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Abstract— This paper provides the depth exploration of one of the best classification algorithm in data mining. The result.csv
dataset used to implement this algorithm is a sample result dataset of a college. This paper tells about the clear vision Random forest
algorithm with what it is, where we have to use this algorithm and its benefits then algorithm implementation with clear screen shot
with explanations. This paper mainly focus on the development, applications and the significance of Random forest algorithm.
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. INTRODUCTION

Random Forest (RF) is widely used to be a powerful new approach to data exploration, data analysis and predictive modeling.
Random Forest are proposed by Breiman (2001) father of CART at University of California, Berkley. The results of random forests constructed
from results from individual decision trees out of set of decision trees which are learned independently from a subset of training data. Random
Forest has its roots in CART, Learning ensembles, committees of experts and combining models. Random forest offer Data Visualization for
High dimensional data (many columns), clustering, outlier and error detection.

A Random Forest is a collection of CART-like trees for growing, combination, testing and Post-processing. one is an
ensemble of trees where each tree is growing while training on a sample obtained from the raining set via bagging without
replacement. This is a known technique from ensemble learning methodology where generalization error is decreased due to
combining decisions (or so-called votes) of multiple learners which are usually weak and unstable individually. The second
approach is random split selection for a decision tree. This split is chosen randomly from a subset of best splits. Thus, these two
ideas led finally to the basis for For algorithm. It generally applies two mechanisms: building an ensemble of trees via bagging
with replacement (bootstrap) and a random selection of features at each tree node. The first one means that any example selected
from the training set can be selected again. Each tree is grown using the obtained bootstrap sample. The second mechanism
performs random selecting a small fraction of features and further splitting using the best feature from this set. The size of a
fraction (i.e. the number of features to select) is fixed within the algorithm execution. This article is organized in 5 sections. Basic
RF algorithm and its common properties are described in Background section. In addition, this section contains formal techniques
used during investigation and outlines its scope revealing the goals. All experimental work is captured in Experiments section
where statistical tests are described and main results are presented in graphs. The fourth section analyses experimental results and
the fifth section makes conclusions.

Il. BACKGROUND

A. RANDOM FOREST CLASSIFIER

e Variable Importance

Random forests can be used to rank the importance of variables in a regression or classification problem in a natural way.
The following technique was described in Breiman's original paper [1] and is implemented in the R package random Forest. The
first step in measuring the variable importance in a data set is to fit a random forest to the data. During the fitting process the out-
of-bag error for each data point is recorded and averaged over the forest (errors on an independent test set can be substituted if
bagging is not used during training).To measure the importance of the -th feature after training, the values of the -th feature are
permuted among the training data and the out-of-bag error is again computed on this perturbed data set. The importance score for
the -th feature is computed by averaging the difference in out-of-bag error before and after the permutation over all trees. The
score is normalized by the standard deviation of these differences. Features which produce large values for this score are ranked
as more important than features which produce small values.
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e Proximity

These are one of the most useful tools in random forests. The proximities originally formed aNxN matrix. After a tree is
grown, put all of the data, both training and oob, down the tree. If cases k and n are in the same terminal node increase their
proximity by one. At the end, normalize the proximities by dividing by the number of trees. Users noted that with large data sets,
they could not fit an NxN matrix into fast memory. A modification reduced the required memory size to NXT where T is the
number of trees in the forest. To speed up the computation-intensive scaling and iterative missing value replacement, the user is
given the option of retaining only the nrnn largest proximities to each case. When a test set is present, the proximities of each case
in the test set with each case in the training set can also be computed. The amount of additional computing is moderate.

e OOB (Out of Bag Error)

In random forests, there is no need for cross-validation or a separate test set to get an unbiased estimate of the test set
error. It is estimated internally, during the run, as follows: Each tree is constructed using a different bootstrap sample from the
original data. About one-third of the cases are left out of the bootstrap sample and not used in the construction of the kth tree. Put
each case left out in the construction of the kth tree down the kth tree to get a classification. In this way, a test set classification is
obtained for each case in about one-third of the trees. At the end of the run, take j to be the class that got most of the votes every
time case n was oob. The proportion of times that j is not equal to the true class of n averaged over all cases is the oob error
estimate. This has proven to be unbiased in many tests.

e Features of Random Forests

» Itis unexcelled in accuracy among current algorithms.

» lItruns efficiently on large data bases.

» It can handle thousands of input variables without variable deletion.

» It gives estimates of what variables are important in the classification.

» It generates an internal unbiased estimate of the generalization error as the forest building progresses.

» It has an effective method for estimating missing data and maintains accuracy when a large proportion of the data are
missing.

