others. 

Once that condition is satisfied, the modules are easy to add as done in the code.  

• The precision of the algorithms increases when the size of dataset is increased. Hence, 

more data will surely make the model more accurate in detecting frauds and reduce the 

number of false positives.  
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7.APPENDIX 

 

DATA FLOW DIAGRAM 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5.Data flow diagram 
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CREDIT CARD FRAUD DATASET 

In order to system, find the creditcard1.csv file that have used in predictive model for credit 

card fraud detection system. the dataset used here which consist of transactions made by 

European cardholders during month of september 2013 through various credit cards. The 

dataset consists of transactions occurred in span of two days, where we have 492 fraudulent 

transactions out of 2,84,807 total transactions. The link is given below 

Major Project\creditcard1.csv 

The information about credit card fraud transactions can be collected from the above link. 

 

DATASET IN EXCEL 

 

CREDIT CARD FRAUD DATASET 

In this creditcard1.csv file there are 2,84,807 transactions in the last two days. 

 

 

Figure 6. creditcard1.csv in excel 

 

file:///C:/Users/elcot/Desktop/Major%20Project/creditcard1.csv
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SCREENSHOTS 

IMPORTING ESSENTIAL LIBRARIES  

 Here pandas, matplotlib, seaborn, Numpy, etc., libraries are imported.  

 

Figure 7. Importing Libraries 

 Here credit card fraud data set. creditcard1.csv was imported. 

 

Figure 8. Reading the csv file from the dataset. 
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DATA PREPROCESSING       

 

Figure 9. Null values and features 

 

             

Figure 10. Target class with and without fraud. 
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Figure 11. Correlation matrix using heatmap 
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FEATURE DENSITY PLOT 

  

 Figure 12. Feature density plot 

 

 

Figure 13. Box plot 
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Figure 14. Preparing data for model, scaling the data 

 

RANDOM FOREST CLASSIFIER 
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Figure 15. Random forest classifier 

 

 

 

 

 

 

 

 

 

 

 

 



 
28 

 

DECISION TREE  
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Figure 16. Decision Tree 
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VISUALIZATION 

 

Figure 17.Bar plot of Random forest and Decision tree 
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SAMPLE CODING: 

import pandas as pd  

import numpy as np 

import matplotlib 

import matplotlib.pyplot as plt 

import seaborn as sns 

%matplotlib inline  

import plotly.graph_objs as go 

import plotly.figure_factory as ff 

from sklearn import metrics 

 

from plotly import tools 

from plotly.offline import download_plotlyjs, init_notebook_mode, plot, iplot 

init_notebook_mode(connected=True) 

!pip install plotly 

import gc 

from datetime import datetime  

from sklearn.model_selection import train_test_split 

from sklearn.metrics import roc_auc_score 

from sklearn.ensemble import RandomForestClassifier 

VALID_SIZE = 0.20 

TEST_SIZE = 0.20 

RANDOM_STATE = 2018 
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MAX_ROUNDS = 1000  

EARLY_STOP = 50   

OPT_ROUNDS = 1000   

VERBOSE_EVAL = 50 

IS_LOCAL = False 

import os 

data_df= pd.read_csv("creditcard1.csv") 

data_df.head() 

data_df.tail() 

print("Credit Card Fraud Detection data -  rows:",data_df.shape[0]," columns:", 

data_df.shape[1]) 

data_df.describe() 

total = data_df.isnull().sum().sort_values(ascending = False) 

percent = (data_df.isnull().sum()/data_df.isnull().count()*100).sort_values(ascending = False) 

pd.concat([total, percent], axis=1, keys=['Total', 'Percent']).transpose() 

data_df=data_df.dropna() 

data_df.isnull().sum() 

data_df 

data_df.shape 

data_df['Class'].unique() 

total = data_df.isnull().sum().sort_values(ascending = False) 

percent = (data_df.isnull().sum()/data_df.isnull().count()*100).sort_values(ascending = False) 

pd.concat([total, percent], axis=1, keys=['Total', 'Percent']).transpose() 

data_df.info() 
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temp = data_df["Class"].value_counts() 

df = pd.DataFrame({'Class': temp.index,'values': temp.values}) 

 

trace = go.Bar( 

    x = df['Class'],y = df['values'], 

    name="Credit Card Fraud Class - data unbalance (Not fraud = 0, Fraud = 1)", 

    marker=dict(color="Red"), 

    text=df['values'] 

) 

data = [trace] 

layout = dict(title = 'Credit Card Fraud Class - data unbalance (Not fraud = 0, Fraud = 1)', 

          xaxis = dict(title = 'Class', showticklabels=True),  

          yaxis = dict(title = 'Number of transactions'), 

          hovermode = 'closest',width=600 

         ) 

fig = dict(data=data, layout=layout) 

iplot(fig, filename='class') 

class_0 = data_df.loc[data_df['Class'] == 0]["Time"] 

class_1 = data_df.loc[data_df['Class'] == 1]["Time"] 

