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    ABSTRACT 

 

Several issues arise in machine learning and data mining, that are addressed by the right 

type of feature engineering, using the correct algorithm and correct hyper-parameter tuning. We 

address these 3 important problems that every data analyst faces while trying to create an ideal 

model. 

This paper aims to show the correct flow of approaching a machine learning problem by 

demonstrating feature engineering, feature selection. This paper shows using simple algorithms 

like Decision Tree, Naïve Bayes, KNN, SVM and then gradually moving to more complex 

algorithms like XGBOOST, Random Forest, Stacking of models. 

We have used the UCI Adult Data Set in this paper. In this data set we need to classify if a 

person’s income falls in the income category of either greater than 50K or less than 50K 

category. Hence we will run various models in order to find the model which has the highest 

accuracy with no overfitting, and thus eventually break existing papers benchmark accuracy. 

To sum up, we present several mathematical programming based classifier algorithms 

that will break the accuracy benchmark of several existing papers while addressing various 

important issues such as handling NA values, hyper parameter tuning and stacking of models. 
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INTRODUCTION 

 

In the past few years with the advent of dramatic growth of data, improvement in 

technologies related to storage and processing of data and advances related to increase dependence 

of information in our society, the field of machine learning has been developed as a means of 

extracting not only information and knowledge but also to discover patterns, concepts and to be 

able to predict future values which is not easy to obtain. 

Machine learning provides the technical basis of data mining by extracting information 

from the raw data in the databases. The process usually consists of the following: transforming the 

data to a suitable format, cleaning it, and inferring or making conclusions regarding the data. 

Two major sub-fields of machine learning are supervised learning and unsupervised 

learning. Within the category of supervised learning, the primary algorithms developed for 

classification are Decision trees, Naïve Bayes classifier, K-Nearest Neighbor algorithm, Logistic 

Regression, Support Vector Machine(SVM). In this paper our objective is to scale up accuracy of 

the predictions made by using recently developed mathematical algorithms like Extreme Gradient 

Boosting(XGBOOST), Random Forest, tuned SVM and various stacking methodologies. 

The difficulty related to scaling up accuracy is with the hyper parameter tuning which is 

extremely difficult. The next difficulty arises with the problem of overfitting, which could possibly 

be avoided by k-cross validation 
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Data Set Overview 

 

The data set used in this paper is the UCI ADULT DATA SET – 

 Lichman, M. (2013). UCI Machine Learning Repository [http://archive.ics.uci.edu/ml]. Irvine, CA: 

University of California, School of Information and Computer Science.  

Extraction of this data was done by Barry Becker from the 1994 Census database. The dataset 

consists of a lot of missing values, which need to be acknowledged before moving on.  

 The data set is a Multivariate data set which in totality has 15 variables in which income 

is dependent and others are independent. The total number of records are 32561. Out of which 

variables type_employer has 1836 records, occupation has 1843 records, and country has 583 

records. One important fact about the dataset is that it mostly samples the United States 

population so most of the county relationships are skewed due to the disproportionality. 

 Our objective using this data set at the highest summarized level is to be able to predict if 

a person falls in the income category below 50 thousand dollars or above 50 thousand dollars. 
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Attribute Information: 

Listing of attributes:  

 
 Attribute  Values  

Education Level  
 
 

High School (32%), Some college (22%), Bachelors (16%), Masters (5%), 
Vocational (4%), 11th (4%), Assoc Academic (3%), 10th (3%), 7-8th (2%), 
Professional School (2%), 9th (2%), 12th (2%), Doctorate (1%), 5-6th (1%), 
1-4th (1%), Preschool (1%)   

Relationship Husband (41%), Not-in-family (26%), Own child (16%), Unmarried (11%), 
Wife (4%), Other relative (2%)  

Race  
 

White (85%), Black (10%), Asian/Pacific Islander (3%), American 
Indian/Eskimo (1%), Other (1%)  
 

Marital Status Married-civ-spouse (46%), Never-married (33%), Divorced (14%), 
Separated (3%), Widowed (2%), Married-AF-spouse (1%), Married-spouse-
absent (1%) 

