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ABSTRACT 

 

Code smells indicate poor implementation choices that may hinder the system 

maintenance. Their detection is important for the software quality improvement, but 

studies suggest that it should be tailored to the perception of each developer. Therefore, 

detection techniques must adapt their strategies to the developer‘s perception. Machine 

Learning (ML) algorithms is a promising way to customize the smell detection, but there 

is a lack of studies on their accuracy in detecting smells for different developers. This 

paper evaluates the use of ML algorithms on detecting code smells for different 

developers, considering their individual perception about code smells.The results show 

that ML-algorithms achieved low accuracies for the developers that participated of our 

study, showing that are very sensitive to the smell type and the developer. These 

algorithms are not able to learn with limited training set, an important limitation when 

dealing with diverse perceptions about code smells. 
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                                            CHAPTER 1 

                                            INTRODUCTION 

 

Nowadays, the complexity of software systems is growing fast and software 

companies are required to continuously update their source code. Those continuous 

changes frequently occur under time pressure and lead developers to set aside good 

programming practices and principles in order to deliver the most appropriate but still 

immature product in the shortest time possible. This process can often result in the 

introduction of so-called technical debt  design problems likely to have negative 

consequences during the system maintenance and evolution.  

To overcome these limitations, machine-learning (ML) techniques are being adopted to 

detect code smells. Usually a supervised method is exploited, i.e., a set of independent 

variables (a.k.a. predictors) are used to determine the value of a dependent variable 

(i.e., presence of a smell or degree of the smelliness of a code element) using a 

machine-learning classifier (e.g., Logistic Regression).  

In order to empirically assess the actual capabilities of ML techniques for code smell 

detection, Arcelli Fontana et al.conducted a large-scale study where 32 different ML 

algorithms were applied to detect four code smell types, i.e., Data Class, Large Class, 

Feature Envy and Long Method. The authors reported that most of the classifiers 

exceeded 95% both in terms of accuracy and of F-Measure, with J48 and RANDOM 

FOREST obtaining the best performance. The authors see in these results an indication 

that ―using machine learning algorithms for code smell detection is an appropriate 

approach‖ and that ―performances are already so good that we think it does not really 

matter in practice what machine learning algorithm one chooses for code smell 

detection‖.  

In our research, we have observed important limitations of the work by Arcelli Fontana 

et al. that might affect the generalizability of their findings. Specifically, the high 

performance reported might be due to the way the dataset was constructed: for each 

type of code smell analyzed, the dataset contains only instances affected by this type of 

smell or non-smelly instances, with a non-realistic balance of smelly and non-smelly 

instances and a strongly different distribution of the metrics between the two groups of 
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instances, which is far from reality.  During software maintenance and evolution, 

software systems need to be continuously changed by developers in order to (i) 

implement new requirements, (ii) enhance existing features, or (iii) fix important bugs. 

Due to time pressure or community-related factors, developers do not always have the 

time or the willingness to keep the complexity of the system under control and find good 

design solutions before applying their modifications. As a consequence, the 

development activities are often performed in an undisciplined manner, and have the 

effect to erode the original design of the system by introducing the so-called technical 

debt. Code smells, i.e., symptoms of the presence of poor design or implementation 

choices in the source code, represent one of the most serious forms of technical debt. 

Indeed, previous research found that not only they strongly reduce the ability of 

developers to comprehend the source 2code, but also make the affected classes more 

change- and fault-prone. Thus, they represent an important threat for maintainability 

effort and costs.  

In past and recent years, the research community was highly active on the topic. On the 

one hand, many empirical studies have been conducted with the aim of understanding 

(i) when and why code smells are introduced, (ii) what is their evolution and longevity in 

software projects, and (iii) to what extent they are relevant for developers. On the other 

hand, several code smell detectors have been proposed as well. Most of them can be 

considered as heuristics-based: they apply a two-step process where a set of metrics 

are firstly computed, and then some thresholds are applied upon such metrics to 

discriminate between smelly and non-smelly classes.  

They differ from each other for (i) the specific algorithms used to identify code smells 

(e.g., a combination of metrics or through the use of more advanced methodologies like 

Relational Topic Modeling) and (ii) the metrics exploited (e.g., based on code metrics or 

historical data). Although it has been showed that such detectors have reasonable 

performance in terms of accuracy of the recommendations, previous works highlighted 

a number of important limitations that might preclude the use of such detectors in 

practice.  

In particular, code smells identified by existing detectors can be subjectively interpreted 

by developers. At the same time, the agreement between them is low. More importantly, 
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most of them require the specification of thresholds to distinguish smelly code 

components from non-smelly one: naturally, the selection of thresholds strongly 

influence their accuracy. For all these reasons, a recent trend is the adoption of 

Machine Learning (ML) techniques for approaching the problem.  

In this scenario, a supervised method is exploited: a set of independent variables 

(a.k.a., predictors) are used to predict the value of a dependent variable (i.e., the 

smelliness of a class) using a machine learning classifier (e.g., Logistic Regression). 

The model can be trained using a sufficiently large amount of data available from the 

project under analysis, i.e., within-project strategy, or using data coming from other 

(similar) software projects, i.e., cross-project strategy. These approaches clearly differ 

from the heuristics-based ones, as they rely on classifiers to discriminate the smelliness 

of classes rather than on predefined thresholds upon computed metrics. 
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                                      CHAPTER 2 

                               LITERATURE SURVEY 

2.1. Detecting Code Smells using Machine Learning Techniques 

ABSTRACT: 

Code smells are symptoms of poor design and implementation choices weighing 

heavily on the quality of produced source code. During the last decades several code 

smell detection tools have been proposed. However, the literature shows that the 

results of these tools can be subjective and are intrinsically tied to the nature and 

approach of the detection.  

In a recent work the use of Machine-Learning (ML) techniques for code smell detection 

has been proposed, possibly solving the issue of tool subjectivity giving to a learner the 

ability to discern between smelly and non-smelly source code elements. While this work 

opened a new perspective for code smell detection, it only considered the case where 

instances affected by a single type smell are contained in each dataset used to train 

and test the machine learners. In this work we replicate the study with a different 

dataset configuration containing instances of more than one type of smell. The results 

reveal that with this configuration the machine learning techniques reveal critical 

limitations in the state of the art which deserve further research. Index Terms—Code 

Smells; Machine Learning; Empirical Studies; Replication Study . 

 

THE REFERENCE WORK  

In the authors analyze three main aspects related to the use of machine-learning 

algorithms for code smell detection: (i) performance of a set of classifiers over a sample 

of the total instances contained in the dataset, (ii) analysis of the minimum training set 

size needed to accurately detect code smells, and (iii) analysis of the number of code 

smells detected by different classifiers over the entire dataset.  

In this paper, we focus on the first research question of the reference work. In the 

following subsections we detail the methodological process adopted in  

A. Context Selection  
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The context of the study was composed of software systems and code smells. The 

authors have analyzed systems from the Qualitas Corpus, release 20120401r, one of 

the largest curated benchmark datasets to date, specially designed for empirical 

software engineering research. Among 111 Java systems of the corpus, 37 were 

discarded because they could not be compiled and therefore code smell detection could 

not be applied. Hence, the authors focused on the remaining 74 systems. For each 

system 61 source code metrics were computed at class level and 82—at method level. 

The former were used as independent variables for predicting class-level smells Data 

Class and God Class, the latter for predicting method-level smells Feature Envy and 

Long Method:  

God Class.  

It arises when a source code class implements more than one responsibility; it is usually 

characterized by a large number of attributes and methods, and has several 

dependencies with other classes of the system.  

Data Class.  

This smell refers to classes that store data without providing complex functionality.  

Feature Envy.  

This is a method-level code smell that appears when a method uses much more data 

than another class with respect to the one it is actually inLong Method. It represents a 

large method that implements more than one function. The choice of these smells is 

due to the fact that they capture different design issues, e.g., large classes or misplaced 

methods.  

B. Machine Learning Techniques Experimented  

In six basic ML techniques have been evaluated: J48, JRIP, RANDOM FOREST, 

NAIVE BAYES, SMO, and LIBSVM. As for J48, the three types of pruning techniques 

available in WEKA were used, SMO was based on two kernels (e.g., POLYNOMIAL 

and RBF), while for LIBSVM eight different configurations, using C-SVC and V-SVC, 

were used. Thus, in total 16 different ML techniques have been evaluated. Moreover, 

the ML techniques were also combined with the DABOOSTM1 boosting technique, i.e., 

a method that iteratively uses a set of models built in previous iterations to manipulate 

the training set and make it more suitable for the classification problem, leading to 32 

different variants. An important step for an effective construction of machinelearning 

models consists of the identification of the best configuration of parameters: the authors 
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applied to each classifier the Grid-search algorithm, capable of exploring the parameter 

space to find an optimal configuration.  

