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Abstract 
Random Forest is a combination of tree predictors such that each tree depends 
on the values of a random vector sampled independently and with the same 
distribution for all trees in the forest. In this article, we firstly describe the basic 
information and features of decision trees, then we introduced one of the most 
common algorithms—CART for generating decision trees. In order to overcome 

various drawbacks of decision trees, we then look at the concepts bagging and random 

forest for higher prediction accuracy. Based on the introduction of decision tree, CART 

and Bagging, we introduced the definition and algorithm of Random Forest, then we 

explained how it works in detail. After that, we introduced the main applications and 

several use cases of it. Also, by comparing the algorithm to CART and bagged trees, 

we concluded the features, advantages and disadvantages of the Random Forest. At the 

end we used an example to compare the tree-based methods (tree model, pruned tree 

model, bagging and random forest) by using the Heart dataset. We created these 

classification trees and made the conclusion that the Random Forest method has the 

best accuracy in predicting both quantitative and qualitative data.   
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Literature Review 

The first regression tree was published by Morgan, J. N. and Sonquist, J. A. (1963). 

Automatic Interaction Detection (AID) (Morgan & Sonquist, 1963) is the first 

regression tree algorithm published in the literature. THeta Automatic Interaction 

Detection (THAID) (Messenger & Mandell, 1972) extends these ideas to classification, 

in which Y is a categorical variable. [1] 

One of the earlier works on decision trees is “Classification and Regression Trees 

(CART)”, which is a binary tree using GINI index or RSS as its splitting criteria and 

can handle both classification and regression problems, was first introduced by Leo 

Breiman et al. [2]. After that, researches then focused on using available training data 

to construct optimal decision tree models for different problems. Although the decision 

tree approach was proven to be useful, there are a lot of limitations of it such as it biased 

in favor of low dimensional data. 

In the nineties, there has been a lot of interests in “ensemble learning”, the method uses 

multiple algorithms then aggregate their results in order to obtain better accuracy. 

Combining the ideas of decision trees and ensemble methods gave rise to the random 

decision forest, the first algorithm of it was proposed by Tim Kam Ho [3]. The idea of 

identifying the best split at each node was introduced by Amit and Geman [4]. 

Breiman’s later work in [5] introduced “bagging”, which is a new way of injecting 

randomness in the forest. 

Then in 2001, Breiman proposed “Random Forest” [6], which add an additional layer 

of randomness to bagging by selecting a subset of variables out of all variables at each 

node randomly. 



 6 

Decision Tree 

1. Definition and Overview 

Decision tree is a class of predictive data mining tool. It is a supervised learning 

algorithm which works for both categorical and continuous input (features) and output 

(predicted) variables. 

Decision trees uses a tree like model of decisions to break down a dataset into smaller 

and smaller homogeneous subsets based on most significant splitter / differentiator in 

input variables. At the same time, an associated decision tree is incrementally 

developed. The final result is a tree with branches. 

A decision tree can be used to visually and explicitly represent decisions and decision 

making. It is conceptually simple yet powerful. 

Here is an example of decision tree about whether or not to buy computer predictions.  

 

There a sample of 14 individuals who actually buy or not buy computer data. 

The characteristics of the data are the age of each person, their income, whether 

they are students, and their credit rating. Now build a decision tree based on these 

information and attributes, and then make a classification prediction.   
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If given another individual, we can predict whether or not that individual would 

buy a computer with scientific basis. 

 

 

 

2. Some most common terminology related to Decision Trees 

In order to have a better understanding of the decision tree, firstly we have to 

introduce some most common terms used in decision trees. 

(1) Root Node  

Root node is the starting point of the tree, it represents entire population or 

sample and further gets divided into two or more sets(homogeneous). 

(2) Splitting 

 Splitting is the process of dividing a node into two or more sub-nodes. 

(3) Pruning 

Pruning is the process that we remove sub-nodes of a decision node, it is the 

opposite process of splitting. 

(4) Decision Node 
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We call a sub-node decision node if it can split into further sub-nodes. 

(5) Leaf/ Terminal Node 

If a node does not get split, we call it terminal node/leaf. 

(6) Branch / Sub-Tree 

A subsection of a tree. 

(7) Parent and Child Node 

A parent node of sub-nodes is a node which divided into sub-nodes and it sub-

nodes are the child of this parent node. 

(8) Minimum samples for a node split/a terminal node (leaf)  

Minimum number of samples (or observations) which are required in a node to 

be considered for splitting/in a terminal node or leaf. It is used to control over-

fitting. 

(9) Maximum depth of tree (vertical depth)  

The maximum depth of trees. It is used to control over-fitting. 

(10) Maximum features to consider for split  

The number of features to consider (selected randomly) while searching for a 

best split. A typical value is the square root of total number of available features. 
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3. CART 

CART is one of the most common algorithms used for generating decision trees, 

which is short for “Classification and Regression Trees”. 

 

Regression Trees  

Decision trees are called regression trees if the target variable can take 

continuous values (typically real numbers). It outputs an expected value given a 

certain sample. In case of regression tree, the value obtained by terminal nodes 

in the training data is the mean response of observation falling in that region. 

Hence, if an unseen data observation falls in that region, we’ll make its 

prediction with mean value. 

Classification Trees 

Tree models are called classification trees if the target variable can take a 

discrete set of values. It output the predicted class for a given sample. In 

classification tree structures, leaves represent class labels and branches 

represent conjunctions of features that lead to those class labels. In case of 

classification tree, the value (class) obtained by terminal node in the training data 

is the mode of observations falling in that region. Hence, if an unseen data 

observation falls in that region, we’ll make its prediction with mode value. 

 

4. Build a Decision tree 

A CART is a binary decision tree that is constructed by splitting a node into two 

child nodes repeatedly, beginning with the root node that contains the whole 

learning sample. Here are the steps of how a tree grows on each node: 

1.Find each predictor’s best split 

(1) Sort the values in increasing order (from the smallest to the largest) for each 
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continuous and ordinal predictor; Then, go through each value from top to 

examine each candidate split point to determine the best. Call each candidate 

split point 𝑣, if 𝑥	 ≤ 	𝑣, the case goes to the left child node, if 𝑥 > 𝑣, goes 

to the right. 

