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Abstract  

 
In the present work, the CRISP-DM methodology was proposed to develop a set of machine learning models applied 
to evaluate cervical cancer risk suffer. For this research, a sample of 858 patients was taken, who were asked a series 
of questions regarding this pathology. The database has an unbalanced dependent variable, since this is a health study, 
the balancing technique will not be used to identify the variables that will enter the model, the Boruta library was used 
for variable selection. For the development, five algorithms will be used: Support Vector Machine (SVM), decision 
trees using the CHAID and CART algorithms, logistic regression and "asymmetric link" models. The models proposed 
in this work were refined by means of the Auc, Gini, Log loss and KS (Kolmogorov-Smirnov) indicators, as a result 
using the proposed models, AUC values of 98% were obtained. 
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1. Introduction  
Cervical cancer occurs in the lower part of the uterus, this type of pathology is one of the most common and with high 
mortality rate if not detected in time. Various strains of human papillomavirus (HPV), or a sexually transmitted 
infection, play an important role in causing most types of cervical cancer. Most used test to detect are Hinselmann, 
Schiller, citology and biopsy (Moldovan, 2020), which are very methods to detect this oncology pathology. Because 
sexually transmitted infections play an important role in the risk of having cervical cancer, variables with information 
on sexually transmitted infections were included in the study (Islami et al. 2017; Sindiani et al. 2020). In this sense, 
our work presents a predictive model using machine learning techniques to classify patients which might be more 
likely to have cervical cancer and thus be able to detect them and prevent future deaths.  
 
This paper has been structured as follows: Sections 2 and 3 describe the literature reviewed and our research 
methodology. Section 4 discusses data treatment and modeling. Section 5 provides results and the improvements 
proposed. Finally, Section 6 presents our conclusions and recommendations for future lines of research on the subject 
matter. 
 
1.1 Objectives 
For these purposes of this work, the following objectives were defined 

• Design a predictive classification model to determine who is more likely to be at risk of cervical cancer. 
• Compare models using unbalanced data  

 
2. Literature Review  
Machine learning applied to solve health problems is a big trend on different phases of medical research. On the 
diagnostic phase different ensemble models can obtain good results as reported in Hsu, et al. (2021). The main aspect 
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in this field is where obtain data to create models. In relation to this, open access image databases (Weegar and 
Sundström, 2020), and tabular data as in the UCI database, are helpful to evaluate new models (Sindiani et al. 2020; 
Adem et al. 2018; Richter and Khoshgoftaar, 2018; Dua and Graf, 2019; Priya and Karthikeyan, 2020). 
 
The study of the detection of this type of cancer had increased in techniques such as convolutional neural networks 
and image processing in combination with KNN or SVM filtering methods. (Jia et al. 2020; Arora et al. 2021; Lee, 
2021; Bhuvaneshwari, 2019). Using nuclei cellular images by cytopathologists to identify features that train 
hierarchical Bayesian and stacked models to detect the presence of anomalies (Diniz et al. 2021). The use on bio 
markers for cancer detection are part on these methods, this increase precision metrics (Hajjo et al. 2021). In relation 
of applying image classification techniques, some studies describe better performance using "transferred learning" 
techniques (Chandran et al. 2021). In the work of Meng (2020) supervised algorithms, ensemble techniques with 
random forest and boosting methods perform well using stack model with AUC values in range 77-78%. In the same 
sense cluster classification as a function of survival time is also applied as a prediction of cervical cancer as a variable 
(Ding et al. 2021). There are works related to the application of analytical models in unbalanced data which explain 
this approach (Jiang et al. 2021; Tay, 2016). An important fact related to data manipulation in this type of study is 
presented by Ijaz et al. (2020), using synthetic methods (SMOTE) to increase number of cases to obtain balance data. 
 
3. Methods  
In the case of a data mining projects, CRISP-DM methodology is a standard for experimental purposes using 
databases. It is structured in six phases, some bidirectional, which means that in some of them, would be iterative 
review of data. Completion of phases closes a complete implementation cycle of a datamining project (Meng, 2020; 
Yaacob et al. 2019). 
 

 
 

Figure 1: CRISP-DM Methodology Phases  

 
Figure 1 shows the incremental nature of the methodology emphasizing in our study the application of supervised 
models that have a dichotomous qualitative variable as target. The method suggests successive iterations on data 
understanding and modeling phases to increases accuracy metrics in successive iterations (Aggarwal, 2015).  
 