 

C. Dataset Building  

To establish the dependent variable for code smell prediction models, the authors 

applied for each code smell the set of automatic detectors . However, code smell 

detectors cannot usually achieve 100% recall, meaning that an automatic detection 

process might not identify actual code smell instances (i.e., false negatives) even in the 

case that multiple detectors are combined. To cope with false positives and to increase 

their confidence in validity of the dependent variable, the authors applied a stratified 

random sampling of the classes/methods of the considered systems: this sampling 

produced 1,986 instances (826 smelly elements and 1,160 nonsmelly ones), which 

were manually validated by the authors in order to verify the results of the detectors. As 

a final step, the sampled dataset was normalized for size: the authors randomly 

removed smelly and non-smelly elements building four disjoint datasets, i.e., one for 

each code smell type, composed of 140 smelly instances and 280 non smelly ones (for 

a total of 420 elements). These four datasets represented the training set for the ML 

techniques above.  

D. Validation Methodology  

To test the performance of the different code smell prediction models built, the authors 

applied 10-fold cross validation: each of the four datasets was randomly partitioned in 

ten folds of equal size, such that each fold has the same proportion of smelly elements. 

A single fold was retained as test set, while the remaining ones were used to train the 

ML models. The process was then repeated ten times, using each time a different fold 

as the test set. Finally, the performance of the models was assessed using mean 

accuracy, F-Measure, and AUC-ROC over the ten runs.  

E. Limitations and Replication Problem Statement  

The results achieved in reported that most of the classifiers have accuracy and F-

Measure higher than 95%, with J48 and RANDOM FOREST being the most powerful 

ML techniques. These results seem to suggest that the problem of code smell detection 

can be solved almost perfectly through ML approaches, while other unsupervised 

techniques (e.g., the ones based on detection rules) only provide suboptimal 

recommendations. However, we identified possible reasons for these good results:  
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Selection of the instances in the dataset.  

The first factor possibly affecting the results might be represented by the characteristics 

of smelly and non-smelly instances present in the four datasets exploited (one for each 

smell type): in particular, if the metric distribution of smelly elements is strongly different 

than the metric distribution of nonsmelly instances, then any ML technique might easily 

distinguish the two classes. Clearly, this does not properly represent a real-case 

scenario, where the boundary between the structural characteristics of smelly and non-

smelly code components is not always clear. In addition, the authors built four datasets, 

one for each smell. Each dataset contained code components affected by that type of 

smell or non-smelly components. This also makes the datasets unrealistic (a software 

system usually contains different types of smells) and might have made easier for the 

classifiers to discriminate smelly components.  

Balanced dataset.  

In the reference work, one third of the instances in the dataset was composed of smelly 

elements. According to recent findings on the diffuseness of code smells, a small 

fraction of a software system is usually affected by code smells: e.g., Palomba et al. 

found that God Classes represent less than 1% of the total classes in a software 

system. Because of the points above, we argue that the capabilities of ML techniques 

for code smell detection should be reevaluated. In this paper, we replicate the reference 

study with different datasets containing instances of more than one type of smells and 

with a different balance between smelly and non smelly instances. 

CONCLUSION AND FUTURE DIRECTIONS  

In this work, we presented a replicated study of the work in. The main difference 

between our study and the reference study is in the construction of the datasets used to 

train and validate the code smell classifiers. While in the reference study each dataset 

contained instances of one type of smells (besides non smelly components), in our 

study we built datasets containing instances of more than one type of smell. Another 

difference is in the distribution of smelly and non smelly instances in the datasets, which 

in our case are less balanced and contain more non smelly instances. As a result, we 

believe that the problem of detecting code smells using machine learning techniques is 

extremely relevant and with several facets remaining open. For example, more research 

is needed towards structuring datasets appropriately and jointly with the predictors to be 

used. As future work, we firstly plan to assess the impact of (i) dataset size, (ii) feature 
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selection, and (iii) validation methodology on the results of our study. At the same, we 

aim at addressing these issues, thus defining new prediction models for code smell 

detection.  

 

 

 

CHAPTER 3 

METHODOLOGY 
 
3.1 EXISTING SYSTEM 
The goal of the empirical study reported in this paper was to analyze the sensitivity of 

the results achieved by our reference work with respect to the metric distribution of 

smelly and non-smelly instances, with the purpose of understanding the real capabilities 

of existing prediction models in the detection of code smells. 

The perspective is of both researchers and practitioners: the former are interested in 

understanding possible limitations of current approaches in order to devise better ones; 

the latter are interested in evaluating the actual applicability of code smell prediction in 

practice.  

DISADVANTAGE: 

 Subjective of developers which respect to code smell detection by such tools 

 Scarce agreement between different detectors  

Difficulties in finding good thresholds to be used for detection 

3.2 PROPOSED MODEL 

 Stage 1: Code smell classification 

 Stage-2: Evaluation of machine learning model 

 Navie bayes 

 Random forest 

 Decision tree classifier 

 Stage-3: Model variance test 

ADVANTAGE: 

 performance of a set of classifiers over a sample of the total instances contained 

in the dataset, 
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 analysis of the minimum training set size needed to accurately detect code 

smells, and 

 analysis of the number of code smells detected by different classifiers over the 

entire dataset. 

 

 
 
3.3 SYSTEM ARCHITECTURE 

 

Fig 3.1 System Architecture 

 

FLOW CHART 
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Fig 3.2 Flow Chart 

 

 

 

Working of Random Forest Algorithm: 

Before understanding the working  of the random forest we must look into the ensemble 

technique. Ensemble simply means combining  multiple models. Thus  a collection of 

models is used to make predictions rather than an individual model. 

Ensemble uses two types of methods: 

Bagging– It creates a different training subset from sample training data with 

replacement & the final output is based on majority voting. For example, Random 

Forest. 

Boosting– It combines weak learners into strong learners by creating sequential models 

such that the final model has the highest accuracy. For example, ADA BOOST, XG 

BOOST 

As mentioned earlier, Random forest works on the Bagging principle. Now let‘s dive in 

and understand bagging in detail. 
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Fig 3.3 Bagging Parallel & Boosting Sequential 

 

Bagging 

Bagging, also known as Bootstrap Aggregation is the ensemble technique used by 

random forest. Bagging chooses a random sample from the data set. Hence each 

model is generated from the samples (Bootstrap Samples) provided by the Original 

Data with replacement known as row sampling. This step of row 

sampling with replacement is called bootstrap. Now each model is trained 

independently which generates results. The final output is based on majority voting after 

combining the results of all models. This step which involves combining all the results 

and generating output based on majority voting is known as aggregation. 

Fig 3.4 Bagging 

 

Now let‘s look at an example by breaking it down with the help of the following figure. 

Here the bootstrap sample is taken from actual data (Bootstrap sample 01, Bootstrap 

sample 02, and Bootstrap sample 03) with a replacement which means there is a high 

possibility that each sample won‘t contain unique data. 

Now the model (Model 01, Model 02, and Model 03) obtained from this bootstrap 

sample is trained independently. Each model generates results as shown. Now Happy 

emoji is having a majority when compared to sad emoji. Thus based on majority voting 

final output is obtained as Happy emoji. 
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Steps involved in random forest algorithm: 

Step 1: In Random forest n number of random records are taken from the data set 

having k number of records. 

Step 2: Individual decision trees are constructed for each sample. 

Step 3: Each decision tree will generate an output. 

Step 4: Final output is considered based on Majority Voting or Averaging for 

Classification and regression respectively. 

 

 
Fig 3.5 Bagging Ensemble Method 

 

For example: consider the fruit basket as the data as shown in the figure below. Now n 

number of samples are taken from the fruit basket and an individual decision tree is 

constructed  for each sample. Each decision tree will generate an output  as shown  in 

the figure. The  final output  is considered based on majority voting. In the below figure 

you can see that the majority decision tree gives output as an apple when compared to 

a banana, so the final output is taken as an apple. 

Important Features of Random Forest 
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Diversity- Not all attributes/variables/features  are considered while making an individual 

tree, each tree is different. 

Immune to the curse of dimensionality- Since each tree does not consider  all the 

features, the feature space is reduced. 

Parallelization-Each tree is created independently out of different data and attributes.  

This means that we can make full use of the CPU to build random forests. 

Train-Test split- In a random forest we don‘t have to segregate the data for train and 

test as there will always be 30% of the data which is not seen by the decision tree. 

Stability- Stability arises because the result is based on majority voting/ averaging. 

Difference Between Decision Tree & Random Forest 

Random forest is a collection of decision trees; still, there are a lot of differences in their 

behavior. 

 

Decision trees Random Forest 

1. Decision trees normally  

suffer from the problem of 

overfitting if it‘s allowed to 

grow without any control. 

1. Random forests are created from subsets of data and the 

final output is based on average or majority ranking and hence 

the problem of overfitting is taken care of. 

2. A single decision tree is 

faster in computation. 

2. It is comparatively slower. 

3. When a data set with 

features is taken as input 

by a decision tree it will 

formulate some set of rules 

to do prediction. 

3. Random forest randomly selects observations, builds a 

decision tree and the average result is taken. It doesn‘t use 

any set of formulas. 

 

Table 3.1 Decision trees and Random forest 

 

Thus random forests are much more successful than decision trees only if the trees are 

diverse and acceptable. 

Important Hyperparameters 

Hyperparameters are used in random forests to either enhance the performance and 

predictive power of models or to make the model faster. 
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Following hyperparameters increases the predictive power: 

n_estimators– number of trees the algorithm builds before averaging the predictions. 

max_features– maximum number of features random forest considers splitting  a node. 

mini_sample_leaf– determines the minimum number of leaves required to split an 

internal node. 