(2) For each categorical predictor, examine each possible subset of categories 

(call it 𝐴, if	𝑥	 ∈ 	𝐴, the case goes to the left child node, otherwise, goes to 

the right.) to find the best split.  

Both the trees divide the predictor space (independent variables) into distinct and 

non-overlapping regions. 

2. Find the node’s best split 

Among the best splits found in step 1, choose the one that maximizes the splitting 

criterion.  

3. Split the node using its best split found in step 2 until the stopping rules are 

satisfied. 

The idea of tree growing is to choose a split among all the possible splits at each 

node until the child nodes are the “purest”. 

5. Decision criteria 

The decision criterion is different for classification and regression trees. Here we 

introduce two most common criteria: RSS and Gini Index, for regression tree 

and classification tree respectively. 

RSS 

Residual Sum of Squares (RSS) is a decision criterion used for continuous target 

variables (regression problems). The goal for this algorithm is to minimize 

the RSS, an error measure also used in linear regression settings. The RSS, in 

the case of a partitioned feature space with n partitions is given by: 
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where 𝑦)  is the response of a particular testing observation, and	𝑦*+,	is the mean 

response of the training observations within partition	𝑛. 

The idea is to minimize the variance within the group and maximize the variance 

between the corresponding groups, so that the two groups, the left and right branches 

of the tree split, have the greatest difference. 

 

Gini Index 

Gini index works with categorical target variable. Gini index algorithm use Gini index 

to evaluate the goodness of the split. If a data set 𝐷 contains examples from 𝑛 classes, 

Gini index, Gini(D) is defined as:  

 
where pi is the relative frequency of class	𝑖 in 𝐷. 

If a dataset 𝐷  is split into two subsets 𝐷1  and 	𝐷2  with sizes 𝑁1  and 𝑁2 , 

respectively, the Gini index of the split data contains examples from 𝑛	classes, the Gini 

index Gini(D) is defined as:  

 

The attribute provides the smallest Ginisplit(D) is chosen to split the node (need to 

enumerate all possible splitting points for each attribute). 
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6. Advantages and Disadvantages of Decision Trees 

Advantages 

Amongst other data mining methods, decision trees have various advantages: 

(1) Decision tree can be visualized. 

(2) Decision tree’s graphical representation is easy to be understood and used. Do not 

require the assumptions of statistical models. 

(3) Decision tree can handle both numerical and categorical variables, it also 

can handle multi-output problems. 

(4) Decision tree requires little data preparation (data cleaning). It is not influenced by 

missing values and outliers. 

(5) Decision tree’s prediction is very fast. It is one of the fastest way to identify most 

significant variables and relation between two or more variables. 

(6) Decision tree is a non-parametric method. It has no assumptions about the space 

distribution and the classifier structure. 

(7) Decision tree can explain the non-linearity in an intuitive manner. Non-linear 

relationships between parameters do not affect tree performance. 

 

Disadvantages 

1. Decision-tree can create over-complex trees that do not generalize the data well. 

This is called overfitting. This is one of the most practical difficulty for decision 

tree models. 

2. While deal with continuous numerical variables, decision tree will lose information 

when it categorizes variables in different categories. 

3. Decision trees can be unstable because small variations in the data might result in 

a completely different tree being generated.  

4. For data including categorical variables with different numbers of 

levels, information gain in decision trees is biased in favor of those attributes with 

more levels. 
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By using several improvements over decision trees, most of these disadvantages can be 

easily overcome. Next, we are going to introduce some of these methods, tree pruning, 

bagging, and random forests. 

 

7. Tree Pruning 

Pruning the already formed decision tree is one of the technique used avoid 

overfitting. The main idea of pruning is remove the branches that make use of 

features with low importance. Tree pruning helps reduce the complexity of tree, 

and thus increasing a tree’s predictive power. After pruning, the performance of 

a tree can be further increased.  

Reduced error pruning is a simple form of pruning which starts from the leaves. 

We replace each node with its most popular class. If the prediction accuracy is 

not affected, we keep the change.  

Another pruning algorithm is called cost complexity pruning which starts from 

the roots. A series of trees 𝑇4, 𝑇5, …, 𝑇6 are obtained by pruning the original 

decision tree where 𝑇4 is the initial tree and 𝑇6 is the root alone. At step 𝑖, the 

tree is created by removing a subtree from tree 𝑖 − 1 and replacing it with a leaf 

node with the value chosen as in the tree building algorithm. The subtree that 

minimizes   

 

is chosen for removal, where 𝑒𝑟𝑟(𝑇	, 𝑆) is the error rate of tree 𝑇 over data set 𝑆, 

𝑝𝑟𝑢𝑛𝑒(𝑇	, 𝑡)	is the tree gotten by pruning the subtrees t from the tree 𝑇. After creating 

the series of trees, the best tree is chosen by generalized accuracy as measured by a 

training set or cross-validation. 
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Bagging 
Bootstrap aggregation, or called bagging, is a procedure for reducing the variance of 

the predictions. As we have showed above, decision trees suffer from high variance. 

This means that if we split the training data into two parts at random, and fit a 

decision tree to both halves, the results that we get could be quite 

different. Bootstrap aggregation, or bagging, is a general-purpose procedure for 

reducing the variance of a statistical learning method. 

Given a set of 𝑛	independent observations	𝑁5,𝑁A,…,𝑁6, with variance 𝜎^2 for each 

observation, and the variance of the mean of the observations is given by	𝜎^2/𝑛. As 

we can see, averaging a set of observations can reduces variance. It can be further 

conceived that take many training sets from the population, build a separate prediction 

model using each training set, and average the resulting predictions can reduce the 

variance and improve accuracy. 

The steps followed in bagging are: 

1. Bootstrap 	𝑛(𝑛 < 𝑁)  random samples with replacement from training set and 

generate m different bootstrapped samples. 

2. Train decision tree separately for m different bootstrapped samples. 

3. For regression tree, the final prediction is the average prediction; For classification 

tree, he final prediction is the majority vote.  
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Out-of-bag (OOB) 

In Bagging method, it can be found that about 1/3 of the observations do not appear in 

the Bootstrap samples, and certainly they do not participate in the establishment of a 

decision tree. We call this 1/3 of the observations out-of-bag (OOB) observations. By 

using the same aggregating techniques as bagging (average for regression and majority 

vote for classification), an out-of-bag prediction can be obtained, hence the overall out-

of-bag error can be computed. The out-of-bag error is a valid estimate of the test error 

for the bagged model. 

