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Abstract. We present an effective computer approach to solve classification tasks for big datasets.  
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1 Introduction 

 

 

We investigate only public data sets, because everybody can be found them. We carry out 

experiments with two public data sets: breast cancer Wisconsin available in [6] and diabetes dataset 

Frankfurt available in [7]. All experiments are executed with Python 3.7 in Anaconda on a Laptop 

with 1.50 GHz Intel(R) Core(TM)  and 8 GB RAM, running on Windows 10. In the experiments, 

we split the data into 80% data training and 20% data testing.  

1. Example 1. Diabetes dataset Frankfurt  

The classification analysis of diabetes dataset from the hospital Frankfurt is provided in [2]. Here 

we apply our algorithm to execute the same task. We compare the computational results in Table 

1. We apply our algorithm to models Logistic Regression (LR), Support Vector Machine (SVM), 

Random Forest (RF), and Decision Tree (DT). We compare our results to results of the same 

models obtained in [2] (see Table 1).  Looking at Table 1 we conclude that our algorithm achieves 

better results from the corresponding values obtained by Abdulkader and coauthors [2]. Moreover, 

our algorithm predicts two classes of the dataset better (see values of Recall (Class 1) and Recall 

(Class 2) for the Random Forest and Decision Tree). 
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                                                             Table 1. 

                                                             Results for diabetes dataset Frankfurt. 

Models Our algorithm 

class_weight = 

'balanced' 

Results 

Table 5 

[2] 

LR  

Accuracy 

Precision (Class 1) 

Precision (Class 2) 

Recall (Class 1) 

Recall (Class 2) 

 

0.77 

0.85 

0.64 

0.79 

0.73 

 

0.775 

0.57 

 

0.889 

0.75 

SVC with  

kernel='rbf'  

Accuracy 

Precision (Class 1) 

Precision (Class 2) 

Recall (Class 1) 

Recall (Class 2) 

 

0.96 

0.94 

1.00 

1.00 

0.88 

 

0.81 

0.482 

 

0.992 

0.972 

Random Forest 

Accuracy 

Precision (Class 1) 

Precision (Class 2) 

Recall (Class 1) 

Recall (Class 2) 

 

0.98 

0.98 

0.99 

0.99 

0.96 

 

0.99 

0.605 

 

0.873 

0.735 

Decision Tree 

Accuracy 

Precision (Class 1) 

Precision (Class 2) 

Recall (Class 1) 

Recall (Class 2) 

 

0.97 

0.98 

0.95 

0.97 

0.97 

No results 

 

 

 

2.Example 2. Breast cancer Wisconsin 

We consider the classification problem for the set of Wisconsin breast cancer observations. The 

multitude is available and can be found at UCI Machine Learning Repository  

(https://archive.ics.uci.edu/ml/datasets/Breast+Cancer+Wisconsin+%28Diagnostic%29) There 

are 30 numeric attributes of features in the dataset. Dataset has 569 instances that divided into two 

classes: benign and malignant. Benign consists of 212 instances, and malignant consists of 357 

instances. The target is to classify the tumor as malignant or benign.This set has been intensively 

studied by several authors. We will compare the proposed algorithm and its results with the results 

from the following studies [1,3,4,5].  

The focus of the article [1] is on the Artificial Neural Network (ANN) model.  

The ANN model is applied as a procedure of feature selection. The results are the Recall of 95% 

and the Precision of 60.32% (see Table 4) [1].  

https://archive.ics.uci.edu/ml/datasets/Breast+Cancer+Wisconsin+%28Diagnostic%29
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The XGBoost model has the best result obtained in the investigation from [3]. The metrics of 

XGBoost are Recall 96,75%, Precision 97,28%, and Accuracy 97,19%. Comparing with the values 

of Table 2 we conclude the similar values of Random Forest and Decision Tree are competitive to 

the XGBoost model. 

 

                                            Table 2. 