Following hyperparameters increases the speed: 

n_jobs– it tells the engine how many processors it is allowed to use. If the value is 1, it 

can use only one processor but if the value is -1 there is no limit. 

random_state– controls randomness of the sample. The model will always produce the 

same results if it has a definite value of random state and if it has been given the same 

hyperparameters and the same training data. 

oob_score – OOB means out of the bag. It is a random forest cross-validation method. 

In this one-third of the sample is not used to train the data instead used to evaluate its 

performance. These samples are called out of bag samples. 

Let‘s import the libraries. 

# Importing the required libraries import pandas as pd, numpy as np import 

matplotlib.pyplot as plt, seaborn as sns %matplotlib inline 

import the dataset. 

# Reading the csv file and putting it into 'df' object df = pd.read_csv('heart_v2.csv') 

df.head() 

Putting Feature Variable to X and Target variable to y. 

# Putting feature variable to X X = df.drop('heart disease',axis=1) # Putting response 

variable to y y = df['heart disease'] 

Train-Test-Split is performed 

# now lets split the data into train and test from sklearn.model_selection import 

train_test_split 

# Splitting the data into train and test X_train, X_test, y_train, y_test = train_test_split(X, 

y, train_size=0.7, random_state=42) X_train.shape, X_test.shape 

Now let‘s visualize 

from sklearn.tree import plot_tree plt.figure(figsize=(80,40))

 plot_tree(rf_best.estimators_[5], feature_names = 

X.columns,class_names=['Disease', "No Disease"],filled=True);from sklearn.tree import 
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plot_treeplt.figure(figsize=(80,40))plot_tree(rf_best.estimators_[7], feature_names = 

.columns,class_names=['Disease', "No Disease"],filled=True); 

The trees created by estimators_[5] and estimators_[7] are different. Thus we can say 

that each tree is independent of the other. 

Now let‘s sort the data with the help of feature importance rf_best.feature_importances_ 

imp_df = pd.DataFrame({ "Varname": X_train.columns, "Imp": 

rf_best.feature_importances_ }) 

imp_df.sort_values(by="Imp", ascending=False) 

Use Cases 

This algorithm is widely used in E-commerce, banking, medicine, the stock  market, etc. 

For example: In the Banking industry it can be used to find which customer will default 

on the loan. 

Advantages and Disadvantages of Random Forest Algorithm 

Advantages: 

 It can be used in classification and regression problems. 

 It solves the problem of overfitting as output is based on majority voting or 

averaging. 

 It performs well even if the data contains null/missing values. 

 Each decision tree created is independent of the other thus it shows the property 

of parallelization. 

 It is highly stable as the average answers given by a large number of trees are 

taken. 

 It maintains diversity as all the attributes are not considered while making each 

decision tree though it is not true in all cases. 

 It is  immune to the curse of dimensionality. Since each tree does  not consider 

all the attributes, feature space is reduced. 

 We don‘t have to segregate data into train and test as there will always be 30% 

of the data which is not seen by the decision tree made out of bootstrap. 

 Disadvantages: 

 Random forest is highly complex when compared to decision trees where 

decisions can be made by following the path of the tree. 
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 Training time is more compared to other models due to its complexity. Whenever  

it has to make a prediction each decision tree has to generate output for the 

given input data. 

Summary 

Now, we can conclude that Random Forest is one of the best techniques with high 

performance which is widely used in various industries for its efficiency. It can handle 

binary, continuous, and categorical data.Random forest is a great choice if anyone 

wants to build the model fast and efficiently as one of the best things about the random 

forest is it can handle missing values.Overall, random forest  is  a fast, simple, flexible, 

and robust model with some limitations. 

Decision Tree 
 

Introduction 

Till now we have learned about linear regression, logistic regression, and they were 

pretty hard to understand. Let‘s now start with Decision tree‘s and I assure you this is 

probably the easiest algorithm in Machine Learning. There‘s not much mathematics 

involved here. Since it is very easy to use and interpret it is one of the most widely used 

and practical methods used in Machine Learning. 

Contents 

What is a Decision Tree? 

Example of a Decision Tree 

Entropy 

Information Gain 

When to stop Splitting? 

How to stop overfitting? 

 max_depth 

 min_samples_splitmin_samples_leafmax_features 

 Pruning 

 Post-pruning Pre-pruning 

 Endnotes 

What is a Decision Tree? 

It is a tool that has applications spanning several different areas. Decision trees can be 

used forclassification as well as regression problems. The name itself suggests that it 
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uses a flowchart like a tree structure to show the predictions that result from a series of 

feature-based splits. It starts with a root node and ends with a decision made by leaves. 

Before learning more about decision trees let‘s get familiar with some of the  

terminologies. 

Root Nodes – It is the node present at the beginning of a decision tree from this node 

the population starts dividing according to various features. 

Decision Nodes – the nodes we get  after splitting the root nodes are called  Decision 

Node 

Leaf Nodes – the nodes where further splitting is not possible are called leaf nodes or 

terminal nodes 

Sub-tree – just like a small portion of a graph is called sub-graph  similarly a sub-section 

of this decision tree is called sub-tree. 

Pruning – is nothing but cutting down some nodes to stop overfitting. 

Example of a decision tree. 

Let‘s understand decision trees with the help of an example. 

Decision trees are upside down which means the root is at the top and then this root is 

split into various several nodes. Decision trees are nothing  but a bunch  of if-else 

statements in layman terms. It checks  if the condition is true and if it is then it goes to 

the next node attached to that decision. 

Did you notice anything in the above flowchart? We see that if the weather is cloudy 

then we must go to play. Why didn‘t it split more? Why did it stop there? 

To answer this question, we need to know about few more concepts like entropy, 

information gain, and Gini index. But in simple terms, I can say here that the output for 

the training dataset is always yes for cloudy weather, since there is no disorderliness 

here we don‘t need to split the node further. 

The goal of machine learning is to decrease uncertainty or disorders from the dataset 

and for this, we use decision trees. 

Now you must be thinking how do I know  what should  be the root node? what should  

be the decision node? when should I stop splitting? To decide this, there is a metric 

called ―Entropy‖ which is the amount of uncertainty in the dataset. 

Entropy 

Entropy is nothing but the uncertainty in our dataset or measure of disorder. Let me try 

to explain this with the help of an example. 
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Suppose you have a group of friends who decides which movie they can watch together 

on Sunday. There are 2 choices for movies, one is ―Lucy‖ and the second is ―Titanic‖  

and now everyone has to tell their choice. After everyone gives their answer we see that 

―Lucy‖ gets 4 votes and ―Titanic‖ gets 5 votes. Which movie do we watch now? Isn‘t it 

hard to choose 1 movie now because the votes for both the movies are somewhat 

equal. 

This is exactly what we call disorderness, there is an equal number of votes for both the 

movies, and we can‘t really decide which movie we should watch. It would have been 

much easier if the votes for ―Lucy‖ were 8 and for ―Titanic‖ it was 2. Here we could 

easily say that the majority of votes are for ―Lucy‖ hence everyone will be watching this 

movie. 

How do Decision Trees use Entropy? 

Now we know what entropy is and what is its formula, Next, we need to know that how 

exactly does it work in this algorithm. 

Entropy basically measures the impurity of a node. Impurity is the degree of 

randomness; it tells how random our data is. A pure sub-split means that either you 

should  be getting  ―yes‖, or you should  be getting ―no‖. 

Suppose feature 1 had 8 yes and 4 no, after the split feature 2 get 5 yes and 2 no 

whereas feature 3 gets 3 yes and 2 no. 

We see here the split is not pure, why? Because we can still see some negative classes 

in both the feature. In order to make a decision tree, we need to calculate the impurity of 

each split, and when the purity is 100% we make it as a leaf node. 

To check the impurity of feature 2 and feature 3 we will take the help for Entropy 

formula. We can clearly see from the tree itself that feature 2 has low entropy or more 

purity than feature 3 since feature 2 has more ―yes‖ and it is easy to make a decision 

here. 

Always remember that the higher  the Entropy, the lower will be the purity and the 

higher  will be the impurity. 

As mentioned earlier the goal of machine learning is to decrease the uncertainty or 

impurity in the dataset, here by using the entropy we are getting the impurity of a 

feature or a particular node, we don‘t know if the parent entropy or the entropy of a 

particular node has decreased or not. 
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For this, we bring a new metric called ―Information gain‖ which tells us how much the 

parent entropy has decreased after splitting it with some feature. 

Information Gain 

Information gain measures the reduction of uncertainty given some feature and it is also 

a deciding factor for which attribute should be selected as a decision node or root node. 

It is just entropy of the full dataset – entropy of the dataset given some feature. To 

understand this better let‘s consider an example: 

Suppose our entire population has a total of 30 instances. The dataset is to predict 

whether the person will go to the gym or not. Let‘s say 16 people go to the gym and 14 

people don‘t 

Now we have two features to predict whether he/she will go to the gym or not. Feature 1 

is ―Energy‖ which takes two values ―high‖ and ―low‖ 

Feature 2 is ―Motivation‖ which takes 3 values ―No motivation‖, ―Neutral‖ and ―Highly 

motivated‖. 