Compare with regular decision tress, bagging reduce the variance of the prediction and 

hence improved prediction, however, it still has some drawbacks: Bagging requires us 

to make fully grown trees on bootstrapped samples, thus increasing the computational 

complexity. Also, since trees in the base of bagging are correlated, the prediction 

accuracy will get saturated as a function of B. 
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Random Forest 
 
Random Forest, or decision tree forest is one of the most popular decision tree-based 

ensemble models. It is a powerful new approach to data exploration, data analysis, and 

predictive modeling which introduced by Leo Breiman and Adele Cutler (2001). As a 

supervised learning algorithm, it creates an entire forest of bagged trees with 

randomness injected to minimize the correlation between the trees in order to arrive at 

the best possible answer. With the idea of the ensemble learning, the algorithm 

improves the prediction accuracy and stability over a single CART. 

It is also one of the most used algorithms, because the simplicity of it and the fact that 

it can be used to build predictive models for both classification and regression 

problems.   

Simply speaking, Random Forest grows multiple classification and regression trees and 

merges them together in order to get a more accurate and stable prediction. And the 

idea behind Random Forest is to take a set of high-variance, low-bias decision trees and 

transform them into a new model that has both low variance and low bias. 
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The Algorithm of Random Forest 

1. Grow a forest of many trees. 

2. Each tree is grown as follows: 

(1)  If the number of cases in the training set is 𝑁	, sample 𝑁 cases at random with 

replacement from the original data. This sample will be the training set for growing 

the tree. This is, we grow each tree on an independent bootstrap sample. 

(2)  If there are 𝑀 input variables, a number 𝑚 << 𝑀 is specified such that at each 

node, 𝑚 variables are selected randomly out of the 𝑀 and we use the best split 

on these 𝑚	variables to split the node. During the forest growing, the value of 𝑚	is 

held constant. 

(3)  In contrast to decision trees, each tree is grown to maximum depth. In other words, 

there is no pruning in random forest. 

3. To get the prediction on a new case from an input vector, put the input vector 

down to each of the trees in the forest, obtaining multiple results from a single 

input then classify the new data by voting/averaging the predictions from all the 

trees (majority votes for classification, average for regression). 
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How Random Forest works 

Random Forest has its roots in classification and decision trees (CART), ensemble 

learning and bootstrap aggregation (Bagging). We can say that a Random Forest is a 

collection of CART following specific rules for tree growing, tree combination, self-

testing and post-processing.  

1. Tree growing 

As the single decision tree, trees in a Random Forest are grown using binary 

partitioning, that is each parent node is split into no more than two children. Each tree 

is grown at least partially at random.  

(1) Randomness is injected by using different random subsample of the training data to 

grow each tree. 

(2) Randomness is injected into the split selection process since 	𝑚	 variables are 

selected randomly out of the 𝑀	at each node so that the splitter at any node is 

determined partly at random.  

So, the difference between the Random Forest algorithm and the decision tree algorithm 

is that in Random Forest, the process of finding the root node and splitting the feature 

nodes will run randomly. By introducing this element of randomness, the algorithm is 

able to create tree models that are not correlated with each other. 

2. Split selection 

We have known that the main drawback of decision trees is that they are prone to 

overfitting. Since at each node, the tree will make the decision among a subset of all 

variables, including noise. When the tree reaches the final decision, it is designed so as 

to perfectly fit all training samples. This kind of specific rules on training set creates 

over-complex trees that do not generalize well for new data points, especially when the 

dataset is high-dimensional. Although it is possible to address this partially by pruning, 

the result often remains less than satisfactory. 
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In addition, there is another problem with bagged trees. Suppose there is one very strong 

predictor in the dataset. In the collection of bagged trees, if we choose split candidates 

from the full set of 𝑀 predictor variables, most of the trees will use the very strong 

predictor in the top split, consequently making the trees look quite similar, and be 

highly correlated. And the results we get by averaging highly correlated quantities is 

likely not as accurate as that of by averaging uncorrelated quantities. 

Random Forest overcomes the problems above and provides an improvement over 

bagged trees by using a different split selection method. First at each node we select a 

fresh bootstrap subsample at random, typically we select about 𝑚 = √𝑀 where 𝑀 is 

the total number of predictor variables. With a large number of predictors, the eligible 

predictor set will be quite different from node to node. Then we split our nodes with 

the best variable among the	𝑚. At each split in the tree, the algorithm is not even 

allowed the consider the majority of the available predictor variables. By doing this, 

each tree in the forests can be considered as an “expert” in a specific area. 

3. Self-testing (Out-of-bag data and the usage of it) 

As in bagging, we build a number of decision trees on bootstrapped training samples 

first. When we draw the training set for the current tree by sampling with replacement, 

we can see that on average, each tree makes use of around two-thirds of the cases, which 

means that about one-third of the cases are left out of the sample. The remaining one-

third of the cases not used to fit a given bagged tree are referred to as the out-of-bag 

(OOB) data. This out-of-bag data serves as a test set for the tree and is used to get an 

unbiased estimate of the classification error. It is also used to get estimates of variable 

importance. 

(1) Out-of-Bag Error Estimation 

Since each tree is constructed using a different bootstrap sample from the original data.  

If we put each case left out in the construction of the 𝑝JK  tree down the 𝑝JK  tree to 

get a classification, we will obtain a test set classification for each case in about one-
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third of the trees. Suppose we have	𝑁	cases in total and the number of our classification 

trees in the forest is 𝐵.  

For the 𝑖JK	case, we can use each of the trees in which that case was OOB to classify 

it. If we put the 𝑖JK	case down those trees, we will obtain around 𝐵 3⁄  predictions for 

the 𝑖JK case. To get the final single prediction for the 𝑖JK case, we vote or average 

(depending on if the response is quantitative or qualitative) the predictions of these trees 

to get the RF predictor of this case. The OOB error rate is the error rate of the RF 

predictor. Since an OOB prediction can be computed for all 𝑁 cases, the final overall 

OOB estimate for the entire Random Forest can be simply obtained by cumulating 

individual OOB results on a case-by-case basis. For new cases, we can vote or average 

all the trees to get the RF predictor. 