 

hist_data = [class_0, class_1] 

group_labels = ['Not Fraud', 'Fraud'] 

 

fig = ff.create_distplot(hist_data, group_labels, show_hist=False, show_rug=False) 
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fig['layout'].update(title='Credit Card Transactions Time Density Plot', xaxis=dict(title='Time 

[s]')) 

iplot(fig, filename='dist_only') 

data_df['Hour'] = data_df['Time'].apply(lambda x: np.floor(x / 3600)) 

 

tmp = data_df.groupby(['Hour', 'Class'])['Amount'].aggregate(['min', 'max', 'count', 'sum', 

'mean', 'median', 'var']).reset_index() 

df = pd.DataFrame(tmp) 

df.columns = ['Hour', 'Class', 'Min', 'Max', 'Transactions', 'Sum', 'Mean', 'Median', 'Var'] 

df.head() 

fig, (ax1, ax2) = plt.subplots(ncols=2, figsize=(12,6)) 

s = sns.boxplot(ax = ax1, x="Class", y="Amount", hue="Class",data=data_df, 

palette="PRGn",showfliers=True) 

s = sns.boxplot(ax = ax2, x="Class", y="Amount", hue="Class",data=data_df, 

palette="PRGn",showfliers=False) 

plt.show(); 

plt.figure(figsize = (14,14)) 

plt.title('Credit Card Transactions features correlation plot (Pearson)') 

corr = data_df.corr() 

sns.heatmap(corr,xticklabels=corr.columns,yticklabels=corr.columns,linewidths=.1,cmap="

Reds") 

plt.show() 

target = 'Class' 

predictors = ['Time', 'V1', 'V2', 'V3', 'V4', 'V5', 'V6', 'V7', 'V8', 'V9', 'V10', \ 

       'V11', 'V12', 'V13', 'V14', 'V15', 'V16', 'V17', 'V18', 'V19', \ 

       'V20', 'V21', 'V22', 'V23', 'V24', 'V25', 'V26', 'V27', 'V28', \ 
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       'Amount'] 

X=data_df.iloc[:,0:30] 

y=data_df['Class'] 

train_df, test_df = train_test_split(data_df, test_size=TEST_SIZE, 

random_state=RANDOM_STATE, shuffle=True ) 

train_df, valid_df = train_test_split(train_df, test_size=VALID_SIZE, 

random_state=RANDOM_STATE, shuffle=True) 

from sklearn.model_selection import train_test_split 

X_train, X_test, y_train, y_test = train_test_split(X,y,test_size= 0.3) 

clf = RandomForestClassifier(n_jobs=NO_JOBS,  

                             random_state=RANDOM_STATE, 

                             criterion=RFC_METRIC, 

                             n_estimators=NUM_ESTIMATORS, 

                             verbose=False) 

clf.fit(train_df[predictors],train_df[target].values) 

preds = clf.predict(valid_df[predictors]) 

preds 

cm = pd.crosstab(valid_df[target].values, preds, rownames=['Actual'], 

colnames=['Predicted']) 

fig, (ax1) = plt.subplots(ncols=1, figsize=(5,5)) 

sns.heatmap(cm,  

            xticklabels=['Not Fraud', 'Fraud'], 

            yticklabels=['Not Fraud', 'Fraud'], 

            annot=True,ax=ax1, 

            linewidths=.2,linecolor="Darkblue", cmap="Blues") 
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plt.title('Confusion Matrix', fontsize=14) 

plt.show() 

y_train_forest = clf.predict(X_train) 

y_test_forest = clf.predict(X_test) 

cnf_matrix = metrics.confusion_matrix(y_test, y_test_forest) 

cnf_matrix 

acc_train_forest = metrics.accuracy_score(y_train,y_train_forest) 

acc_test_forest = metrics.accuracy_score(y_test,y_test_forest) 

print("Random Forest : Accuracy on training Data: {:.3f}".format(acc_train_forest)) 

print("Random Forest : Accuracy on test Data: {:.3f}".format(acc_test_forest)) 

print() 

 

f1_score_train_forest = metrics.f1_score(y_train,y_train_forest) 

f1_score_test_forest = metrics.f1_score(y_test,y_test_forest) 

print("Random Forest : f1_score on training Data: {:.3f}".format(f1_score_train_forest)) 

print("Random Forest : f1_score on test Data: {:.3f}".format(f1_score_test_forest)) 

print() 

 

recall_score_train_forest = metrics.recall_score(y_train,y_train_forest) 

recall_score_test_forest = metrics.recall_score(y_test,y_test_forest) 

print("Random Forest : Recall on training Data: {:.3f}".format(recall_score_train_forest)) 

print("Random Forest : Recall on test Data: {:.3f}".format(recall_score_test_forest)) 

print() 
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precision_score_train_forest = metrics.precision_score(y_train,y_train_forest) 

precision_score_test_forest = metrics.precision_score(y_test,y_test_forest) 

print("Random Forest : precision on training Data: 