Let‘s see how our decision tree will be made using these 2 features. We‘ll use 

information gain to decide which feature should be the root node and which feature 

should be placed after the split. 

Let‘s calculate the entropy: 

To see the weighted average of entropy of each node we will do as follows: 

Now we have the value of E(Parent) and E(Parent|Energy), information gain will be: 

Our parent entropy was near 0.99 and after looking at this value of information gain, we 

can say that the entropy of the dataset will decrease by 0.37 if we make ―Energy‖ as our 

root node.Similarly, we will do this with the other feature ―Motivation‖ and calculate its 

information gain. 

Let‘s calculate the entropy here: 

To see the weighted average of entropy of each node we will do as follows: 

Now we have the value of E(Parent) and E(Parent|Motivation), information gain will be: 

We now see that the ―Energy‖ feature gives more reduction which is 0.37  than the 

―Motivation‖ feature. Hence we will select the feature which has the highest information 

gain and then split the node based on that feature. 

In this example ―Energy‖ will be our root node and we‘ll do the same for sub-nodes. 

Here we can see that when the energy is ―high‖ the entropy is low and hence we can 
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say a person will definitely go to the gym if he has high energy, but what if the energy is 

low? We will again split the node based on the new feature which is ―Motivation‖. 

When to stop splitting? 

You must be asking this question to yourself that when do we stop growing our tree? 

Usually, real-world datasets have a large number of features, which will result in a large 

number of splits, which in turn gives a huge tree. Such trees take time to build and can 

lead to overfitting. That means the tree will give very good accuracy on the training 

dataset but will give bad accuracy in test data. 

There are many ways to tackle this problem through  hyperparameter tuning.  We can 

set the maximum depth of our decision tree using  themax_depth parameter. The  more 

the value of max_depth,  the more complex your tree will be. The  training error will off-

course decrease if we increase the max_depth value but when our test data comes into 

the picture, we will get a very bad accuracy. Hence you need a value that will not overfit 

as well as underfit our data and for this, you can use GridSearchCV. 

Another way is to set the minimum number of samples for each spilt. It is denoted by 

min_samples_split. Here we specify the minimum number of samples required to do a 

spilt. For example, we can use a minimum of 10 samples to reach a decision. That 

means if a node has less than 10 samples then using this parameter, we can stop the 

further splitting of this node and make it a leaf node. 

There are more hyperparameters such as : 

min_samples_leaf – represents the minimum number of samples required to be in the 

leaf node. The more you increase the number, the more is the possibility of overfitting. 

max_features – it helps us decide what number of features to consider  when looking  

for the best split. To read more about these hyperparameters you can read it here. 

Pruning 

It is another method that can help us avoid overfitting. It helps in improving the 

performance of the tree by cutting the nodes or sub-nodes which are not significant. It 

removes the branches which have very low importance. 

There are mainly 2 ways for pruning: 

Pre-pruning – we can stop growing the tree earlier, which means we can 

prune/remove/cut a node if it has low importance while growing the tree. 

Post-pruning – once our tree is built to its depth, we can start pruning the nodes based 

on their significance. 

https://www.youtube.com/watch?v=XABw4Y3GBR4
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Endnotes 

To summarize, in this article we learned about decision trees. On what basis the tree 

splits the nodes and how to can stop overfitting. why linear regression doesn‘t work in 

the case of classification problems. 

In the next article, I will explain Random forests, which is again a new technique to 

avoid overfitting. To check out the full implementation of decision trees please refer to 

my Githubrepository. 

What is Naive Bayes algorithm? 

It is a classification technique based on Bayes‘ Theorem with an assumption  of 

independence  among predictors. In simple terms, a Naive Bayes classifier assumes 

that the presence of a particular feature in a class is unrelated to the presence of any 

other feature. 

For example, a fruit may be considered  to be an apple if it is red, round, and about 3 

inches  in diameter. Even if these features depend on each other or upon the existence 

of the other features, all of   these properties independently  contribute to the probability 

that this fruit is an apple and that is why it is known as ‗Naive‘. 

Naive Bayes model is easy to build and particularly  useful  for very large data sets. 

Along  with simplicity, Naive Bayes is known to outperform even highly sophisticated 

classification methods. 

How Naive Bayes algorithm works? 

Let‘s understand it using an example. Below I have a training data set of weather and 

corresponding target variable ‗Play‘ (suggesting  possibilities  of playing). Now, we need 

to classify whether  players   will play   or not based on weather condition. Let‘s follow 

the below steps to perform it. 

 Step 1: Convert the data set into  a frequency table 

 Step 2: Create Likelihood table by finding  the probabilities like Overcast probability = 

0.29  and probability of playing is 0.64. 

 Step 3: Now, use Naive Bayesian equation to calculate the posterior  probability for 

each class. The  class with the highest posterior probability is the outcome of prediction. 

 Naive Bayes uses a similar method to predict the probability of different class based on 

various attributes. This algorithm is mostly used in text classification and with problems 

having multiple classes. 

What are the Pros and Cons of Naive Bayes? 

https://github.com/AnshulSaini17/Decision-Trees
https://courses.analyticsvidhya.com/courses/introduction-to-data-science-2/?utm_source=blog&utm_medium=6stepsnaivebayesarticle
https://courses.analyticsvidhya.com/courses/naive-bayes?utm_source=blog&utm_medium=naive-bayes-explained
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Pros: 

It is easy and fast to predict class of test data set. It also perform well in multi class 

prediction 

When   assumption   of   independence   holds,   a   Naive   Bayes   classifier   performs   

better   compare   to other models like logistic regression and you need less training 

data. 

It perform well in case of categorical input variables compared to numerical variable(s). 

For numerical variable, normal distribution is assumed (bell curve, which is a strong 

assumption). 

Cons: 

If categorical variable has a category (in test data set), which   was   not   observed   in   

training   data set, then model will assign a 0 (zero) probability and will be unable to 

make a prediction. This is often 

known as ―Zero Frequency‖. To solve this, we can use the smoothing technique. One of 

the simplest smoothing techniques is called Laplace estimation. 

On   the other side naive Bayes   is   also known  as   a bad   estimator, so the 

probability outputs  from 

predict_proba are not to be taken too seriously. 

Another limitation of Naive Bayes is the assumption of independent predictors. In real 

life, it is almost impossible that we get a set of predictors which are completely 

independent. 

4 Applications of Naive Bayes Algorithms 

Real time Prediction:  Naive Bayes is an eager learning classifier and it is sure fast. 

Thus,  it could be used for making predictions in real time. 

Multi   class Prediction:  This  algorithm is   also well known  for multi class   prediction   

feature.   Here we can predict the probability of multiple classes of target variable. 

Text classification/ Spam Filtering/ Sentiment Analysis: Naive Bayes classifiers mostly 

used in text classification (due to better result in multi class problems and independence 

rule) have higher success rate as compared to other algorithms. As a result,  it is widely 

used in Spam filtering (identify spam e- mail) and Sentiment Analysis (in social media 

analysis, to identify positive and negative customer sentiments) 

Recommendation System: Naive Bayes Classifier and Collaborative Filtering  together  

builds  a Recommendation System that uses machine learning and data mining 

https://courses.analyticsvidhya.com/courses/naive-bayes?utm_source=blog&utm_medium=naive-bayes-explained
https://en.wikipedia.org/wiki/Collaborative_filtering
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techniques  to filter unseen information and predict whether a user would like a given 

resource or not 

How to build a basic model using Naive Bayes in Python and R? 

Again, scikit learn (python library) will help here to build a Naive Bayes model in Python.  

There  are three types of Naive Bayes model under the scikit-learn library: 

Gaussian: It is used in classification and it assumes that features follow a normal 

distribution. 

Multinomial:  It is used for discrete counts.  For example, let‘s say,   we   have   a   text   

classification problem. Here we can consider  Bernoulli  trials which is one step further 

and instead of ―word occurring in the document‖, we have ―count how often word occurs 

in the document‖,  you can think  of it as ―number of times outcome number x_i is 

observed over the n trials‖. 

Bernoulli: The binomial model is useful if your feature vectors are binary (i.e. zeros and 

ones). One application would be text classification   with   ‗bag   of words‘ model where 

the 1s   & 0s   are ―word   occurs in the document‖ and ―word does not occur in the 

document‖ respectively. 

R Code: 

require(e1071) #Holds the Naive Bayes Classifier Train <- read.csv(file.choose())  Test  

<- read.csv(file.choose()) #Make sure the target variable is of a two-class classification 

problem only levels(Train$Item_Fat_Content) model <- 

naiveBayes(Item_Fat_Content~., data = Train) class(model) pred <- predict(model,Test) 

table(pred) 

Above, we looked at the basic Naive Bayes model, you can improve the power of this 

basic model by tuning parameters and handle assumption  intelligently.   Let‘s look at 

the methods to improve the performance of Naive Bayes Model. I‘d recommend you to 

go through this document  for more details on Text classification using Naive Bayes. 

Tips to improve the power of Naive Bayes Model 

Here are some tips for improving power of Naive Bayes Model: 

If continuous  features do not have normal distribution,  we should  use transformation 

or different methods to convert it in normal distribution. 