For each tree, we can predict classification of its out-of-bag data using the tree, and the 

misclassification rate is the OOB error rate of the tree. Determine the overall OOB error 

rate by aggregating OOB error from all trees. 

The out-of-bag error rate is acceptable because the predictions are based on only the 

trees that were not fit using that case, and there is enough evidence showing that the 

out-of-bag estimate is as accurate as using a test set of the same size as the training set. 

Therefore, in a random forest, we do not need to use a separate test set to evaluate the 

model. 

(2) Variable Importance 

Random Forest computes two measures of variable importance, one is so called Gini 

feature importance (for classification) and the other one is the permutation importance. 

(i) Gini importance / Mean decrease in impurity (MDI) 

Each tree has several nodes and each node is a condition on a single feature. Nodes are 

designed to split the dataset into two so that similar response values end up in the same 

set and for classification, every time a split of a node is made based on the Gini impurity 

criterion or the entropy. Therefore, when we train a tree, how much each individual 

variable decreases the weighted impurity in a tree is computable.  
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In a single tree, a variable’s Gini importance value is defined as the sum of the Gini 

index reduction over all nodes in which the specific variable is used to split. 

For a forest, suppose we want to evaluate the overall importance of a variable 𝑚	, we 

can add up the weighted impurity decreases for all nodes where 𝑚	 is used, then 

averaged over all trees in the forest. 

However, Gini importance is biased against categorical features with a small number 

of levels and is biased in favor of categorical variables with many categories as well as 

continuous features with many levels.  

(ii) Permutation importance / Mean decrease accuracy (MDA) 

Another popular variable selection method is called MDA. By using this method, we 

can directly measure the impact of each variable on accuracy of the model. The general 

idea is to permute the values of each variable and measure how much the permutation 

decreases the classification accuracy of the model. Clearly, for unimportant variables, 

the permutation should have little to no effect on model accuracy, while permuting 

important variables should significantly decrease it. 

For each tree, look at the out-of-bag data: 

(a) Randomly permute the values of variable 𝑚	 in the out-of-bag cases, holding the 

other variables fixed. 

(b) Pass these permuted cases down the tree, save the classes. 

(c) Compute the OOB error rate with variable 𝑚	 permuted, compare it with the 

original OOB error rate with no permutation, the increase is an indication of the 

variable’s importance.  

One can subtract the error rate with no permutation from the error rate with variable 

𝑚	  permuted. The average of this number over all trees is the overall variable 

importance score for variable 𝑚	. 

For each case, consider all the trees in the forest for which it is out-of-bag. Subtract the 

percentage of votes for the correct class in the variable-m-permuted out-of-bag data 
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from the percentage of votes for the correct class in the untouched out-of-bag data. This 

is the local importance score for variable 𝑚	 for this case. 

As for regression, there are also two indices: %IncMSE and IncNodePurity, which are 

similar to MDA and MDI, standing for the importance of OOB error and the impurity 

of the variable, respectively. 

4. Proximities 

Another useful tool in Random Forest is the proximity measure, which is a novel way 

to define proximity between two cases. Proximity of two cases is the proportion of time 

that they end up in the same node. After a tree is grown, put both training and out-of-

bag data down the tree. If cases 𝑖	and 𝑗	are in the same terminal node, increase their 

proximity by one. At the end, normalize the proximities by dividing by the number of 

trees. The proximities originally formed a 𝑁 × 𝑁 matrix, where 𝑁		is the number of 

cases in the training set. 

In R, we can get a proximity matrix. The (𝑖, 𝑗) element of the proximity matrix is the 

fraction of trees in which cases 𝑖	and 𝑗	fall in the same terminal node. The intuition is 

that “similar” cases should be in the same terminal nodes more often than dissimilar 

ones. On the main diagonal of the matrix, any case has “perfect” proximity to itself. 

Cases that are “alike” will have proximities close to one. And the closer proximity to 0, 

the more dissimilar cases 𝑖	and 𝑗	are. 

The Random Forest proximities do not just measure similarities of variables, they take 

into account of the variable importance as well. 

(1) Two cases that have quite similar values of the predictor variables might have small 

proximity if they differ on inputs that are important.  

(2) Two cases that have quite different predictor variables might have large proximity 

if they differ only on variables that are not important.  

Originally, we use all the data (in bag and out-of-bag data) to measure proximities, that 

is, we apply trees to all cases. By doing this, the problem of “overfitting” occurs 

sometimes. Here we have two modifications: 
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(1) Use out-of-bag data only: proximity of two cases is the proportion of the time that 

they end up in the same node when they are both out-of- bag.  

(2) When case 𝑖	is out-of-bag of the tree, pass it down the tree and note which terminal 

node it falls into. Increase the proximity between case 𝑖	 and all 𝑘	 in-bag 

observations that end up in the same terminal node, by the amount 1 𝑘⁄  . 

Research shows that when use the proximities for prediction, the error rate of the second 

method is lower. 

The proximity matrix can be used to visualize data, we might see clusters and unusual 

structures, and it also opens horizons for missing value imputation and outlier detection. 

Sometimes proximities can be used for unsupervised learning with Random Forest. 
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The Application of Random Forest 

1. Solving classification and regression problems 

As a supervised ensemble-learning model, the Random Forest can be used for both 

classification and regression tasks. It comprises a simple and fast way of learning a 

function that maps input data	𝒙	to outputs 𝒚, where 𝒙 can be a mix of categorical and 

numeric variables and 𝒚	can be categorical for classification, or numeric for regression. 

As we mentioned above, overfitting is one critical problem that may make the results 

worse, while in practice, Random Forests are less likely to overfit. 

In addition, compared to other supervised parametric machine learning algorithms, 

Random Forest is non-parametric and does not rely on the distribution of the data. The 

bagging approaches reduce the classification variance, at the same time they have little 

effect on the classification bias. These natures and the high-accuracy prediction results 

one can get by using Random Forest make it popular recently. 

2. Missing value imputation 

Random Forest has two ways of replacing missing values. 

