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Abstract 

 

Breast cancer is one of the most common cancers among 

women, representing a major cause of morbidity and 

mortality worldwide. In the Democratic Republic of Congo, 

the lack of systematic screening exacerbates the difficulties 

in identifying high-risk patients at an early stage. This study 

aims to develop a predictive model based on machine 

learning, drawing on an analysis of breast cancer risk 

factors. The main objective is to facilitate early detection 

and improve patient care by proactively identifying those at 

increased risk of developing breast cancer. The 

methodology of this study is based on the Team Data 

Science Process (TDSP), which organises and optimises the 

various stages of predictive model development, from data 

collection to results evaluation. Clinical data and variables 

related to family history, health behaviours, and 

physiological characteristics were incorporated into the 

model. Machine learning algorithms, including Support 

 

Vector Machine (SVM), were used to build the model, 

offering 97% accuracy in predicting breast cancer risk. This 

model was then deployed in a production environment with 

an intuitive user interface, allowing physicians to easily 

analyse the results. The results showed that integrating such 

a tool could significantly improve early detection 

capabilities in settings where screening resources are 

limited, while reducing treatment costs associated with late 

diagnoses. The findings of this article pave the way for the 

implementation of a national screening programme based 

on predictive tools, thereby helping to reduce healthcare 

disparities and improve the prognosis for at-risk patients. 

Future improvements to the model could focus on 

integrating new biomedical data and adjusting models for 

more diverse clinical settings. 
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1. INTRODUCTION  

 

Breasts play an important role in femininity and in the image 

women have of their bodies. The biological function of the 

breast is to produce milk to feed a newborn baby. The 

structure of the breast is complex. Each breast (also called a 

mammary gland) is composed of fifteen to twenty 

compartments separated by fatty tissue, which gives the 

breast its familiar shape. Each of these compartments is 

made up of lobules and ducts. The role of the lobules is to 

produce milk during breastfeeding; the ducts then transport 

the milk to the nipple. (Sor savoir patient, 2022).  

 

Cancer is a disease of the cell. The cell is the basic unit of 

life. There are more than two hundred different types of cells 

in the body. All of them have a specific role: muscle cells, 

nerve cells, bone cells, etc. However, when a cell becomes 

cancerous, it loses its ability to repair itself. It then begins to 

multiply and eventually forms a mass called a malignant 

tumour.  

 

Malignant tumour cells tend to leave their original tissue and 

invade neighbouring tissues; this is known as invasive 

cancer. Some tumours remain in their original tissue 

without invading neighbouring tissues. This is known as 

cancer in situ ("remaining in place"). (Sor savoir patient, 

2022). Cancer cells tend to migrate to other organs or parts 

of the body, where they develop new tumours called 

metastases. In this case, the cancer is said to be metastatic. 

(Alessandro Furlan, 2007). Breast cancer is a malignant 

tumour that develops in the breast. There are different 

types of breast cancer. The most common (95%) develop 

from cells in the ducts (ductal cancer) and lobules (lobular 

cancer). These are called adenocarcinomas.  

 

Scientists are trying to find out why it occurs. Despite 

advances that have led to a better understanding of the 

mechanisms of cancer development, the causes of breast 

cancer are currently unknown. However, studies have 

identified certain risk factors that promote breast cancer, 

such as age, genetics, family history, etc. This is why breast 

cancer screening is widespread in some countries. 

Throughout the country, women between the ages of 50 and 

74 are invited to have a mammogram every two years, which 

is covered 100% by the National Health Service (with no 

upfront costs).  

 

2. Purpose of this article  

2.1 Main objective  

The main objective of this article is to develop a machine 

learning model that can predict the risk of developing breast 

cancer in women, using breast cancer risk factors, in a 

context where there is no national systematic screening 

programme.  

2.2 Specific objectives  

 

● Analyse risk factors: Identify and analyse the main 

risk factors associated with breast cancer, taking 

into account their interaction and their impact on the 

probability of developing the disease.  

● Design and train the predictive model: Use 

machine learning algorithms to design a predictive 

model, then train it with the collected data to 

optimise its accuracy and robustness.  

● Test the clinical application of the model: 

Evaluate the feasibility and effectiveness of 

integrating the predictive model into clinical 

practice, ensuring that it can help healthcare 

professionals identify high-risk women and 

recommend appropriate screening tests.  

● Explore the prospects for implementing a 

national screening programme: Use the results of 

this study to formulate recommendations and lay 

the groundwork for a future national systematic 

breast cancer screening programme.  

3. Issues related to breast cancer   

 

Breast cancer is a disease characterised by the abnormal and 

uncontrolled proliferation of breast cells that form a 

malignant tumour. It is one of the most common cancers in 

women worldwide and a major cause of female mortality. 

However, it can also affect men, although to a much lesser 

extent (approximately 1% of cases). 

The incidence of breast cancer varies from region to region, 

but it remains a serious public health problem. Its impact is 

medical, psychological, economic and social, as it affects not 

only the patient, but also her family and society as a whole. 