If test data set   has   zero frequency issue,  apply smoothing  techniques  ―Laplace 

Correction‖   to predict the class of test data set. 

http://scikit-learn.org/stable/modules/naive_bayes.html
http://scikit-learn.org/stable/modules/naive_bayes.html
http://scikit-learn.org/stable/modules/naive_bayes.html
http://www.inf.ed.ac.uk/teaching/courses/inf2b/learnnotes/inf2b-learn-note07-2up.pdf
https://courses.analyticsvidhya.com/courses/naive-bayes?utm_source=blog&utm_medium=naive-bayes-explained
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Remove correlated features, as the highly  correlated features are voted   twice in   the 

model and   it   can lead to over inflating importance. 

Naive Bayes classifiers has limited options for parameter tuning like alpha=1 for 

smoothing,  fit_prior= [True|False] to learn class prior probabilities or not and   some   

other   options  (look   at   detail   here).   I would recommend to focus on your pre-

processing of data and the feature selection. 

You might think to apply some classifier combination technique like ensembling, 

bagging and boosting but these methods would not help. Actually, ―ensembling, 

boosting,  bagging‖  won‘t help since their purpose is to reduce variance. Naive Bayes 

has no variance to minimize. 

End Notes 

In this   article, we looked   at   one of the supervised  machine learning   algorithm 

―Naive Bayes‖   mainly   used for classification. Congrats,  if you‘ve thoroughly  & 

understood  this   article, you‘ve already taken   you   first step to master this algorithm. 

From here, all you need is practice. 

 

 

Chapter 4 

RESULTS AND DISCUSSION 

 

4.1 Machine learning : 

What are the 7 steps of machine learning? 

7 Steps of Machine Learning 

Step 1: Gathering Data. ... 

Step 2: Preparing that Data. ... 

Step 3: Choosing a Model. ... 

Step 4: Training. ... 

Step 5: Evaluation. ... 

Step 6: Hyper parameter Tuning. ... 

Step 7: Prediction. 

Introduction: 

http://scikit-learn.org/stable/modules/generated/sklearn.naive_bayes.MultinomialNB.html#sklearn.naive_bayes.MultinomialNB
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In this blog, we will discuss the workflow of a Machine learning project this includes all 

the steps required to build the proper machine learning project from scratch. 

We will also go over data pre-processing, data cleaning, feature exploration and feature 

engineering and show the impact that it has on Machine Learning Model Performance. 

We will also cover a couple of the pre-modelling steps that can help to improve the 

model performance. 

Python Libraries that would be need to achieve the task: 

1. Numpy 

2. Pandas 

3. Sci-kit Learn 

4. Matplotlib 

Understanding the machine learning workflow 

We can define the machine learning workflow in 3 stages. 

Gathering data 

Data pre-processing 

Researching the model that will be best for the type of data 

Training and testing the model 

Evaluation 

Okay but first let‘s start from the basics 

What is the machine learning Model? 

The machine learning model is nothing but a piece of code; an engineer or data 

scientist makes it smart through training with data. So, if you give garbage to the model, 

you will get garbage in return, i.e. the trained model will provide false or wrong 

prediction 

1. Gathering Data 

The process of gathering data depends on the type of project we desire to make, if we 

want to make an ML project that uses real-time data, then we can build an IoT system 

that using different sensors data. The data set can be collected from various sources 

such as a file, database, sensor and many other such sources but the collected data 

cannot be used directly for performing the analysis process as there might be a lot of 

missing data, extremely large values, unorganized text data or noisy data. Therefore, to 

solve this problem Data Preparation is done. 
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We can also use some free data sets which are present on the internet. Kaggle 

and UCI Machine learning Repository are the repositories that are used the most for 

making Machine learning models. Kaggle is one of the most visited websites that is 

used for practicing machine learning algorithms, they also host competitions in which 

people can participate and get to test their knowledge of machine learning. 

 

 

2. Data pre-processing 

Data pre-processing is one of the most important steps in machine learning. It is the 

most important step that helps in building machine learning models more accurately. In 

machine learning, there is an 80/20 rule. Every data scientist should spend 80% time for 

data per-processing and 20% time to actually perform the analysis. 

What is data pre-processing? 

Data pre-processing is a process of cleaning the raw data i.e. the data is collected in 

the real world and is converted to a clean data set. In other words, whenever the data is 

gathered from different sources it is collected in a raw format and this data isn‘t feasible 

for the analysis. 

Therefore, certain steps are executed to convert the data into a small clean data set, 

this part of the process is called as data pre-processing. 

Why do we need it? 

As we know that data pre-processing is a process of cleaning the raw data into clean 

data, so that can be used to train the model. So, we definitely need data pre-processing 

to achieve good results from the applied model in machine learning and deep learning 

projects.Most of the real-world data is messy, some of these types of data are: 

1. Missing data: Missing data can be found when it is not continuously created or due to 

technical issues in the application (IOT system). 

2. Noisy data: This type of data is also called outliners, this can occur due to human 

errors (human manually gathering the data) or some technical problem of the device at 

the time of collection of data. 

3. Inconsistent data: This type of data might be collected due to human errors (mistakes 

with the name or values) or duplication of data. 

Three Types of Data 

1. Numeric e.g. income, age 

http://www.kaggle.com/
http://www.kaggle.com/
https://archive.ics.uci.edu/ml/datasets.html
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2. Categorical e.g. gender, nationality 

3. Ordinal e.g. low/medium/high 

How can data pre-processing be performed? 

These are some of the basic pre — processing techniques that can be used to convert 

raw data. 

1. Conversion of data: As we know that Machine Learning models can only handle 

numeric features, hence categorical and ordinal data must be somehow converted into 

numeric features. 

2. Ignoring the missing values: Whenever we encounter missing data in the data set 

then we can remove the row or column of data depending on our need. This method is 

known to be efficient but it shouldn‘t be performed if there are a lot of missing values in 

the dataset. 

3. Filling the missing values: Whenever we encounter missing data in the data set then 

we can fill the missing data manually, most commonly the mean, median or highest 

frequency value is used. 

4. Machine learning: If we have some missing data then we can predict what data shall 

be present at the empty position by using the existing data. 

5. Outliers detection: There are some error data that might be present in our data set 

that deviates drastically from other observations in a data set. [Example: human weight 

= 800 Kg; due to mistyping of extra 0] 

Researching the model that will be best for the type of data 

Our main goal is to train the best performing model possible, using the pre-processed 

data. 
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Fig 4.1 Supervised Learning and Unsupervised Learning 

 

Supervised Learning: 

In Supervised learning, an AI system is presented with data which is labelled, which 

means that each data tagged with the correct label. 

The supervised learning is categorized into 2 other categories which are ―Classification‖ 

and ―Regression‖. 

Classification: 

Classification problem is when the target variable is categorical (i.e. the output could be 

classified into classes — it belongs to either Class A or B or something else). 

A classification problem is when the output variable is a category, such as ―red‖ or 

―blue‖ , ―disease‖ or ―no disease‖ or ―spam‖ or ―not spam‖. 

 

 

Fig 4.2 Decision Boundary 

As shown in the above representation, we have 2 classes which are plotted on the 

graph i.e. red and blue which can be represented as ‗setosa flower‘ and ‗versicolor 

flower‘, we can image the X-axis as there ‗Sepal Width‘ and the Y-axis as the ‗Sepal 

Length‘, so we try to create the best fit line that separates both classes of flowers. 

These some most used classification algorithms. 

K-Nearest Neighbor 

Naive Bayes 

Decision Trees/Random Forest 

Support Vector Machine 

https://mathbits.com/MathBits/TISection/Statistics1/LineFit.htm
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Logistic Regression 

Regression: 

While a Regression problem is when the target variable is continuous (i.e. the output is 

numeric). 

 

 

Fig 4.3 Gradient Search and Points and Line 

 

As shown in the above representation, we can imagine that the graph‘s X-axis is the 

‗Test scores‘ and the Y-axis represents ‗IQ‘. So we try to create the best fit line in the 

given graph so that we can use that line to predict any approximate IQ that isn‘t present 

in the given data. 

These some most used regression algorithms. 

Linear Regression 

Support Vector Regression 

Decision Tress/Random Forest 

Gaussian Progresses Regression 

Ensemble Methods 

Unsupervised Learning: 

The unsupervised learning is categorized into 2 other categories which are ―Clustering‖ 

and ―Association‖. 

Clustering: 

A set of inputs is to be divided into groups. Unlike in classification, the groups are not 

known beforehand, making this typically an unsupervised task. 

 

https://mathbits.com/MathBits/TISection/Statistics1/LineFit.htm
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Fig 4.4 Original Clustered Data and Clustered Data 

 

Methods used for clustering are: 

Gaussian mixtures 

K-Means Clustering 

Boosting 

Hierarchical Clustering 

K-Means Clustering 

Spectral Clustering 

Overview of models under categories: 
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Fig 4.5 Machine Learning 

 

 

4. Training and testing the model on data 

For training a model we initially split the model into 3 three sections which are ‗Training 

data‘ ,‗Validation data‘ and ‗Testing data‘.You train the classifier using ‗training data set‘, 

tune the parameters using ‗validation set‘ and then test the performance of your 

classifier on unseen ‗test data set‘. An important point to note is that during training the 

classifier only the training and/or validation set is available. The test data set must not 

be used during training the classifier. The test set will only be available during testing 

the classifier. 