» It has methods for balancing error in class population unbalanced data sets.

»  Generated forests can be saved for future use on other data.

»  Prototypes are computed that give information about the relation between the variables and the classification.

> It computes proximities between pairs of cases that can be used in clustering, locating outliers or (by scaling) give
interesting views of the data.

» The capabilities of the above can be extended to unlabeled data, leading to unsupervised clustering, data views and outlier
detection.

» It offers an experimental method for detecting variable interactions.

Despite the success of previous approaches in improvement of classification accuracy, each one has its own drawbacks. The
technique of combining multiple learners in an ensemble shows the best performance (i.e. the smallest generalization error) when
the basic learners are least correlated. In other words, generalization error rises as the correlation between learners in the ensemble
increases. Therefore, the ensemble should be gathered from weak unstable learners since strong learners are likely to be more
correlated and tend to over fit which may outweigh improvement of individual classification strength.

RF algorithm solves described challenge by minimizing correlation while maintaining strength. It is achieved by injecting the
randomness into the training process. Particularly, random selection of features results in diverse learners which are still
individually strong due to splitting using the best feature from the random fraction. Another property increasing diversity is that
trees are not pruned during growing. Instead, growing is stopped when a leaf size limit is reached.

In fact, RF algorithm has only two main parameters affecting its performance considerably. The number of trees m in an
ensemble to grow and the number of features k to select randomly at each split. Moreover, it is naturally suitable for multiclass
classification challenges because it consists of tree classifiers. Unlike many classifiers cause growing number of parameters to
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tune while combining them as multiple learners in an ensemble in order to deal with multiclass classification, RF algorithm
retains only two mentioned parameters mainly to consider. The RF algorithm is presented below.

Algorithm 1 Random Forest

Input: dataset T = (X, y), number of trees m, number of

random features k

Output: RF, a set of grown trees

Initialize RF

fori=1tomdo

T’ < bootstrap(T)

Tree < trainDT(T’, k)

add Tree to RF

end for

Algorithm 1 shows the technique of building an ensemble of decision trees using bagging. The function #ainDT(T’,k) performs
training of a decision tree on a bootstrap sample T selecting k features randomly at each split. The process of training a decision
tree needs clarification and described in Algorithm 2.

Algorithm 2 Decision Tree

Input: a sample T = (X, y), number of random features k, a leaf size limit Isize
Output: Tree, a trained decision tree Initialize Tree, fnum as a total number of features, tnum as a predefined number of
thresholds

function trainDT(T, k)

if sizeof(T) <= Isize then

label « indexof{ max in histogram(T) )

else

fraction < random(k from fnum)

thresholds «— random(tnum)

(f, t) < max of split function in fraction and

thresholds

(leftT, rightT) « split(T, f, t)

add left child « trainDT(leftT, k)

add right child < trainDT(rightT, k)

end if

end function

I1l.  IMPLEMENTATION
This algorithm is implemented through weka with the following screen shot and its output. Weka was developed at the
University of Waikato in New Zealand; the name stands for Waikato Environment for Knowledge Analysis. It provides a uniform

interface to many different learning algorithms, along with methods for pre- and post processing and for evaluating the result of
learning schemes on any given dataset.