(1) Fast way: For a non-categorical 𝑚JK	variable, the method computes the median of 

all values of this variable in class 𝑗, using this value to replace all missing values 

of the variable in class 𝑗. If the 𝑚JK	variable is categorical, the replacement is the 

most frequent non-missing value in class 𝑗.  

(2) Better way (use proximities): This method starts from the fast way, doing a rough 

and inaccurate filling in of the missing values. Then it does a forest run and gets 

proximities. If the 𝑚JK	variable of the 𝑛JK	case is a missing value, replace it by an 

average over the non-missing values of the 𝑚JK	 variables weighted by the 

proximities between the 𝑛JK	case and the cases with non-missing values. If the 

missing variable is categorical, replace it by the most frequent non-missing value 

where frequency is weighted by proximity. 
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3. Identify outliers 

Outliers are generally defined as cases that are removed from the main body of the data. 

In Random Forest, we can translate this as outliers are cases whose proximities to all 

other cases in the data are generally small. A useful revision is to define outliers relative 

to their class. Thus, compared to all other class	𝑗	cases, an outlier in class	𝑗	is a case 

whose proximities are relatively small. 

4. Other uses of Random Forest 

(1) Using the variable importance to optimize feature space. 

(2) Using the variable importance to do the feature selection. 

(3) Using the proximity matrix to estimate data proximity as well as measure the 

correlation between high dimensional datasets. 

(4) Using sample proximities to visualize data, clusters and unusual structures. 

In addition, Random Forest has well developed over the past years and has been 

extended to unsupervised learning (cluster analysis) and survival analysis.  

5. Use cases 

In the real word, this machine learning approach has been used in a lot of different 

fields, such as medicine, banking, stock market and e-commerce.  

(1) For the application in medicine, it can be used to build a disease prediction model 

by analyzing some readily available indicators effects on the disease and discover 

some rules on given medical data. By digging out a clear and understandable model, 

we can significantly reduce the risk of that disease. In this domain it is also used to 

identify the correct combination of components in medicine and to identify diseases 

by analyzing the medical history of patients. 

(2) For the application in banking, it can be used to classify bank customers by 

analyzing customer behavior patterns. By doing this, we can find loyal customers 

who use the bank’s services more frequently than others and repay their debt in 

time, at the same time detect fraud customers who want to scam the bank which 

will increase the bank credit risk. 
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(3) For the application in stock market, it is used to determine the behavior of a stock 

in the future and its expected loss or profit. 

(4) For the application in e-commerce, the algorithm can be used to predict purchase 

probability. In other words, with Random Forest models we can predict whether the 

customer will like the recommend products, based on the experience of similar 

customers. 

Other areas of application include weather forecasting or land cover classification. 
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Advantages and Disadvantages of Random Forest 

1. Features and Advantages 

Random Forest improves on CART with respect to the accuracy and instability. It can 

always provide a better accuracy score and if we change the data a little bit, the 

individual tree may change but the forest is still stable since it is a combination of many 

trees. Other features and advantages are as follows:  

(1) There are no formal distribution assumptions since Random Forests is a non-

parametric statistical method, requiring almost no input preparation. 

(2) The algorithm of it can be used for both classification and regression problems. And 

it can handle categorical predictors naturally. 

(3) For classification tasks, it avoids the overfitting problem. 

(4) Simplicity. The algorithm can be written in a few lines and usually computationally 

simple and quick to fit even for large problems. Simplicity. 

(5) It is applicable to high-dimensional data. It runs efficiently and accurately on large 

data bases and can handle a large number of input variables without variable 

deletion (there is no pruning in Random Forest). 

(6) It provides a good indicator of feature importance since it gives estimates of what 

variables are important in the classification. Therefore, it can be used for automatic 

variable selection.  

(7) It can estimate missing values by using proximities, which can effectively maintain 

the accuracy of the results when a large proportion of data are missing. 

(8) The proximities between pairs of variables computed by it can also be used in 

clustering, locating outliers or visualizing data. 

(9) The above capacities can be extended to unlabeled data, therefore leading to 

unsupervised learning and clustering. 

(10) Generated forests can be saved for future use on other new data. 

2. Disadvantages 
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(1) In contrast to CART, Random Forest models are black boxes and that are hard to 

interpret. So sometimes it is important to recognize that it is a predictive modelling 

tool but not a relatively good descriptive tool. 

(2) In most practical situations this approach is fast enough, but for some certainly 

situations where run-time performance is important, other methods would be 

preferred. Because to get good score Random Forest requires a lot of ensemble trees 

to create predictions. While, in general, these trees are fast to train, but quite slow 

to create predictions once they are trained. 
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An application in R: Using Heart data  
 
We have discussed that tree-based methods can be used when the response variable is 

either quantitative or qualitative. Here we have an example of the ‘Heart' dataset. This 

is an example based on a famous textbook: "An Introduction to Statistical Learning", 

the data is available at: http://www-bcf.usc.edu/~gareth/ISL/Heart.csv. 

 

 

 

As we can see, there are 14 variables, including ‘Age', ‘Sex', ‘ChestPain', and etc. There 

are 303 rows, indicating that there are 303 patients with chest pain. The binary outcome 

AHD is used as the response variable. Based on an angiographic test, AHD is ‘yes' 

means patients have heart disease, and ‘no' means the patients do not have heart disease. 

The rest of the 13 variables, including ‘Age', ‘Sex', and other heart/lung function 

measurements are the predictors that explain the response variable AHD.  We use 

na.omit() function to delete the row if there is at least one missing value in that row. 

After deleting missing values, we have 297 rows left. 
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We want to fit a classification tree to predict the AHD using the tree () function. The 

argument ‘data=Heart' means we want to use the entire data set. We will use the entire 

data for now and later we will split the data into training and test data.  The tree () 

function can also tell the split criterion, the number of observation in the nodes, and the 

deviance. The plot of the tree is below and we use text () function to display the node 

labels and give the visualization of the tree. 
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From the summary (tree) command, we can get the variables that are used in the tree 

construction, the number of terminal nodes and the misclassification error rate. In this 

case, we used 11 variables (‘Thal', ‘Ca', ‘Age', ‘MaxHR', ‘Chol', ‘Fbs', ‘ChestPain ‘and 

‘Sex') and the misclassification error rate is 0.097, which means observations are less 

likely to be misclassified in the data.  