 

Fig 4.6 Training Set 

Training set:  

The training set is the material through which the computer learns how to process 

information. Machine learning uses algorithms to perform the training part. A set of data 

used for learning, that is to fit the parameters of the classifier. 

Validation set:  

Cross-validation is primarily used in applied machine learning to estimate the skill of a 

machine learning model on unseen data. A set of unseen data is used from the training 

data to tune the parameters of a classifier. 
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Fig 4.7 Validation Set 

Once the data is divided into the 3 given segments we can start the training process. 

In a data set, a training set is implemented to build up a model, while a test (or 

validation) set is to validate the model built. Data points in the training set are excluded 

from the test (validation) set. Usually, a data set is divided into a training set, a 

validation set (some people use ‗test set‘ instead) in each iteration, or divided into a 

training set, a validation set and a test set in each iteration. 

 

The model uses any one of the models that we had chosen in step 3/ point 3. Once the 

model is trained we can use the same trained model to predict using the testing data i.e. 

the unseen data. Once this is done we can develop a confusion matrix, this tells us how 

well our model is trained. A confusion matrix has 4 parameters, which are ‗True 

positives‘, ‗True Negatives‘, ‗False Positives‘ and ‗False Negative‘. We prefer that we 

get more values in the True negatives and true positives to get a more accurate model. 

The size of the Confusion matrix completely depends upon the number of classes. 

 

Table 4.1 Predicted Output 
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True positives : These are cases in which we predicted TRUE and our predicted output 

is correct. 

True negatives : We predicted FALSE and our predicted output is correct. 

False positives : We predicted TRUE, but the actual predicted output is FALSE. 

False negatives : We predicted FALSE, but the actual predicted output is TRUE. 

We can also find out the accuracy of the model using the confusion matrix. 

Accuracy = (True Positives +True Negatives) / (Total number of classes) 

i.e. for the above example: 

Accuracy = (100 + 50) / 165 = 0.9090 (90.9% accuracy) 

5. Evaluation 

Model Evaluation is an integral part of the model development process. It helps to find 

the best model that represents our data and how well the chosen model will work in the 

future. 

To improve the model we might tune the hyper-parameters of the model and try to 

improve the accuracy and also looking at the confusion matrix to try to increase the 

number of true positives and true negatives. 

6.Conclusion 

In this blog, we have discussed the workflow a Machine learning project and gives us a 

basic idea of how a should the problem be tackled. 

 

 

 

 

 

 

Outputs: 
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       Fig 4.8 Sample code Window 

 

Graph: 

        

 

       Fig 4.9 Code Smell Graph 

 

 

Chapter 5 
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CONCLUSION 
 

We observering from various codes smell regarding research paper that detects bad 

codes smell by using various tools and techniques. For Code smell detection various 

machine learning techniques are used. Common instances are used to combined for 

dataset and remove the dissimilar instances.  

Multilabel classification is one of the most used techniques of machine learning to 

detect the code smells from object-oriented programming code. Multilabel classification 

is used to detect two types of code smells.  

Existing previous researches were done to detect only one type of smell in the source 

code. Multilabel classification choose the dataset then finds the affected and non-

affected bad smells from the source code and common instances are avoid dissimilar 

data. The chain classifier provides the best result as compared to long-chain that 

improves the performance and accuracy. 

 

 

 

 

 

 

 

 

 

 

 

 

 

REFERENCES 
 



36 

 

1. Stol, K.-J. and Fitzgerald, B. (2014). Researching crowdsourcing software 

development: Perspectives and concerns. In Proceedings of the 1st 

InternationalWorkshop on CrowdSourcing in Software Engineering, CSI-SE 2014, 

page 7–10, 

2. Stone, M. (1974). Cross-validatory choice and assessment of statistical 

predictions.Journal of the Royal Statistical Society. Series B (Methodological), 

36(2):111–147. 

3. Tahir, A., Yamashita, A., Licorish, S., Dietrich, J., and Counsell, S. (2018). Canyou 

tell me if it smells? a study on how developers discuss code smells and antipatterns 

in stack overflow. In Proceedings of the 22nd International Conferenceon Evaluation 

and Assessment in Software Engineering 2018, EASE‘18, page68–78, New York, 

NY, USA. Association for Computing Machinery. 

4. Travassos, G., Shull, F., Fredericks, M., and Basili, V. R. (1999). Detecting defectsin 

object-oriented designs: Using reading techniques to increase software 

quality.InProceedings of the 14th conference on object oriented programming, 

systems,languages, and applications, pages 47–56, New York, NY, USA. ACM 

Press. 

5. Wang, C., Hirasawa, S., Takizawa, H., and Kobayashi, H. (2015). Identification 

andElimination of Platform-Specific Code Smells in High Performance 

ComputingApplications. International Journal of Networking and Computing, 

5(1):180–199. 

6. Yamashita, A. and Moonen, L. (2013). To what extent can maintenance problemsbe 

predicted by code smell detection? - an empirical study. Inf. Softw. 

Technol.,55(12):2223–2242. 

7. Sjøberg D I K, Yamashita A, Anda B C D, Mockus A, Dyb˚a T. Quantifying the effect 

of code smells on maintenance effort. IEEE Trans. Softw. Eng., 2013, 39(8): 1144-

1156.  

8. Sahin D, Kessentini M, Bechikh S, Ded K. Code-smells detection as a bi-level 

problem. ACM Trans. Softw. Eng. Methodol., 2014, 24(1): Article No. 6.  

9. Olbrich S, Cruzes D S, Basili V, Zazworka N. The evolution and impact of code 

smells: A case study of two open source systems. In Proc. the 3rd International 

Symposium on Empirical Software Engineering and Measurement, October 2009, 

pp.390-400.  



37 

 

10. Olbrich S M, Cruzes D S, Sjoøberg D I K. Are all code smells harmful? A study of 

God Classes and Brain Classes in the evolution of three open source systems. In 

Proc. the 26th IEEE Int. Conf. Softw. Maintenance, September 2010.1444 J. 

Comput. Sci. & Technol., Nov. 2020, Vol.35, No.6  

11. Khomh F, Penta D M, Gu´eh´eneuc Y G. An exploratory study of the impact of code 

smells on software changeproneness. In Proc. the 16th Working Conference on 

Reverse Engineering, October 2009, pp.75-84.  

12. Deligiannis I, Stamelos I, Angelis L, Roumeliotis M, Shepperd M. A controlled 

experiment investigation of an objectoriented design heuristic for maintainability. J. 

Syst. Softw., 2004, 72(2): 129-143.  

13. P´erez-Castillo R, Piattini M. Analyzing the harmful effect of god class refactoring on 

power consumption. IEEE Softw., 2014, 31(3): 48-54.  

14. Li W, Shatnawi R. An empirical study of the bad smells and class error probability in 

the post-release object-oriented system evolution. J. Syst. Softw., 2007, 80(7): 

1120-1128.  

15. Ciupke O. Automatic detection of design problems in object-oriented reengineering. 

In Proc. the 30th International Conference on Technology of Object-Oriented 

Languages and Systems, Delivering Quality Software, August 1999, pp.18-32.  

16. Travassos G, Shull F, Fredericks M, Basili V R. Detecting defects in object-oriented 

designs: Using reading techniques to increase software quality. ACM SIGPLAN 

Notices, 1999, 34(10): 47-56.  

17. Dashofy E M, van der Hoek A, Taylor R N. A comprehensive approach for the 

development of modular software architecture description languages. ACM Trans. 

Softw. Eng. Methodol., 2005, 14(2): 199-245.  

18. Vidal S, V´azquez H, D´ıaz-Pace J A, Marcos C, Garcia A, Oizumi W. JSpIRIT: A 

flflexible tool for the analysis of code smells. In Proc. the 34th Int. Conf. Chil. 

Comput. Sci. Soc., November 2016.  

19. Marinescu R. Measurement and quality in object-oriented design. In Proc. the 21st 

IEEE Int. Conf. Softw. Maintenance, September 2005, pp.701-704.  

20. Moha N, Gu´eh´eneuc Y, Duchien L, le Meur A. DECOR: A method for the 

specification and detection of code and design smells. IEEE Trans. Softw. Eng., 

2010, 36(1): 20-36. 



