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Abstract: Decision trees are one of the most powerful and commonly used supervised learning algorithms in 

the field of data mining. It is important that a decision tree perform accurately when employed on unseen data; 

therefore, evaluation methods are used to measure the predictive performance of a decision tree classifier. 

However, the predictive accuracy of a decision tree is also dependent on the evaluation method chosen since 

training and testing sets of decision tree models are selected according to the evaluation methods. The aim of 

this paper was to study and understand how using different evaluation methods might have an impact on 

decision tree accuracies when they are applied to different decision tree algorithms.  

 

I. INTRODUCTION 

 

For the past 20-30 years, the amount of data that has been digitalized or has been gathered through digital 

environments such as the web has been in significant amounts. It has been estimated that the amount of stored 

information doubles every 20 months [1]. As a result, it has become impossible to digest the gathered data 

manually by people and the need for other solutions that would enable mankind to process the gathered data 

easier has arisen. Therefore, different data analysis techniques have recently had vital importance in various 

areas: public health and healthcare, science and research, law enforcement, financial business areas and 

customer targeted commercial areas. Especially with the recent advancement in social media services, immense 

amount of user data are being gathered and processed on daily basis [2].   

 

Decision tree performances are evaluated according to the level of accuracy obtained from the predictions that 

are made. Hence, accuracy is one of the most important evaluation measures for decision trees. In order to make 

good and stable predictions from the model, accuracy obtained from the decision tree model needs to be high. 

However, there are various reasons that might affect the accuracy of decision tree models negatively as well as 

positively.  One of the possible reasons that might affect accuracy is the evaluation method that is chosen for the 

decision tree induction. The portions of the data to be used when the model is being built are decided according 

to the choice of the evaluation method. Thus, the resulting accuracy of a decision tree is dependent on the 

evaluation method that is chosen in the beginning of the induction process.   

 

Even though decision trees are widely and frequently applied in data mining and machine learning context, there 

are not many studies that have made comparisons of different decision tree algorithms when evaluated by 

different methods in terms of performance. Therefore, the aim of this paper is to study and understand how 

using different evaluation methods might have an impact on decision tree accuracies when they are applied to 

different decision tree algorithms.  

II. DECISION TREES 

 

Decision trees are in the group of supervised learning methods within the concept of data mining and machine 

learning. Decision trees create solutions to classification problems on various different fields such as 

engineering, science, medical fields and other related fields. Thus, decision trees are considered to be one of the 

most powerful tools that can accomplish classification and prediction tasks [3]. 

 

Decision trees can be considered as a non-parametric method since no assumption is made for the class densities 

and the tree structure or the model is not known before the tree growing process [4]. As mentioned earlier, 

decision trees are used for predictive analysis in which the model is trained based on some dataset and then used 
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for predictive purposes. In order to learn from a dataset, decision tree models need to be trained on that dataset. 

Later on, these models are tested on other data of the same kind, which means it can either belong to the same 

dataset (the data would have been split in to training and testing) or a testing data from another source, and are 

validated afterwards. This means that the decision tree model is now capable of predicting new or unseen data 

that would estimate which class the unseen data might belong to.  Decision trees are important in data mining 

for various reasons but one of the most important reasons is that they provide accurate results overall. 

Additionally, the tree concept is easily understandable compared to other classification methods and can also be 

used by other scientific field researchers than computer science [5]. 

 

Evaluation of Decision Trees  

At the time a model is built for a decision tree, the first question that comes into mind is how accurate or reliable 

the model is on unseen cases. This is the reason why evaluation of decision trees is essential because one should 

be certain that the resulting decision tree will be reliable and efficient. In some cases, there might be more than 

one decision tree model for a specific machine learning problem and one of them must be preferred over the 

others. In such cases, the only option to overcome such a problem is to take some precautionary steps. This is 

achieved by using measures and metrics that will estimate the overall performance of the inducer’s model for 

future use.   