Gender Male (67%), Female (33%) 

Income <=$50K (76%), >$50K (24%) 

 

Attribute  Mean  Median  Std Dev  

Age  
  

38.58  
  

37  
  

13.64  
  

Hours worked per Week 40.44 40 12.35 

Education Number  
 

10.08  10  2.57  

Capital Gain  
 

1078  
 

0  
 

7385  
 

Capital Loss  
 

87.3  
 

0  
 

403  
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Exploratory Data Analysis 

 

Using Tableau we have prepared the following dashboard, for visual understanding of data.  
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1. As we can see from the above dashboard orange color indicates people with 

income above 50K and blue indicating people with income below 50K 

2. Males with income above 50K is 6662 and Females are 1179. Males with income 

below 50K are 15128 and Females are 9592  

 

<= 50K  Percentage  > 50K  Percentage  

Separated  93  Separated  7  

Widowed  91  Widowed  9  

Divorced  90  Divorced  10  

Married-spouse absent  90  Married-spouse absent  10  

Never married  95  Never married  5  

Married-AF-spouse  56  Married-AF-spouse  44  

Married-civ-spouse  55  Married-civ-spouse  45  

 

3. From the above table and graph ot is clearly visible that those who make more 

than 50K are more likely to be married than be single 
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4. From the above graph it is very clear people who have a doctorate or have gone to 

professional school or have a master’s degree are more likely to earn above 50K 

as compared to others. 
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Feature Selection and Feature Engineering 

 

The dataset only consists of 14 variables, hence it doesn’t make much sense to eliminate 

any, however – 

 

Education and education_num columns are one and the same. Education_num is a numeric 

representation of education column; Therefore, we will be eliminating education_num column 

and will work with 13 variables only. 

 Now we have 3 variables with missing values, in this paper we have predicted the 

missing values with help of other independent variables, excluding income from the predictions. 

We predicted the 1836 missing values of type_employer, 1843 missing values of occupation and 

583 missing values of country with the help of random forest. This leaves us with 13 

independent variables, one dependent variable having in totality 32,561 rows. Except predicting 

Missing values no feature engineering as such was done. 

FE CODE  

https://github.com/mmd52/UCI_NEW_IMPROVED/blob/master/SUPERDEUPERFREAKIN_FE.R 
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Another interesting observation that we can make is that the distribution of the dependent 

variable is 76:24 ratio ie people earning below constitute 76 % of my dataset, which means 

without any modeling if I predict on my dataset with income below 50K, 76% of the times I will 

be right, which is a clear bias. Hence I tried to oversample the people whose income was above 

50 K with the SMOTE function in R, however in the case of this dataset it did not yield good 

results and hence was not included in this paper. 

Smote Code -> 

library(DMwR) 

Train$income<-

as.factor(train$income) 

 summary(as.factor(train$income)) 

 cpy<-train 

 train<-cpy 

 train<-SMOTE(income~.,train,perc.over=100,k = 9) 

 train$income<-as.numeric(train$income) 
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In order to determine importance of variables we ran Boruta. 

Boruta is a feature selection algorithm. Precisely, it works as a wrapper algorithm around 

Random Forest. Upon running Boruta it gave the following output-> 

Boruta performed 11 iterations in 6.923225 mins. 

 13 attributes confirmed important: age, capital_gain, capital_loss, 

country, education and 8 more. 

 No attributes deemed unimportant. 

 

  

 Hence all the models were run with all the variables. 

Boruta Code-> 

https://github.com/mmd52/UCI_NEW_IMPROVED/blob/master/Boruta_Feature_Importance.R 
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Running classifier algorithms 

1. Decision Tree 

To build a Decision Tree we need to calculate two types of entropy  

a. Entropy using frequency table of one attribute 

 

b. Entropy using frequency table of two attributes 

 

Model Accuracy Precision Recall Kappa 

Decision Tree with 

100 Folds 

85.96 % 90.25 % 85.2 %  0.54 

Decision Tree 

without folds 

86.07 % 93.97 % 88.5 % 0.59 

 

 Decision Tree Code -> 

https://github.com/mmd52/UCI_NEW_IMPROVED/blob/master/Decision_Tree.R 

2. Naïve Bayes 

The Naive Bayesian classifier is based on Bayes’ theorem with independence 

assumptions between predictors. Bayes theorem provides a way of calculating the 

posterior probability, P(c|x), from P(c), P(x), and P(x|c). Naive Bayes classifier assume 

that the effect of the value of a predictor (x) on a given class (c) is independent of the 

values of other predictors. This assumption is called class conditional independence. 