4. Data Collection  
Data was obtained from UCI Irvine database, collecting 858 cases from the “Hospital Universitario de Caracas- 
Venezuela” (Dua and Grafff, 2019). In relation to the treatment of missing values, all variables were imputed with 
median and mode, so as not to lose variables that could contribute to the model. (Figure 2) 
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The sample was divided into two parts: train and test for the construction and validation of the model. The train 
represents 70% and the test 30%.  
 
In the exploratory analysis of the data, the original set of records 859 and variables 34 was used. 

• 10 variables have no missing values in their records. 
• 5 variables have less than 5% missing values (Smokes, Smokes_years, Smokes_packs_year, FSI, PA). 
• 1 variable of 6% of predicted values (pregnancies). 
• 17 variables with missing values between 12% and 14% (HC, HCA, IUD, IUD_years, STDs, 

STD_number, STDs_condylomatosis, STDs_cervical_condylomatosis, STDs_vaginal_condylomatosis, 
STDs_vulvo_perineal_condylomatosis, STDs_syphilis, STDs_pelvic_inflammatory_disease, 
STDs_genital_herpes, STDs_molluscum_contagiosum, STDs_AIDS, STDs_HIV and STDs_Hepatitis.B) 

 

 
Figure 2: Percentage of missing values by variable 

 
The variables that exceed a cutoff point of 0.6 (recommended, but not influential) are the variables STD_number, 
Smokes years, which will be removed in the model since the variables have a high relationship with the target variable. 
(Figure 3) 
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Figure 3: "Spearman" correlation matrix 

 
4.1 Balancing of the target variables 
As the study is a case of health, having or not having the risk of having cervical cancer, the baseline is unbalanced. 
This has been decided so as not to manipulate the nature of the data (Buja, et al. 2005). For this reason, it makes 
sense to use a skewed logistic model (Tay, 2016). (Table 1) 
 

Table1: Distribution of the target variable 
 

Dependent variable: risk Amount of data Percentage of total 
0 803 93.59% 
1 55 6.41% 
Total 858 100.0% 

   
 
5. Results and Discussion  
 
5.1 Numerical Results  
For the variable selection the Boruta library was implemented. It is a selection method subsets data obtaining the best 
possible fit. This method uses Random Forest as the underlying algorithm, consisting of entering all variables into the 
equation and then excluded one after the other. At each iteration the variable with less importance is taken out quantify 
contrast. Applying this method, we have five selected variables for the proposed models. Those marked in green are 
the most important, followed by those marked in yellow and red. The important variables for the model are Age, Dx, 
Cytology, Shiller, Hinselmann. 
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selection will be applied only to the logistic regression algorithm. The variables that were selected are: 
STDs_condylomatosis, STDs_HIV, Dx_Cancer, Hinselmann, Schiller. 
 
The models obtained in the modeling stage were evaluated with the test data, obtaining the following indicators 
shown in Table 2. 
 

Table2: Comparison of models. Validation indicators 
 

Model AUC GINI LOG-LOSS K-S 
Logistics-BK 0.877 0.754 0.123 0.774 
Logistics 0.917 0.833 0.124 0.774 
CHAID Tree 0.872 0.744 0.128 0.711 
CART tree 0.872 0.744 0.128 0.711 
Radial SVM 0.910 0.821 0.131 0.774 
Linear SVM 0.919 0.838 0.123 0.824 
Cloglog 0.982 0.964 0.098 0.726 
Scobit 0.974 0.947 0.096 0.724 

 
5.2 Graphical Results  
Variable importance are obtains using Boruta library using R programming language. Figure 4 shows box plots on 
importance for the model of each variable to detect the ones to be used on the model. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

Figure 4: Result of Boruta's method 
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5.3 Proposed Improvements  
It will be interesting to try other variable selection techniques to determine the best variables before creating the 
models, for example: Stepwise, Forward, and penalized models such as Lasso regularization. In addition, algorithms 
such as Random Forest, neural networks, etc. could be applied to evaluate performance 
 
6. Conclusion 
In our study Cloglog algorithm is slightly superior to Scobit, both algorithms perform better analyzing different 
performance metrics in comparison to other traditional methods. These algorithms have better predictive application 
on obtaining cervical cancer risk due to the fact dataset is unbalanced.  
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