 

How well is our classification tree? Can we improve our model? In order to evaluate 

the performance of our tree and improve the accuracy, we can use the idea of cross-

validation, which divides the heart data in two parts, 2/3 for the train data and 1/3 for 

the test data.   

 

 

First we construct the classification tree by using the train dataset, which is indicated 

in the argument ‘subset=train’ in the tree() function. Then we apply this model to the 

test data by using the predict() function. The argument type=class will return the class 

prediction and the new variable ‘tree.pred’ contains the binary response which is the 

predicted AHD output using our model . To validate our results, we want to compare 

the output resulting from the model and the actual response variable AHD form our test 

data.  
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Based on the confusion matrix above, we can see that the number of correctly classified 

observations is 42+29=71, thus the prediction rate is 0.7171717, in other words, the 

misclassification rate for the test data is 1-71.7%=28.3%. 

We might improve the result by pruning the tree. The function cv.tree() can be used to 

build trees by using the K folds cross-validation and determine the number of the 

terminal nodes should be used in each tree.  

 

 

 

The function returns the size, the deviance and the value of the cost-complexity. In our 

example, deviance in the cv.tree() function is the classification error and we set the 

argument FUN=prune.misclass because the response variable is binary. The best 

number of nodes should be the one with the lowest classification error. As we can see, 

the lowest classification count is 33 as ‘dev’=33. So the best number of nodes should 
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be used is 7 (size=7). We can also visualize the cv.tree function like the plot on the 

right-hand side. The size 7 has the lowest misclassification error.  

 

 

 

We apply prune.tree() function to the train data to build a seven-node classification tree 

model.The command summary(P.tree) shows that the variables used in the tree model 

are ‘ChestPain’, ‘Ca’, ‘Slope’, ‘ExAng’ and ‘Thal’. After pruning, the misclassification 

error rate for the train data is 1% higher than before, however, we used 7 variables to 

build our model instead of 11 variables, the dimension is less and the model is simpler. 

From the plot above on the left side, we can see that the tree is much simpler and easy 

to understand.  
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We then apply the predict() function to the test data set, the result shows that the number 

of correctly classified observations is 42+32=74. The prediction rate is 0.747475. Thus, 

74.7% of the test data set is correctly classified, which is better than the model without 

pruning. Pruning improves our accuracy and makes the tree less complex.  

 

Next, we apply Bagging and Random Forest by using the randomForest() function in 

the ‘randomForest’ package. The difference between these two methods is the fact that 

they have different numbers of variables to choose at each split of the tree. Bagging 

chooses one of all the variables, while Random Forest only chooses one from around 

m=sqrt(p) variables at each node. These m variables are randomly chosen from all the 

variables. In our example, the argument ‘mtry=13’ indicates that all 13 variables are 

considered in bagging according to their importance. 

 

 

The first argument of randomForest() function is the input formula, here ‘AHD ~ .’ 

means that we treat AHD as the response variable and the rest as explanatory variables. 

The argument ‘importance=TRUE’ means we want to assess the importance of our 

predictors. The argument ‘subset=train’ means that we are building a random forest on 

the training dataset. The default number of trees is 500, and since we are using bagging, 

the ‘No. of variables tried at each split’ should be 13. 

We can also see the assessments of our model in the above screenshot. OOB stands for 

Out-Of-Bag, and the ‘OOB estimate of error rate’ in our case stands for the 

misclassification rate of the prediction to the training observation xi, based on all trees 



 35 

that are built without xi. The prediction to the training observation xi is calculated by 

choosing the most ‘voted’ result from all trees that are built without xi. Here, the OOB 

error rate is 15.15%, and it can be visualized in a more specific manner, which is called 

confusion matrix. Columns stand for the true value, rows stand for the predicted value. 

Thus, the numbers on the diagonal are the number of correctly classified observations. 

The misclassification rate is (17+13)/(95+13+17+73) = 15.15%, which is consistent 

with the OOB error rate.  

 

   

Again, we apply the predict() function on our bagging model, the prediction accuracy 

for test data is around 0.768. It is higher than the tree model and the pruned tree model. 

Next, we will try to fit the classification tree using the random forest method.  

 

 

We consider the Random Forest method by using the randomForest() function. In this 

case, we set ‘mtry = sqrt(p)’, where p is the number of the variables. Since sqrt(13) is 
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approximately 3, we have 3 randomly chosen variables at each split.  The out of bag 

estimate of error rate is 13.64%, which is lower than the bagging method, while higher 

than the other two methods.  

 

 

Then we apply the predict () function on our random forest model, also we compare the 

output that predicted from the random forest model and the test data set. the prediction 

accuracy for test data is around 0.7878. It has the most accuracy among those four 

methods. Thus, in our case we want to predict our data set using the random forest 

method.  

 

Using the importance() function, we can evaluate the importance of the variables in our 

random forest model. We also can plot the importance of the variable using varImpPolt() 
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function. From the output above, the important variables are ChestPain, Thal and 

MaxHR.  
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Random_Forest.R 

vicky 

Wed Mar 28 14:20:37 2018 

library(tree) 

set.seed(1) 

heart<- url("http://www-bcf.usc.edu/~gareth/ISL/Heart.csv")  

 

Heart <- read.csv(heart,row.names=1) 

head(Heart) 

##   Age Sex    ChestPain RestBP Chol Fbs RestECG MaxHR ExAng Oldpeak

 Slope 

## 1  63   1      typical    145  233   1       2   150     0     2.3   

  3 

## 2  67   1 asymptomatic    160  286   0       2   108     1     1.5   

  2 

## 3  67   1 asymptomatic    120  229   0       2   129     1     2.6   

  2 

## 4  37   1   nonanginal    130  250   0       0   187     0     3.5   

  3 

## 5  41   0   nontypical    130  204   0       2   172     0     1.4   

  1 

## 6  56   1   nontypical    120  236   0       0   178     0     0.8   

  1 

##   Ca       Thal AHD 

## 1  0      fixed  No 

## 2  3     normal Yes 

## 3  2 reversable Yes 

## 4  0     normal  No 

## 5  0     normal  No 

## 6  0     normal  No 
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Heart <- na.omit(Heart)  

dim(Heart)  