15 

 

 

Model Accuracy 

Naïve Bayes 82.00 % 

Naïve Bayes Code -> https://github.com/mmd52/UCI_NEW_IMPROVED/blob/master/Naive_Bayes.R 

 

3. Logistic Regression 

Using the generalized linear model, an estimated logistic regression equation can be 

formulated as below. The coefficients a and bk (k = 1, 2, ..., p) are determined according to a 

maximum likelihood approach, and it allows us to estimate the probability of the dependent 

variable y taking on the value 1 for given values of xk (k = 1, 2, ..., p). 

 

Model Accuracy Precision Recall Kappa AUC 

Logistic Regression 85.16 % 92.95 % 88.22 % 0.56 0.765 

 

Logistic Regression Code -> 

https://github.com/mmd52/UCI_NEW_IMPROVED/blob/master/Logistic_Final_85.R 

https://github.com/mmd52/UCI_NEW_IMPROVED/blob/master/Naive_Bayes.R
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4. KNN 

KNN stands for K-Nearest Neighbor algorithm it makes use of Euclidean distance to 

calculate distance of points from existing data points.  

Since KNN requires all numeric fields except the dependent variable we had to convert 

the independent variables into numeric wherever required 

 

Model Accuracy Precision Recall Kappa AUC 

KNN 79.18 % 95.81 % 80.57 % 0.27 0.607 

 

Knn Code -> https://github.com/mmd52/UCI_NEW_IMPROVED/blob/master/KNN.R 

 

5. SVM 

More formally, a support vector machine constructs a hyperplane or set of hyperplanes in 

a high- or infinite-dimensional space, which can be used for classification. Intuitively, a good 

separation is achieved by the hyperplane that has the largest distance to the nearest training-

data point of any class, since in general the larger the margin the lower the generalization 

error of the classifier. 

Model Accuracy Precision Recall Kappa AUC 

SVM 85.52 % 93.87 % 87.97 % 0.56 0.763 

 

SVM Code-> https://github.com/mmd52/UCI_NEW_IMPROVED/blob/master/SVM.R 

 

 

 

 

https://github.com/mmd52/UCI_NEW_IMPROVED/blob/master/KNN.R
https://en.wikipedia.org/wiki/Hyperplane
https://en.wikipedia.org/wiki/High-dimensional_space
https://en.wikipedia.org/wiki/Generalization_error
https://en.wikipedia.org/wiki/Generalization_error
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Scaling Up Accuracy 

1. Random Forest 

Random forests or random decision forests are an ensemble learning method 

for classification, that operate by constructing a multitude of decision trees at training 

time and outputting the class that is the mode of the classes (classification) of the 

individual trees. 

Model Accuracy Precision Recall Kappa AUC 

Random Forest  83.06 % - - - - 

Random Forest without 

Country (10 Folds) 

86.92 % 94.26 % 90.20 % 0.614 0.787 

Random Forest without 

Country (100 Folds) 

86.89 % 94.19 % 90.02 % 0.61 0.788 

 

Features Important according to random Forest 10 Folds 

 

 

 

 

https://en.wikipedia.org/wiki/Ensemble_learning
https://en.wikipedia.org/wiki/Statistical_classification
https://en.wikipedia.org/wiki/Decision_tree_learning
https://en.wikipedia.org/wiki/Mode_(statistics)
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Features Important according to random Forest 100 Folds 

 

 

Random Forest Code-> 

https://github.com/mmd52/UCI_NEW_IMPROVED/blob/master/Random_Forest_87.R 

 

2. Extreme Gradient Boosting (XGBOOST) 

In gradient boosting, it trains many model sequentially. Each new model gradually minimizes 

the loss function (y = ax + b + e, e needs special attention as it is an error term) of the whole 

system using Gradient Descent method. The learning procedure consecutively fit new models 

to provide a more accurate estimate of the response variable. 