{:.3f}".format(precision_score_train_forest)) 

print("Random Forest : precision on test Data: {:.3f}".format(precision_score_test_forest)) 

print(metrics.classification_report(y_test, y_test_forest)) 

training_accuracy = [] 

test_accuracy = [] 

# try max_depth from 1 to 20 

depth = range(1,20) 

for n in depth: 

    forest_test =  RandomForestClassifier(n_estimators=n) 

print("Accuracy:",metrics.accuracy_score(y_test, y_test_forest)) 

roc_auc_score(valid_df[target].values, preds) 

score_dtc = round(accuracy_score(y_test,predictions_dt)*100,2) 

print("accuracy score using random forest  is :"+str(score_dtc)+"%") 

import numpy as np 

from sklearn.preprocessing import StandardScaler 

scaler = StandardScaler() 

data_df["NormalizedAmount"] = scaler.fit_transform(data_df["Amount"].values.reshape(-1, 

1)) 

data_df.drop(["Amount", "Time"], inplace= True, axis= 1) 

Y = data_df["Class"] 

X = data_df.drop(["Class"], axis= 1) 

from sklearn.ensemble import RandomForestClassifier 
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from sklearn.tree import DecisionTreeClassifier 

 

#Decision Tree 

decision_tree = DecisionTreeClassifier() 

from sklearn.model_selection import train_test_split 

 

(train_X, test_X, train_Y, test_Y) = train_test_split(X, Y, test_size= 0.3, random_state= 42) 

 

print("Shape of train_X: ", train_X.shape) 

print("Shape of test_X: ", test_X.shape) 

decision_tree.fit(train_X, train_Y) 

predictions_dt = decision_tree.predict(test_X) from sklearn.metrics import accuracy_score, 

precision_score, confusion_matrix, recall_score, f1_score 

 

fig, (ax1) = plt.subplots(ncols=1, figsize=(5,5)) 

sns.heatmap(cm,  

            xticklabels=['Not Fraud', 'Fraud'], 

            yticklabels=['Not Fraud', 'Fraud'], 

            annot=True,ax=ax1, 

            linewidths=.2,linecolor="Darkblue", cmap="Blues") 

plt.title('Confusion Matrix', fontsize=14) 

plt.show()def metrics(actuals, predictions): 

    print("Accuracy: {:.5f}".format(accuracy_score(actuals, predictions))) 

    print("Precision: {:.5f}".format(precision_score(actuals, predictions))) 
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    print("Recall: {:.5f}".format(recall_score(actuals, predictions))) 

print("F1-score: {:.5f}".format(f1_score(actuals, predictions))) 

decision_tree_score = decision_tree.score(test_X, test_Y) * 100 

print("Decision Tree Score: ", decision_tree_score) 

from sklearn.metrics import confusion_matrix 

confusion_matrix_dt = confusion_matrix(test_Y, predictions_dt.round()) 

print("Confusion Matrix - Decision Tree") 

print(confusion_matrix_dt) 

print("Evaluation of Decision Tree Model") 

print() 

metrics(test_Y, predictions_dt.round()) 

score_dtc = round(accuracy_score(y_test,predictions_dt)*100,2) 

print("accuracy score using decision tree is :"+str(score_dtc)+"%") 

from sklearn.model_selection import train_test_split 

from sklearn.preprocessing import label_binarize 

from sklearn.tree import DecisionTreeClassifier 

from scipy import interp 

iris = datasets.load_iris() 

X = iris.data 

y = iris.target 

y = label_binarize(y, classes=[0, 1, 2]) 

n_classes = y.shape[1] 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=.5, random_state=0) 

classifier = DecisionTreeClassifier() 
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y_score = classifier.fit(X_train, y_train).predict(X_test) 

 

fpr = dict() 

tpr = dict() 

roc_auc = dict() 

for i in range(n_classes): 

    fpr[i], tpr[i], _ = roc_curve(y_test[:, i], y_score[:, i]) 

    roc_auc[i] = auc(fpr[i], tpr[i]) 

 

# Compute micro-average ROC curve and ROC area 

fpr["micro"], tpr["micro"], _ = roc_curve(y_test.ravel(), y_score.ravel()) 

roc_auc["micro"] = auc(fpr["micro"], tpr["micro"]) 

 

#ROC curve for a specific class here for the class 2 

roc_auc[2] 

import matplotlib.pyplot as plt 

x= ['Random Forest', 'decision_tree'] 

y= [85,94] 

plt.bar(x,y,color=['red','blue'],width=0.5) 

plt.title('Comparision of Random forest and Decision tree classifier') 

plt.xlabel('Algorithm') 

plt.ylabel('roc-auc score') 

plt.show() 
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