## [1] 297  14 

tree.heart<-tree(AHD~., Heart) 

tree.heart 

## node), split, n, deviance, yval, (yprob) 

##       * denotes terminal node 

##  

##  1) root 297 409.900 No ( 0.53872 0.46128 )   

##    2) Thal: normal 164 175.100 No ( 0.77439 0.22561 )   

##      4) Ca < 0.5 115  81.150 No ( 0.88696 0.11304 )   

##        8) Age < 57.5 80  25.590 No ( 0.96250 0.03750 )   

##         16) MaxHR < 152.5 17  15.840 No ( 0.82353 0.17647 )   

##           32) Chol < 226.5 8   0.000 No ( 1.00000 0.00000 ) * 

##           33) Chol > 226.5 9  11.460 No ( 0.66667 0.33333 ) * 

##         17) MaxHR > 152.5 63   0.000 No ( 1.00000 0.00000 ) * 

##        9) Age > 57.5 35  41.880 No ( 0.71429 0.28571 )   

##         18) Fbs < 0.5 29  37.360 No ( 0.65517 0.34483 ) * 

##         19) Fbs > 0.5 6   0.000 No ( 1.00000 0.00000 ) * 

##      5) Ca > 0.5 49  67.910 No ( 0.51020 0.48980 )   

##       10) ChestPain: nonanginal,nontypical,typical 29  32.050 No 

( 0.75862 0.24138 )   

##         20) Age < 65.5 22  27.520 No ( 0.68182 0.31818 )   

##           40) Age < 55.5 13   7.051 No ( 0.92308 0.07692 ) * 

##           41) Age > 55.5 9  11.460 Yes ( 0.33333 0.66667 ) * 

##         21) Age > 65.5 7   0.000 No ( 1.00000 0.00000 ) * 

##       11) ChestPain: asymptomatic 20  16.910 Yes ( 0.15000 0.85000

 )   

##         22) Sex < 0.5 6   8.318 No ( 0.50000 0.50000 ) * 

##         23) Sex > 0.5 14   0.000 Yes ( 0.00000 1.00000 ) * 

##    3) Thal: fixed,reversable 133 149.000 Yes ( 0.24812 0.75188 )   
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##      6) Ca < 0.5 59  81.370 Yes ( 0.45763 0.54237 )   

##       12) ExAng < 0.5 33  42.010 No ( 0.66667 0.33333 )   

##         24) Age < 51 13  17.320 Yes ( 0.38462 0.61538 )   

##           48) ChestPain: nonanginal,nontypical 5   5.004 No ( 0.800

00 0.20000 ) * 

##           49) ChestPain: asymptomatic,typical 8   6.028 Yes ( 0.125

00 0.87500 ) * 

##         25) Age > 51 20  16.910 No ( 0.85000 0.15000 ) * 

##       13) ExAng > 0.5 26  25.460 Yes ( 0.19231 0.80769 )   

##         26) Oldpeak < 1.55 11  15.160 Yes ( 0.45455 0.54545 )   

##           52) Chol < 240.5 6   5.407 No ( 0.83333 0.16667 ) * 

##           53) Chol > 240.5 5   0.000 Yes ( 0.00000 1.00000 ) * 

##         27) Oldpeak > 1.55 15   0.000 Yes ( 0.00000 1.00000 ) * 

##      7) Ca > 0.5 74  41.650 Yes ( 0.08108 0.91892 )   

##       14) RestECG < 0.5 34  31.690 Yes ( 0.17647 0.82353 )   

##         28) MaxHR < 145 20   7.941 Yes ( 0.05000 0.95000 ) * 

##         29) MaxHR > 145 14  18.250 Yes ( 0.35714 0.64286 )   

##           58) MaxHR < 158 5   5.004 No ( 0.80000 0.20000 ) * 

##           59) MaxHR > 158 9   6.279 Yes ( 0.11111 0.88889 ) * 

##       15) RestECG > 0.5 40   0.000 Yes ( 0.00000 1.00000 ) * 

summary(tree.heart) 

##  

## Classification tree: 

## tree(formula = AHD ~ ., data = Heart) 

## Variables actually used in tree construction: 

##  [1] "Thal"      "Ca"        "Age"       "MaxHR"     "Chol"      

##  [6] "Fbs"       "ChestPain" "Sex"       "ExAng"     "Oldpeak"   

## [11] "RestECG"   

## Number of terminal nodes:  20  

## Residual mean deviance:  0.4629 = 128.2 / 277  

## Misclassification error rate: 0.09764 = 29 / 297 
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plot(tree.heart) 

text(tree.heart)#pretty=0 to include the category names for any quali

tative predictors.  

 

train <- sample(1:nrow(Heart),size=2*nrow(Heart)/3,replace=FALSE) # 

Train on 2/3, test on 1/3 

heart.test<-Heart[-train ,] 

Heart.AHD.test<-Heart$AHD[-train] 

tree.train <- tree(AHD ~ ., data=Heart,subset=train) 

plot(tree.train) 

text(tree.train,cex=.5,pretty=0) 



 42 

 

tree.pred<-predict(tree.train,heart.test, type="class" )  

table(tree.pred, Heart.AHD.test) 

##          Heart.AHD.test 

## tree.pred No Yes 

##       No  42  18 

##       Yes 10  29 

correct.pred<-(42+29)/nrow(Heart[-train,]) 

correct.pred  

## [1] 0.7171717 

# section 2: in order to improve the accuracy. can we pruning the tre

e?? 