Thanks to advances in medicine (early detection, targeted 

treatments, awareness), survival rates have improved, but 

many challenges remain. Some of the problems associated 

with breast cancer include:  

4. Public health issues 

 

Breast cancer is a major global public health issue, as it is the 

most common cancer in women and the leading cause of 

cancer death in women, with millions of new cases and 

hundreds of thousands of deaths each year. The scale of the 

problem: 
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1. A global disease: Breast cancer affects virtually all 

women and men (in less than 1% of cases) from 

puberty onwards, with incidence peaking with age. 

2. Alarming statistics: In 2022, an estimated 2.3 

million women were diagnosed with breast cancer 

and 670,000 died from the disease.  

3. Inequalities: Diagnosis and mortality rates vary 

considerably between countries, particularly in 

terms of access to screening and care.  

 

— Firstly, the lack of a systematic screening 

programme: Unlike some countries where regular 

breast cancer screening programmes are in place, 

our country does not have such a programme. This 

leaves a large proportion of the female population 

without systematic monitoring, increasing the risk 

of late diagnosis.  

 

— Secondly, the limitations of traditional methods: 

Although mammograms and breast MRIs are 

effective tools for breast cancer screening, they are 

often only used when there are already symptoms 

or specific reasons to suspect cancer. This reactive 

approach can lead to late diagnoses, when treatment 

is less effective.  

 

— Tercio regarding the underutilisation of 

available data: Breast cancer risk ctors, including 

medical history, genetic information, and lifestyle 

factors, are not fully exploited for proactive breast 

cancer prediction. There is an opportunity to use 

this data to identify high-risk women before 

symptoms appear.  

5. Scope of the study  

 

The scope of this article is defined along three main axes: 

thematic, temporal, and spatial. These axes allow us to 

situate the limits and scope of the research in the context of 

developing a predictive model for breast cancer based on its 

risk factors.  

5.1 Thematic scope  

This article focuses on the development of a predictive 

model for breast cancer using breast cancer risk factors. It 

explores the application of artificial intelligence and 

machine learning algorithms in modelling the risks 

associated with breast cancer. Thematic aspects include the 

identification and analysis of risk factors (genetic, clinical, 

and lifestyle-related), the design of a predictive model, and 

its potential integration into clinical practice to improve 

early cancer detection.  

Our research is limited to the analysis of available data and 

the application of supervised learning algorithms to predict 

risks, without addressing therapeutic or cancer treatment 

aspects.  

5.2 Time frame  

This research covers the period from November 2024 to 

September 2025, during which the data used for modelling 

was collected and analysed. This period was chosen because 

of the accessibility and relevance of recent data that 

incorporates recent advances in the field of artificial 

intelligence applied to medicine.  

5.3 Spatial scope  

 

For this research, we chose the city of Kinshasa as the 

location for our research, with a particular focus on the LK 

Hospital healthcare facility and the local population that 

benefits from Kinshasa. The predictive model is designed to 

be adaptable and applicable in various clinical contexts, but 

it also specifically targets a female population without 

uniform access to screening programmes.  

 

6. Methodology  

 

This document presents a detailed analysis of the 

methodologies used to develop a predictive model for 

breast cancer based on risk factors, as well as recent 

significant advances that improve the early detection of 

this disease. The objective is to provide a structured 

overview that is useful in the context of an academic 

thesis, research project or clinical development. 
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6.1. Methodologies for developing a predictive model 

a) Classical statistical approaches 

 

     Figure 1: Logistic regression 
 

 

• Logistic regression: used to estimate the probability of 

developing breast cancer based on risk factor (age, family 

history, breast density, hormonal status). It offers high 

interpretability but has difficulty capturing complex 

relationships. Examples: Gail and Tyrer-Cuzick model. 

 

Figure 3: Machine learning methods

 

• Cox models (survival analysis): used to estimate the 

risk of occurrence over time, useful for monitoring 

progression. 

 

 
Figure 2: Cox models (survival analysis) 

b) Machine learning methods 

 

— Decision trees and Random Forest: capture 

complex interactions between factors. Random Forest 

reduces overfitting and provides measures of variable 

importance; 

— Gradient Boosting Machines (XGBoost, 

LightGBM): highly effective for tabular data, more 

accurate but less interpretable; 

— SVM (Support Vector Machines): effective for 

separating high- and low-risk patients, performs well 

on small datasets; 

— K-Nearest Neighbours (KNN): classification based 

on similarity, limited in cases of excessive 

dimensionality. 

 

c) Deep learning 

 

— Deep neural networks (DNN): allow clinical, 

biological and genetic data to be integrated 

simultaneously; 

 
Figure 4: Deep neural networks (DNN) 

 

— Convolutional Neural Networks (CNN): used 

for medical image analysis (mammography, 

MRI, ultrasound), identify masses and 

microcalcifications; 
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Figure 5: Convolutional Neural Networks (CNN) 

 

— Multimodal models: combine imaging, clinical 

and genetic data, producing more robust and 

personalised predictions. 