38 

 

APPENDICES 
 

A. SOURCE CODE: 

import SmellIdentifier 

import tkinter.filedialog as filedialog 

import tkinter as tk 

import numpy as np 

import matplotlib 

matplotlib.use("TkAgg") 

from matplotlib import pyplot as plt 

 

class SmellType: 

    name = str() 

    fix = str() 

    cause = str() 

 

    def __init__(self, name, fix, cause): 

        self.name = name 

self.fix = fix 

self.cause = cause 

 

smell_types = [SmellType("Large Method", "Break method into multiple methods\n", 

"Method is 50% larger\nthan the average method length"), 

SmellType("Long Parameter List", "Break method into multiple methods\n", "Method 

contains 5 or more parameters\n"), 

SmellType("Duplicate Code", "Turn duplicate code into a function\n and call it in multiple 

places", "Code segments contain the same text\nfor 5 or more lines"), 

SmellType("Large Class", "Break class into sub/super class\n", "Class contains 25% more 

methods/variables\nthan the average count"), 

SmellType("Lack of Comments", "Add Comments before Class or Method\n", "Identify 

Classes or Methods\nthat do not have comments")] 

 

labels = list() 

boxes = list() 
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cur_file_name = str() 

smell_counts = list() 

 

def find_smell(name): 

    for i in range(len(smell_types)): 

        if (name == smell_types[i].name): 

            return i 

    return -1 

 

def open_file(): 

    global cur_file_name 

    global smell_counts 

    # try to open file 

    try: 

cur_file_name = filedialog.askopenfilename(filetypes =(("C++ File", "*.cpp"),("All 

Files","*.*")), 

                           title = "Choose a file.") 

        smells = SmellIdentifier.get_smells(cur_file_name) 

smell_counts = [0] * len(smell_types) 

 

        # clearlistboxes 

        for box in boxes: 

box.delete(0, tk.END) 

box.config(bg="LIGHT GREY") 

        button2.config(bg="LIGHT GREEN") 

        # add each smell 

        for smell in smells: 

            index = find_smell(smell.smell_type) 

            if (index >= 0): 

smell_counts[index] += 1 

                boxes[index].insert(tk.END, f"line #{smell.line_num}") 

                boxes[index].insert(tk.END, "    " + smell.description) 

            else: 

print("Invalid Smell", smell.smell_type, smell.description) 
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    except Exception as e: 

        button2.config(bg="GREY") 

cur_file_name = str() 

        print(str(e)) 

 

def display_file(): 

    if (cur_file_name != ""): 

        highest = max(smell_counts) 

 

ind = np.arange(5)    # the x locations for the groups 

        width = 0.35       # the width of the bars: can also be len(x) sequence 

 

plt.bar(ind, smell_counts, width, yerr=0) 

 

plt.ylabel('Number of Smells') 

plt.title('Visualization of Code Smells') 

plt.xticks(ind, ('Large \nMethod', 'Long \nParameter List', 'Duplicate \nCode', 

            'Large \nClass', 'No \nComments')) 

        if highest > 11: 

plt.yticks(np.arange(0, highest + 2, 10)) 

        else: 

plt.yticks(np.arange(0, 10, 1)) 

 

plt.show() 

 

if (__name__ == "__main__"): 

 

    window = tk.Tk() 

window.config(width=1300, height=500) 

window.title("C++ Code Smells") 

    #window.state("zoomed") 

 

    canvas = tk.Canvas(window) 

canvas.place(relx=0.5, rely=0.0, anchor=tk.N) 
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    button = tk.Button(canvas, text="Choose File") 

button.config(width=20, height=2, command=open_file, bg="GREEN") 

button.grid(row=0, column=0, columnspan=5) 

 

    for i, smell_type in enumerate(smell_types): 

        header = f"{smell_type.name}\n\n{smell_type.cause}\n\nSolution:\n{smell_type.fix}" 

labels.append(tk.Label(canvas, text=header)) 

        labels[i].grid(row=1, column=i) 

boxes.append(tk.Listbox(canvas, width=40, height=10, bg="GREY")) 

        boxes[i].grid(row=2, column=i) 

 

    button2 = tk.Button(canvas, text="Show Graph") 

    button2.config(width=20, height=2, command=display_file, bg="GREY") 

    button2.grid(row=3, column=0, columnspan=5) 

 

window.mainloop() 
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B. SCREENSHOTS: 

 

Fig 1 Input Window  

  

Fig 2 Selecting the cpp file 

 

Fig 3 Sample Code Window 
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Fig 4 Code Smell Graph 

 

 

 

Fig 5 Output Window 
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C.PLAGIARISM REPORT :
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ABSTRACT: The smell of the code demonstrates a 

terrible decision that could impede framework 

support. Their insight is vital for the improvement of 

programming quality, yet research shows that it 

should be steady with the designer's arrangement. 

Accordingly, the understanding procedure should be 

predictable with the expectation to push their 

technique ahead. AI (ML) calculations are a 

promising method for picking the right aroma, yet 

there is an absence of genuine examination on the 

advancement of scents. This paper examines the 

utilization of ML calculations to comprehend code 

smells and their singular viewpoints. The outcomes 

show that ML-calculations, which were remembered 

for our review, arrived at a lower level of 

improvement, demonstrating that they are more 

delicate to smells and sorts of advancement. These 

calculations can't be contemplated with restricted 

preparing, and are significant difficulties to manage 

various hypotheses connected with smell. 

Key Words: Detecting code smell, Machine learning, 

Decision Tree, Random Forest, Naive Bayes 

INTRODUCTION: 

Today, framework intricacy is expanding and 

programming organizations need to keep on refreshing 

their code. These consistent changes are typically quick 

and lead to the improvement of best practices for 

beginning the right item conveyance program and 

standards, however they have not developed as quick. 

This technique regularly prompts specialized issues that 

may antagonistically influence support and substitution. 

To conquer these difficulties, machine scent recognition 

machine-learning (ML) is utilized. Generally, a control 

technique is utilized, i.e. a rundown of free factors 

(called a prophet) is utilized to decide the worth of the 

subsequent factors (for instance, the smell or scent of a 

code thing) utilizing a machine instructional course. for 

instance, reiteration). 

Arcelli Fontana et al. also FIG. As per the creators, in 

excess of 95% of the individuals who decided in favor 

of F-Measure precision performed better compared to 

J48 and RANDOM FOREST. The creators react from 

these reactions that "utilizing AI calculations is the 

correct method for recognizing code smells" and "we 

figure it doesn't make any difference what AI 

calculation decides to comprehend code scents, as 

execution has significantly improved." "In our review, 

we discovered a few significant obstacles in crafted by 

Arcelli Fontana and others. This can overallly affect 

their results. Specifically, elite execution might be 

connected with the manner in which an information 

base is worked: for an assortment of smells. contains an 

illustration of a scent or scent, and a lopsidedness of 

smell. 

LITERATURE REVIEW: 

Detecting Code Smells using Machine Learning 

Techniques 

Code smell is an indication of helpless exploration, and 

the decision to carry out it is undeniably challenging 

because of the nature of the code gave. Lately, many 

aromas have showed up. Notwithstanding, the writing 

shows that the consequences of these apparatuses might 

be pertinent and applicable to the mental cycle. Ongoing 

utilization of Machine-Learning (ML) to comprehend 

code scents has made it conceivable to take care of 

material issues that empower understudies to recognize 

objects from smells. While this movement opened up 

new roads for recognizing code smells, it additionally 

analyzed the area of tests of comparable scents from 

each set of data used to prepare and test machine 

students. In this paper, we inspect an assortment of 

media sets, including examination and more than one 

kind of model. The outcomes show that these 

specialized machines, alongside preparing apparatuses, 

present significant difficulties and exploration in human 

expression. Principles - Code of Ethics; Machine 

preparing; Practice instructing; Learn to copy 

Code Smell Detection using Multi label 

Classification Approach 

Code smell is a component of programming that shows 

code or plan issues that are hard to comprehend, create, 

or alter. Due to the scent that is characterized in a 

strange manner or material, the code-acknowledgment 

devices gave in the books lead to various responses. To 

take care of this issue, a framework has been created to 

concentrate on machines that can learn and separate the 

nature of the scent (courses or strategies). 

Notwithstanding, existing AI innovation can distinguish 

smells that don't match this present reality as far as code. 

In this article, we have utilized various grouping 

strategies to decide whether a given item code has 

experienced different fragrances. In this work, we audit 

the two-layered code of the set-up data and make an 

mailto:sunilkumarabburi2000@gmail.com
mailto:rrbanti143@gmail.com
mailto:ankayarkanni.s@gmail.com
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interpretation of it into various images. In our 

examination, we played out a two-name strategy for 

changing over the information, which showed 10-

overlap cross-area execution. 

Predicting Code Smells and Analysis of Predictions: 

Using Machine Learning Techniques and Software 

Metrics 

Knowing the smell of code is significant for further 

developing programming quality, further developing 

programming execution, and limiting the danger of 

framework blunders and malware. In this article, we 

propose how to code an aroma code in view of AI and 

programming testing. The Agnostic Interpretation 

(LIME) calculation was utilized to all the more likely 

clarify the forecasts and translations of AI. News 

program from Fontana. refreshed and utilized in twofold 

and multi-media names. Multiple times the cross-part of 

the outcomes shows that the presentation of the 

calculation-based trees (particularly Memory) is higher 

than the calculation based one. The person 

determination strategy depends on the hereditary 

calculation that advances the uprightness of the AI 

calculation by choosing the qualities associated with 

every informational index. Moreover, best practices in 

view of online inquiry calculations extraordinarily 

increment trustworthiness. At last, AI procedures that 

can anticipate the smell of code, can assist with 

deciding the smell and work on the nature of the 

product. 

EXISTING SYSTEM: 

The point of the functional exploration introduced in 

this paper was to inspect the speculations of the 

consequences of our work on the quantity of cases that 

are reviving and not fragrant to comprehend the genuine 

capability of the current theory. to know the aroma. 