#of terminal nodes of each tree=size 

# corresponding error rate= dev 

# value of the cost complexity =K 
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set.seed(2) 

cv.tree <- cv.tree(tree.train,FUN=prune.misclass) # use class'n err f

or CV  

cv.tree 

## $size 

## [1] 15  8  7  4  2  1 

##  

## $dev 

## [1] 27 25 25 35 47 90 

##  

## $k 

## [1] -Inf    0    1    3    5   51 

##  

## $method 

## [1] "misclass" 

##  

## attr(,"class") 

## [1] "prune"         "tree.sequence" 

plot(cv.tree)  
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par(mfrow=c(1,2)) 

plot(cv.tree$size, cv.tree$dev, type="b") 

plot(cv.tree$k, cv.tree$dev, type="b") 
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p.tree<-prune.tree(tree.train,best=7) 

plot(p.tree) 

text(p.tree) 

summary(p.tree) 

##  

## Classification tree: 

## snip.tree(tree = tree.train, nodes = c(13L, 7L, 10L, 11L, 4L)) 

## Variables actually used in tree construction: 

## [1] "ChestPain" "Ca"        "Slope"     "ExAng"     "Thal"      

## Number of terminal nodes:  7  

## Residual mean deviance:  0.6276 = 119.9 / 191  

## Misclassification error rate: 0.101 = 20 / 198 

tree.pred<-predict(p.tree,heart.test, type="class" ) #type=class, re

turn the actual class prediction,  

table(tree.pred, Heart.AHD.test) 
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##          Heart.AHD.test 

## tree.pred No Yes 

##       No  42  15 

##       Yes 10  32 

correct.pred1<-(42+32)/nrow(Heart[-train,]) 

correct.pred1 

## [1] 0.7474747 

## Bagging on Heart Data 

 

library(randomForest) 

## randomForest 4.6-12 

## Type rfNews() to see new features/changes/bug fixes. 

set.seed(3) 

bag.heart <- randomForest(AHD ~ ., data=Heart,subset=train, 

                          mtry=13,importance=TRUE) 

bag.heart  

##  

## Call: 

##  randomForest(formula = AHD ~ ., data = Heart, mtry = 13, importan

ce = TRUE,      subset = train)  

##                Type of random forest: classification 

##                      Number of trees: 500 

## No. of variables tried at each split: 13 

##  

##         OOB estimate of  error rate: 15.15% 

## Confusion matrix: 

##     No Yes class.error 

## No  95  13   0.1203704 

## Yes 17  73   0.1888889 
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# all 13variables are considered in baging, all 13 var should be cons

idered for each split of the tree.  

# OOB estimate of  error rate 

 

 

varImpPlot(bag.heart) # or importance(bag.heart) 

 

## Classification Error for Bagged Trees 

 

 

bag.hpred <- predict(bag.heart,heart.test,type="class") 

table(bag.hpred,Heart[-train,]$AHD) 

##           

## bag.hpred No Yes 

##       No  46  17 

##       Yes  6  30 
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correct.pred2<-(46+30)/nrow(Heart[-train,]) 

correct.pred2 

## [1] 0.7676768 

## Random Forests 

 

 

## Random Forests on Heart Data 

 

set.seed(4) 

rf.heart <- randomForest(AHD ~ ., data=Heart,subset=train,mtry=sqrt(1

3),importance=TRUE) 

rf.heart 

##  

## Call: 

##  randomForest(formula = AHD ~ ., data = Heart, mtry = sqrt(13),   

   importance = TRUE, subset = train)  

##                Type of random forest: classification 

##                      Number of trees: 500 

## No. of variables tried at each split: 4 

##  

##         OOB estimate of  error rate: 13.64% 

## Confusion matrix: 

##     No Yes class.error 

## No  95  13   0.1203704 

## Yes 14  76   0.1555556 

rf.hpred <- predict(rf.heart,newdata=Heart[-train,],type="class") 

table(rf.hpred,Heart[-train,]$AHD) 

##          

## rf.hpred No Yes 
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##      No  48  17 

##      Yes  4  30 

correct.pred3<-(48+30)/nrow(Heart[-train,]) # highest so far. 

correct.pred3 

## [1] 0.7878788 

varImpPlot(rf.heart)  
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R code 
library(tree) 

set.seed(1) 

heart<- url("http://www-bcf.usc.edu/~gareth/ISL/Heart.csv")  

 

Heart <- read.csv(heart,row.names=1) 

head(Heart) 

Heart <- na.omit(Heart)  

dim(Heart)  

tree.heart<-tree(AHD~., Heart) 

tree.heart 

summary(tree.heart) 

plot(tree.heart) 

text(tree.heart)#pretty=0 to include the category names for any qualitative predictors.  

 

train <- sample(1:nrow(Heart),size=2*nrow(Heart)/3,replace=FALSE) # Train on 2/3, test on 

1/3 

heart.test<-Heart[-train ,] 

Heart.AHD.test<-Heart$AHD[-train] 

tree.train <- tree(AHD ~ ., data=Heart,subset=train) 

plot(tree.train) 

text(tree.train,cex=.5,pretty=0) 

tree.pred<-predict(tree.train,heart.test, type="class" )  

table(tree.pred, Heart.AHD.test) 

correct.pred<-(42+29)/nrow(Heart[-train,]) 

correct.pred  

 

set.seed(2) 

cv.tree <- cv.tree(tree.train,FUN=prune.misclass) # use class'n err for CV  

cv.tree 

plot(cv.tree)  

par(mfrow=c(1,2)) 

plot(cv.tree$size, cv.tree$dev, type="b") 
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plot(cv.tree$k, cv.tree$dev, type="b") 

p.tree<-prune.tree(tree.train,best=7) 

plot(p.tree) 

text(p.tree) 

summary(p.tree) 

tree.pred<-predict(p.tree,heart.test, type="class" ) #type=class, return the actual class 

prediction,  

table(tree.pred, Heart.AHD.test) 

correct.pred1<-(42+32)/nrow(Heart[-train,]) 

correct.pred1 

 

library(randomForest) 

set.seed(3) 

bag.heart <- randomForest(AHD ~ ., data=Heart,subset=train, 

                          mtry=13,importance=TRUE) 

bag.heart  

# OOB estimate of  error rate 

varImpPlot(bag.heart) # or importance(bag.heart) 

bag.hpred <- predict(bag.heart,heart.test,type="class") 

table(bag.hpred,Heart[-train,]$AHD) 

correct.pred2<-(46+30)/nrow(Heart[-train,]) 

correct.pred2 

 

## Random Forests 

 

set.seed(4) 

rf.heart<-randomForest(AHD~ ., data=Heart,subset=train,mtry=sqrt(13),importance=TRUE) 

rf.heart 

rf.hpred <- predict(rf.heart,newdata=Heart[-train,],type="class") 

table(rf.hpred,Heart[-train,]$AHD) 

correct.pred3<-(48+30)/nrow(Heart[-train,]) # highest so far. 

correct.pred3 

varImpPlot(rf.heart)  
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