 

Evaluation Metrics and Measures  

Before discussing what kind of measures there are, the type of metrics that are used for performance evaluation 

need to be explained. A metric for decision tree performance can have various different meanings. In some 

cases, the performance is measured by speed, sometimes by the size of the grown tree and in most cases it is 

measured by accuracy. Below are some metrics that have been considered viable and their definitions. [6]  

  

Accuracy Based: These are various measures that show the performance of classifiers on rating systems or 

percentages. Accuracy based metrics have dominated the evaluation methods and techniques since they give the 

most realistic and easily calculable results. Some of them are accuracy (recognition rate), error rate, recall, 

specificity and precision.   

 

Speed: It is usually referred as the computational costs that are encountered during building the model and using 

it afterwards.  

Robustness: This is how reliable or correct predictions a classifier makes when it encounters noisy data or data 

with missing values.   

Scalability: This can be considered as an aspect to evaluate when the classifier is given large amounts of data. It 

measures how well the classifier operates given the large amount of data and is usually evaluated by classifying 

data of increasing size.   

Interpretability: The amount or extent where the results of the classifier can be interpreted. This is a 

measurement where it can be very hard to assess different classifiers based on it since it is subjective.  

 

Accuracy Estimating Methodologies 

Estimating accuracy is important for several reasons. Firstly, it is needed to verify if a model is reliable for 

future predictions. Secondly, when there is more than one model, there needs to be some kind of measurement 

or a metric that can separate the best among multiple models and this is where an accuracy estimation method 

comes in. Lastly, it can be used in order to assign confidence intervals to multiple inducers so that the outcome 

of a combining inducer can be optimized [7] . 

 

Holdout Method  

The holdout method is also referred to as the simple split or test sample estimation. This method is probably the 

simplest and most commonly used practice among the evaluation methods. The data is split randomly into two 

independent subsets: training and testing. The split ratio that is preferred generally is; selecting the training set 

from 2/3 of the data and testing data from the remaining 1/3 [7]. After the data is split into training and testing, a 

classification model is built by the inducer using the training data. 
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K-Fold Cross Validation  

When the data is limited and it is too risky to split into two subsets, other methods need to be considered. One of 

these methods is called k-fold cross validation, also known as the rotation estimation. It is a very important 

method within the validation techniques since it aims to minimize the bias associated with random sampling of 

the training and holdout method [7]. In order to minimize the bias, it makes full use of the data.   

 

Leave-one-out Method  

The leave-one-out method is considered as a variation or a special case of k-fold cross validation. This 

methodology is the same in principle, but the only difference with leave-one-out method is that the k value is set 

to the number of instances in the dataset. Assume the dataset has N number of instances, then the leave-one-out 

methodology is k-fold cross validation where k is equal to N. Every instance in the dataset is left out once to 

become the test sample and the rest of the data (N-1) is used to train the classification model. The process can 

only be applied once since every single data instance is going to be used once for testing during building the 

model. Just like in cross validation technique, the average of all the accuracies yields the classification accuracy 

 

Datasets  

Choosing the datasets is essential in the experiment because the data that is chosen needs to be reliable and 

applicable. Applicable means the data needs to be in the correct format and ready for classification purposes. 

Additionally, not all types of data are suitable for decision tree learning or classification to be specific. 

Therefore, the datasets need to be chosen carefully and then should be preprocessed if it is not already.   

 

Table 1: dataset characteristics 

Dataset Cases Classes Attributes Continuous Categorical 

Arrhythmia 452 16 279 207 72 

Audiology 226 24 69 0 69 

Breast Cancer 286 2 9 0 9 

 

Algorithms and Evaluation Methods Chosen  

There is a great range of different decision tree algorithms available but not all of them are available in data 

mining tools and again not all of them are worth exploring. In this paper, four different decision tree algorithms 

were chosen according to their well-known performance in both private sectors and academic researches. 

Hence, the chosen algorithms are the ones that have been discussed in the thesis; the well-known C4.5, C5.0, 

CART and CHAID. The most widely used evaluation methods have been chosen to assess the selected five 

decision tree algorithms. These evaluation methods include leave-one-out method,5-fold cross validation, 10-

fold cross validation, holdout method with 50 percent split ratio and holdout method with 66 percent split ratio.   