Model Accuracy Precision Recall Kappa AUC 

XGBOOST (10 Folds)  87.12 % 93.87 % 87.93 % 0.6248 0.9252 

XGBOOST (100 Folds) 87.13 % 94.08 % 90.02 % 0.6233 0.9241 

XGBOOST (10 Folds) Hyper 

parameter tuning 

87.53 % 94.62 % 89.62 % 0.6326 0.9275 

 

 

https://en.wikipedia.org/wiki/Gradient_descent
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Feature Importance according to XGBOOST 

 

XGBOOST Code-> 

https://github.com/mmd52/UCI_NEW_IMPROVED/blob/master/XGBOOST_ADDICT_PART2.R 

3. Stacking 

Stacking is a concept used to boost accuracy of models by helping one model to learn what 

another model has already learnt. Essentially once we have two well developed models with 

good accuracy we can place one model over the another, such that output of one models 

learning becomes input of another models learning. This technique doesn’t always work but 

it’s worth the try. 

Model Accuracy Precision Recall Kappa AUC 

Logistic Stack On 

XGBOOST 

87.32 % 94.39 % 89.55 % 0.627 0.795 

SVM Stack On Logistic 85.16 % 92.95 % 88.22 % 0.563 0.892 

 

Stacking Code-> 

https://github.com/mmd52/UCI_NEW_IMPROVED/blob/master/LOGISTICC_ONXGBOOST.R 

https://github.com/mmd52/UCI_NEW_IMPROVED/blob/master/SVM_On_Logistic.R 

https://github.com/mmd52/UCI_NEW_IMPROVED/blob/master/SVM_On_Logistic.R
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Conclusion 

In this paper we have presented several models and how to implement them on a 

classifier dataset, addressing several issues like feature engineering, data imbalance followed 

by model building and hyper-parameter tuning to ultimately boosting accuracy of models. 

 We could clearly see data is imbalanced but our prediction capabilities got diminished 

when we tried to oversample the minority, hence continued normally. 

 Ultimately the best performers were random forest and xgboost. Random Forest 

performed best when variable country wasn’t included. This is because the variable country 

is biased. XGBOOST on the other hand performed amazingly especially upon hyper-

parameter tuning. 

 Stacking in this case didn’t scale accuracy much, but was useful to see that it increased 

our AUC. 

Model Accuracy Precision Recall Kappa AUC 

Decision Tree with 100 Folds 85.96 % 90.25 % 85.2 %  0.54 - 

Decision Tree without folds 86.07 % 93.97 % 88.5 % 0.59 - 

Naïve Bayes 82.00 % - - - - 

Logistic Regression 85.16 % 92.95 % 88.22 % 0.56 0.765 

KNN 79.18 % 95.81 % 80.57 % 0.27 0.607 

SVM 85.52 % 93.87 % 87.97 % 0.56 0.763 

Random Forest  83.06 % - - - - 

Random Forest without 

Country (10 Folds) 

86.92 % 94.26 % 90.20 % 0.614 0.787 

Random Forest without 

Country (100 Folds) 

86.89 % 94.19 % 90.02 % 0.61 0.788 

XGBOOST (10 Folds)  87.12 % 93.87 % 87.93 % 0.6248 0.9252 

XGBOOST (100 Folds) 87.13 % 94.08 % 90.02 % 0.6233 0.9241 

XGBOOST (10 Folds) Hyper 

parameter tuning 

87.53 % 94.62 % 89.62 % 0.6326 0.9275 

Logistic Stack On XGBOOST 87.32 % 94.39 % 89.55 % 0.627 0.795 

SVM Stack On Logistic 85.16 % 92.95 % 88.22 % 0.563 0.892 
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Recall 85.20% 88.50% - 88.22% 80.57% 87.97% - Precision 90.25% 93.97% - 92.95% 95.81% 93.87% -
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