                                            Results for the breast cancer Wisconsin   

                                            (Positive = malignant = 0, Negative = benign = 1) 

 

Models Our 

algorithm  

class_weight 

=  

'balanced' 

Results [3]. 

LR  

Accuracy 

Precision (Class 1) 

Precision (Class 2) 

Recall (Class 1) 

Recall (Class 2) 

 

0.98 

0.98 

0.98 

0.98 

0.98 

No results 

 

SVC with  

kernel='rbf'  

Accuracy 

Precision (Class 1) 

Precision (Class 2) 

Recall (Class 1) 

Recall (Class 2) 

 

 

0.93 

0.87 

1.00 

1.00 

0.86 

 

 

0.956 

 

0.984 

 

0.94 

Random Forest 

Accuracy 

Precision (Class 1) 

Precision (Class 2) 

Recall (Class 1) 

Recall (Class 2) 

 

0.99 

1.00 

0.98 

0.98 

1.00 

 

0.956 

 

0.984 

 

0.94 

Decision Tree 

Accuracy 

Precision (Class 1) 

Precision (Class 2) 

Recall (Class 1) 

Recall (Class 2) 

 

0.99 

1.00 

0.98 

0.98 

1.00 

No results 

 

 

In addition, we compare values of confusion matrices obtained by our algorithm, and values from 

Table 4 [4], Table 3 [3], and results from [5].  The elements of all confusion matrices on the test 

set with 114 observations (80%:20% for train:test) are given in Table 3 (our algorithm), Table 4, 

Table 5, and Table 6 in this paper. It is easy to make a comparison between table 3 and other ones. 
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                                         Table 3. 

                                         The entries of the confusion matrix of breast cancer Wisconsin dataset 

 

 Our Algorithm 

Models TN FN FP TP 

LR 52 0 1 61 

SVM, rbf 55 8 0 51 

Random 

Forest 

56 0 0 58 

Decision 

Tree 

53 1 0 60 

 

 

                                          Table 4. 

                                         The entries of the confusion matrix of breast cancer Wisconsin dataset  

                                         based on Table 4[4]. 

 Laghmati et al., Table 

4 [4=28]   

Models TN FN FP TP 

AdaBoost 81 7 0 26 

k-NN 88 1 0 25 

Decision 

Tree 

78 10 2 24 

BSVM 87 1 5 21 

 

                                                   Table 5. 

                             The entries of the confusion matrix of breast cancer Wisconsin dataset     

                             based on Table 3 [3]. Notations are given in [3] 

 Results from Table 3 

[3]  

Models TN FN FP TP 

GNB 43 4 4 63 

k-NN 44 1 3 66 

SVM 
46 4 1 63 

DF 46 4 1 63 

AdaBoost 44 2 3 65 

GB 45 2 2 65 

XGBoost 46 1 1 66 

MLP 43 3 4 64 
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                                                  Table 6. 

                                                  The entries of the confusion matrix of breast cancer Wisconsin dataset  

                                                  based at Adebiyi et al. in [5].  

 Results obtained in [5] 

Models TN FN FP TP 

LDA Using 

Random 

Forest    

44 3 2 65 

Without 

LDA Using 

Random 

Forest    

44 3 3 64 

LDA Using 

SVM 

44 3 1 66 

Without 

LDA Using 

SVM        

43 4 5 62 

Note that FP+FN is the number of wrongly predicted observations from all confusion matrices 

described in Table 3, Table 4, Table 5, and Table 6. According to Table 5 the min(FP+FN)=2 

(XGBoost, Table 5). The min(FP+FN)=1 for k-NN model obtained by  Laghmati et al. as shown 

in Table 4. Moreover, the min(FP+FN)=0 for the Random Forest model obtained in this paper, and 

min(FP+FN)=1 for Decision Tree and Logistic Regression with the proposed algorithm (see  Table 

3).  
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