A. Dataset Result.csv

Markid Regno code Int Marks Ext Marks Total Result
M1 10UCCA006 UCCM601 24 51 75 PASS
M2 10UCCA006 UCCM®602 25 39 64 PASS
M3 10UCCA006 UCCM603 25 43 68 PASS
M4 10UCCA006 UCCM604 25 53 78 PASS
M5 10UCCA006 UCCM606 21 49 70 PASS
M6 10UCCA006 UCCM607 - 88 88 PASS
M7 10UCCA006 UCCO0601 24 46 70 PASS
M8 10UCCA006 UCCR605 60 39 99 PASS
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M9 10UCCAQ06 USKS601 84 - 84 PASS
M10 10UCCA021 UCCM601 20 43 63 PASS
M11 10UCCA021 UCCM602 19 37 56 PASS
M12 10UCCA021 UCCM®603 19 34 53 PASS
M13 10UCCA021 UCCM604 20 36 56 PASS
M14 10UCCA021 UCCM®606 17 39 56 PASS
M15 10UCCA021 UCCMG607 - 76 76 PASS
M16 10UCCA021 UCCO601 18 37 55 PASS
M17 10UCCA021 UCCR605 60 38 98 PASS
M18 10UCCA021 USKS601 7 - 77 PASS
M19 12UMATO046 UMAM402 15 13 28 FAIL
M20 12UMATO058 UMAM402 15 14 29 FAIL
M21 12UMATO071 UPHA402 18 23 41  FAIL
M22 12UPHY014 UCHA401 19 8 27 FAIL
M23 12UPHYO015 UCHA401 19 6 25 FAIL
M24 12UPHY021 UCHA401 20 14 34 FAIL
M25 12UTAMO01 UBCE403 15 24 39 FAIL
M26 12UTAMO003 usks401 29 - 29 FAIL
M27 12UTAMO012 UBCE403 13 18 31 FAIL
M28 12UTAMO13 UBCE403 12 11 23  FAIL
M29 12UTAMO013 UTAMA401 22 17 39 FAIL
Total No of Instances taken: 200
Pass: 169
Fail: 31
Pass or Fail is determined by Int Marks and Ext Marks attributes.
B. Screen of Data Preprocessing in weka
&) Weka Explorer = | S [———
Preprocess | Classify | Cluster | Associate | Select attributes | visualize |
| Openfie.. [ Open URL... ] ’ Open DB... ] ’ Generate... Undo Edit... ] ’ Save... ]
Filter
Current relation Selected attribute
Relation: result Mame: Result Type: Nominal
Instances: 200 Attributes: 7 Missing: 0 (0%) Distinct: 2 Unique: 0 (0%G)
Attributes Mo. Label Count
All ] ’ None ] ’ Invert ] ’ Pattern 1|PA55 |169
2|FaLL [31
Mo, MName
1|7 Markid
2| |Regno
3| leode
4 |int Marks
: ff_:;Tarks :Class: Result (Nom) -
150
Remove
Status

159



http://www.ioirp.com/

International Journal of Innovative Research in Computer Science and Engineering (1IJIRCSE)

www.ioirp.com ISSN: 2394-6364, Volume — 1, Issue — 6. May 2015

C. Screen of Random Forest implementation in weka

& Weka Explorer ==
| Preprocess| Classify | Cluster | Assodiate | Select attributes | h"lsualizel
Classifier
RandomForest -1 100 0-5 1
Test options Classifier output
@ Use training set Correctly Classified Instances 169 84.5 % i
(71 Supplied test set Set... Incorrectly Classified Instances 31 15.5 %
o ¥ Kappa statistic a
) SrsE e RS (R Mean absolute error 0.178%
() Percentage split % |66 Foot mean squared error 0.2961
N Eelative sbsclute error 687.5967 %
’ More options... K
Boot relative squared error 81.8044 %
Total Numkber of Instances 200
(Mom) Result -
=== [etailed Lccuracy By Class ===
Result list {right-click for options) TF Rate FP Rate Precision Recall F-Measure ROC Are:
19:38:48 - trees.RandomForest 1 1 0.845 1 0.914 1
1] a a a 1] 1
Weighted Awvag. 0.845 0.845 0.714 0.845 0.774 1
=== Confusion Matrix === =
a b <-- classified as
169 0| a = PLSS
31 0| b = FAIL
] T 3

Classifier Output

=== Run information ===
Scheme:weka.classifiers.trees.RandomForest -1 100 -K 0 -S 1
result
Instances: 200
Attributes: 7

Markid

Regno

Relation:

code

Int Marks
Ext Marks
Total
Result

Test mode:10-fold cross-validation

160


http://www.ioirp.com/

International Journal of Innovative Research in Computer Science and Engineering (1IJIRCSE)
www.ioirp.com ISSN: 2394-6364, Volume — 1, Issue — 6. May 2015

=== Classifier model (full training set) ===

Random forest of 100 trees, each constructed while considering 3 random features.
Out of bag error: 0.15

Time taken to build model: 0.13 seconds

=== Stratified cross-validation ===

=== Summary ===

Correctly Classified Instances 169 845 %
Incorrectly Classified Instances 31 155 %
Kappa statistic 0

Mean absolute error 0.1789

Root mean squared error 0.2961

Relative absolute error 67.5967 %

Root relative squared error 81.8044 %

Total Number of Instances 200

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F-Measure ROC Area Class

1 1 0.845 1 0.916 1 PASS

0 0 0 0 0 1 FAIL
Weighted Avg. 0.845 0.845 0.714 0.845 0774 1

=== Confusion Matrix ===

a b <--classified as
169 0| a=PASS
31 0] b=FAIL

IV. CONCLUSION AND FUTURE WORK

This paper was implemented with an ordinary small sample dataset with 200 instances. This would be a very small work of
a research. This work is extended to world wide web dataset for the implementation of web mining. Web spam detection is a very
big problem of the today’s internet world. This paper analysis work in that extends to the application of content spam features.
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