Suppositions for specialists and professionals: Early 

adopters are keen on understanding the difficulties of 

present day strategies for best practice; The last option 

are keen on surveying the genuine utilization of scent 

expectation by and by. 

DISADVANTAGES: 

The advancement group regards the code for 

recognizing fragrances like this 

There is an absence of comprehension between the 

various identifiers here 

It's difficult to come by the right degree of utilization to 

know 

PROPOSED MODEL: 

 Stage 1: Fragrance Code 

 Stage 2: Evaluation of AI techniques 

 Navie bayes 

 Ordinary memory 

 Tree endorsement 

 Stage 3: Sample Separation Test 

ADVANTAGES:Examine the exhibition of the 

packifier in every one of the reenactments remembered 

for the set figures, the modest quantity of preparing 

needed to decide the smell of the code, and dissect the 

quantity of scents of the code known to various 

individuals in all areas. 

BLOCK DIAGRAM: 

 

FLOW CHART: 

 
 

MODULES: 

 Original Datasets 

 Build-In code smell Datasets 

 Pre-Processing 

 Feature Selection Methods 

 Parameter Optimization 

 Machine Learning Algorithms 

 Predictions 

 Evaluate Results 
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ORIGINAL DATASET: 

Information assortment can assist you with tracking 

down ways of following previous occasions utilizing 

information examination. To do this, you use web 

indexes to make prescient formats and change what's to 

come. Since the prescient model is just pretty much as 

great as the data got, the most effective way to gather 

information is to further develop execution. The data 

ought to be faultless (rubbish, open air squander) and 

ought to incorporate data about the work you are doing. 

For instance, a non-performing advance doesn't profit 

from the sum got, however the cost of fuel can be 

recovered over the long haul. In this module, we gather 

data from the chronicles of the kaggle information base. 

These figures contain data on yearly contrasts. 

DATA PRE-PROCESSING: 

Information cleaning is a significant stage in all AI 

exercises. In this module, the cleaning of data is done in 

anticipation of the investigation of cancellation and 

modification of data that might be mistaken, fragmented, 

impersonation or wrong. There are numerous factual 

examination and data recovery strategies that can be 

utilized to track down data in an accounting page 

definition to discover what information handling 

exercises you can perform. 

FEATURE SELECTION METHODS: 

This is done to lessen the quantity of capacities in the 

informational index, which will accelerate preparing 

and increment effectiveness. In AI, picture 

acknowledgment, and picture handling, mining starts at 

the cutting edge of estimated, useful data (ascribes) 

pointed toward guaranteeing, adjusting, following, and 

normalizing data, and sometimes prompting more 

noteworthy lucidity. Barring estimating capacities If the 

calculation input is suspected to be natural or 

unnecessary (like estimating a foot and a meter, or 

rehashing a pixel picture), it very well may be changed 

over to the accompanying arrangement. vector-sized 

article. Characterize the initial segment, called highlight 

choice. The chose things ought to contain data about the 

data got so they can fill the ideal role 

utilizing this portrayal rather than complete data. 

PARAMETER OPTIMIZATION: 

In this module, we screen the presentation of AI 

strategies utilizing execution assessment rules, for 

example, F1 scores, respectability, and rating issues. At 

the point when the model works ineffectively, we adjust 

the machine preparing to further developexecution. 

Execution examinations are characterized as guidelines 

and compelling proportions of representative execution, 

contingent upon the worker's liabilities. It is utilized to 

quantify representative worth included request to 

expand business income contrasted with industry 

principles and gross profit from venture (ROI). All 

associations that have taken in the "shared benefit" 

approach center around their representatives and depend 

on normal execution examinations and execution 

evaluation programs. In a perfect world, representatives 

who are assessed everyyear on the commemoration of 

their work will be compensated with an advancement or 

a positive compensation cut. 

PREDICTION 

Prediction alludes to the outcomes in the wake of 

preparing the calculation on the historical backdrop of 

the set-up history and its execution whenever you plan 

for the chance to accomplish a specific outcome, for 

example, deciding whether the client will fall inside 30 

days. "Speculation" can be deluding. Some of the time, 

this implies foreseeing the future, like utilizing a 

machine to decide the best game-plan for promoting. In 

different cases, "prescience" is connected, for instance, 

to whether the activity was submitted by 

misrepresentation. For this situation, the move has as of 

now been made, yet it will assist you with giving input 

on whether it is satisfactory and make a proper move.  

DATASET BUILDING: 

The creators utilized a rundown of instruments that 

work on each code to decide the progressions related 

with the code of prophetic smell. Nonetheless, the 

sensor code sensor ordinarily can't be reestablished 100 

percent, and that implies that the programmed 

recognition process doesn't show the right fragrance 

(e.g., great bogus alerts) despite the fact that numerous 

sensors are coordinated. Unprecedented model and 

class/arrangement of assessment framework used to 

defeat bogus up-sides and increment trust during the 

time spent change. To do this, we first join the classes 

of God with the more significant levels of data. The 

smell of the code, besides, is connected with the degree 

of envy and life span in the imaginative manner. We 

quickly replicated the informational index up to have 

two classifications of classes that reflect (I) the 

progressions brought about by God Class or Data Class, 

and (ii) the two manners by which the informational 

collection is consolidated. It is unique in the event that 

the change is a Good Character or a Long Way. 

MACHINE-LEARNING-TECHNIQUES   

EXPERIMENTED 

J48, JRIP, RANDOM FOREST, NAIVE BAYES, SMO, 

LIBSVM. For J48, three cutting strategies found in 

WEKA were utilized, with two-shading SMOs (e.g., 

POLYNOMIAL and RBF), and for LIBSVM, eight 

distinct areas were utilized utilizing C-SVC and V-SVC. 

Furthermore, the eight ML strategies are additionally 

joined with the ADABOOSTM1 overhaul procedure, 
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that is, the multi-use technique that is worked before the 

preparation the board and is more viable with the 

arranging issue, bringing about 32 unique ones. . A 

significant stage in building a well-working machine is 

to decide the ideal design of the boundary classifier of 

the Grid-search calculation that can set aside 

opportunity to track down the best arrangement. 

VALIDATION METHODOLOGY: 

Some files are put away as test packs and others are 

utilized for ML demonstrating. The test was then 

rehashed multiple times involving various occasions for 

each stage. Therefore, the exhibition of the model was 

evaluated utilizing ten correlations, F-Scale, and AUC-

ROC.  

Types of Code Smells: 

Despite the fact that there are in excess of 100 

encouraging codes. The following is a rundown of 

normal and broadly utilized things. It is for the most 

part partitioned into two fundamental classifications. In 

the School-Level 

ALGORITHM USED: 

RANDOM FOREST: 

The woods is a notable learning machine for learning 

calculations. It tends to be utilized for Category and 

Regression issues in ML. It depends on the possibility 

of training the outfit, a cycle that joins numerous stages 

to tackle complex issues and further develop execution. 

As the name 

recommends, "Memory is a classifier that contains 

numerous choice trees in various lines of data, and a 

classifier that thinks about to more readily anticipate the 

data." Instead of depending on a solitary tree choice, 

determined memory settles on choices for each tree and 

discusses the eventual outcomes in view of the wealth 

of thoughts. 

 

DECISION TREE 

The choice tree is an outline showing the potential 

outcomes as per a given time. For each progression or 

hub of the tree endorsement utilized in the classes, we 

attempt to make the properties recognizable so we erase 

the images or classifications that are remembered for 

the set numbers. Endorsement trees (DTs) are an 

unlawful type of discovering that is utilized in classes 

and in reverse. Theobjective is to make a model that 

predicts the worth of an adaptable expectation to absorb 

information to settle on informed choices.  

 

NAIVE BAYES: 

The Naive Bayes classifier is a famous AI calculation in 

light of Base's hypothesis. It is a basic yet strong 

calculation that functions admirably with huge 

informational indexes and little lattices, similar to 

antecedents to handle great many reports in view of the 

quantity of words in a word reference. It functions 

admirably with project data, for example, insight 

examination, functions admirably with record 

positioning tasks, and is great for foreseeing different 

data, for example, spam messages. 

 
RESULTS: 

 

 

                               Fig 1 Input Window 
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                   Fig 2 Selecting the cpp file 

 

 
                         Fig 3 Sample Code Window 

 

 

                Fig 4 Code Smell Graph 

 

 

                    Fig 5 Output Window 

 

 

 

 

CONCLUSIONS: 

We check out various smell codes on research materials 

that show terrible scents utilizing various apparatuses 

and procedures. In the code, the smell of the idea is 

utilized in different AI techniques. An ordinary model is 

utilized to connect an informational index and erase a 

comparative model. 

Multi-mark order is one of the most broadly utilized 

strategies for AI to find a code of comfort on the 

grounds that the code is for anything. Multilabel records 

are utilized to look for two kinds of aromas. 

A current review was directed to recognize just one sort 

of smell in the source code. Multilabel posting is the 

choice of an informational collection that has a 

disagreeable smell, adversely affects the source market, 

and typically maintains a strategic distance from an 

assortment of data. 

Chains address chains that give the best outcomes 

contrasted with long queues that don't further develop 

execution or exactness. 
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