 

Tools Used  

In order to accomplish good academic research and experiments on decision trees, tools are vital. Choosing the 

correct tools for the job plays an important part in the academic research and also in private businesses as well. 

Not all the tools have all the machine learning and data mining algorithms built in; therefore, tools were chosen 

based on the methods and algorithms that were going to be employed. In this case, four decision tree algorithms 

were chosen to be tested on various evaluation methods; C4.5 and CART The algorithms are implemented and 

tested in WEKA tool. 

III. RESULTS 

 

In the experimental part of the thesis, tests were performed in order to measure the possible differences between 

evaluation methods in terms of accuracy when the datasets were induced using several different algorithms and 

various evaluation methods. 
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Table 2: Arrhythmia test results 

Arrhythmia dataset was tested and the results are displayed in Table 2. According to the results, leave-one-out 

method has been the best evaluation method for this dataset since both the highest measured accuracies of the 

algorithms belong to the leave-one-out method.  

 
 

Table 3: Audiology test results 

 

The results in Table 3 belong to the Audiology dataset. Leave-one-out is the best evaluation method in terms of 

accuracy when compared with the other methods but the difference between the accuracies is very small. The 

second best is 5-Fold CV but again the accuracy difference between 10-Fold CV which is the third best, is very 

small so that both methodologies basically performed identically.  

 

 
 

Table 4: Brest cancer test results 

 

Breast cancer results are given in Table 4 and according to those results, leave one-out is the best evaluation 

method for the dataset. It gave 1.5-2 percent better performance in terms of accuracy when compared with the 

second best method which is the 10-Fold CV. Then it is 5-Fold CV which is the third best by the accuracy 

measure. Lastly, both holdout methods have very close results. 

 

Result Evaluation  

The results of the datasets have been explained one by one in the previous section. In this section, all the results 

have been combined in order to make some logical inferences. Moreover, comments are also made based on the 

combined results. The results that have been gathered are interesting, but as it can be seen from the results, not 

all of the datasets have been very informative for the study’s purpose. For instance, the datasets that had very 

close results to each other when the evaluation methods were compared or the datasets that had very confusing 

results were not very productive for the research. However, there is not a notion that all the datasets perform in 

an expected way or give amazing results in overall. Such a thought would not be logical since all the datasets 

have their own characteristics and act in different ways.   

 

Dataset 1 2 3 

Arrhythmia Leave one 10 fold 5 fold 

Audiology Leave one  5 fold 10 fold 

Breast cancer Leave one 10 fold 5 fold 

Total Leave one 3/3 10 fold (2/3) 5 fold (2/3) 

Table 5: Combined test results 

 

There are some interesting results that can be seen in the combined results table. Firstly, it can be observed that 

in almost every result Holdout 50 method has performed the poorest by a substantial difference. This is a 

sensible result if decision tree growing criteria are taken into consideration. In order to build a tree, there must 

be sufficient data and the more the data the better trees will perform once grown. However, building the model 

with the majority of the data might also cause overfitting issues., Secondly, leave-one-out method could be 

considered as a cross validation method since it is a special case of it as mentioned earlier. Taking this notion 

into consideration, the evaluation methods that are applied in this experiment can be grouped into two method 

categories; holdout methods and cross validation methods. If the results are examined, it is clear that in almost 

every case cross validation methods have outperformed the holdout methods. The only important outcomes of 
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the results were that cross validation methods outperformed the holdout methods and Holdout 50 method 

performed poorest.  

IV. CONCLUSION 

 

In the experiment, five decision tree algorithms were tested by five evaluation methods on ten different datasets. 

The primary goal was to study the effects of evaluation methods on decision tree accuracy. There were two main 

findings from the experiment. Firstly, cross validation methods were superior to the holdout methods in overall. 

Secondly, holdout 50 split performed the poorest in almost every test.  However, there are probable reasons 

behind the obtained results. For instance, it is very probable that the reason holdout 50 split had performed the 

worst is due to insufficient number of training instances.  
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