 

 
Figure 6: Multimodal models 

 

d) Radiomics 

 

A method that involves extracting quantitative 

characteristics from medical images (shape, texture, 

intensity). This data is then integrated into machine 

learning models to identify signatures correlated with 

tumour risk or aggressiveness. 

e) Validation and evaluation 

 

— Internal validation: separation into training, 

validation and test data; 

— External validation: application to another cohort to 

verify robustness; 

— Metrics: AUC-ROC, sensitivity, specificity, positive 

and negative predictive values; 

— Calibration: verification that the estimated 

probabilities correspond to the actual risk. 

 

 

 

6.2. Significant advances in early detection 

 
a) Artificial intelligence applied to mammography 

 

AI algorithms help radiologists detect abnormalities. The 

result is improved sensitivity and reduced variability 

between readers. Examples: AI that automatically marks 

suspicious areas. 

   

  
  

 
Figure 7: AI algorithms help radiologists detect 

abnormalities 

b) Digital breast tomosynthesis (DBT) 

 

3D mammography reduces the effect of breast tissue 

overlap. It increases cancer detection, reduces false 

positives and is particularly useful for dense breasts. 

  

Figure 8: Digital mammography for Helianthus DBT 

breast tomosynthesis 
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c) Polygenic Risk Scores (PRS) 

 

PRS combine hundreds of genetic variants to assess 

individual risk. They enable patients to be stratified into 

risk groups, paving the way for personalised screening. 

Limitation: variable performance depending on the 

population. 

 
Figure 9: Viola DBT full-field digital mammography (2) 

d) Liquid biopsies 

 

Analysis of circulating biomarkers (circulating tumour 

DNA, circulating tumour cells). Potential: to detect 

cancer before it is visible on imaging and to monitor 

recurrence. 

   

Figure 10: Liquid biopsies 

 

e) Radiomics and multiparametric imaging 

 

Multiparametric MRI (anatomical, diffusion, perfusion) 

combined with radiomic signatures improves the 

distinction between benign and malignant lesions. 

 

Figure 11: Predict dementia conversion  

f) Personalised risk-based screening 

 

This approach combines age, breast density, family 

history and PRS to tailor the frequency and modality of 

screening. It improves the effectiveness of screening 

while limiting over-diagnosis. 

 

Figure 12: Breast cancer: towards more personalised 

screening 

 

7. Analysis 

7.1 Data exploration   

 

Exploratory analysis of the relationships between 

different variables to better understand the 

correlations between them.  

 

https://www.google.com/url?sa=i&url=https%3A%2F%2Fwww.sciencesetavenir.fr%2Fsante%2Fcancer-du-sein-vers-un-depistage-plus-personnalise_174201&psig=AOvVaw3znfU4HmkV_vmA4sn_BpZm&ust=1759568028188000&source=images&cd=vfe&opi=89978449&ved=0CBgQjhxqFwoTCMDcgobUh5ADFQAAAAAdAAAAABAE
https://www.google.com/url?sa=i&url=https%3A%2F%2Fwww.sciencesetavenir.fr%2Fsante%2Fcancer-du-sein-vers-un-depistage-plus-personnalise_174201&psig=AOvVaw3znfU4HmkV_vmA4sn_BpZm&ust=1759568028188000&source=images&cd=vfe&opi=89978449&ved=0CBgQjhxqFwoTCMDcgobUh5ADFQAAAAAdAAAAABAE
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7.2 Preparing data for exploration  

 

Before exploring the data, it must be cleaned and 

prepared. This includes:  

 

o Removing duplicates: Eliminating redundant or 

incorrect entries. We do not have any duplicates 

in this dataset because the BCSC did some 

preliminary work on data preparation.  

 

o Treatment of missing values: Imputation of 

missing values using statistical methods or 

deletion of incomplete observations. Note that, 

as in the previous point, we do not have any 

missing values thanks to the preliminary work 

carried out by BCSC.  

 

7.2.1 Descriptive statistical analysis  

 

This step consists of analysing the main 

characteristics of the data using basic statistical 

methods:  

 

• Univariate statistics: Calculation of measures 

of central tendency (mean, median) and 

dispersion (standard deviation, variance) for 

each variable. All continuous variables are 

grouped together, so we are dealing with 

categorical variables. It is therefore not 

necessary to measure these trends. 

• Visualisation of distributions: This involves 

visualising the distribution of the variables.  

 
Figure 13: Distribution of the age variable 

 

Note that the distribution across age groups shows us 

that the majority of women analysed are in groups 6, 

7, 8 and 9. However, group 7 has the highest number 

of entries.   

   

• Frequency assessment: Verification of the 

distribution of categorical variables.  

  
Figure 14: Distribution of the dependent variable in 

the dataset  

  

7.2.2 Correlation analysis  

 

Correlation analysis between variables allows 

important relationships to be identified:  

 
Figure 15: Correlation matrix between different variables  

 

7.2.3 Detection of anomalies  

 

Data mining also helps to identify outliers or anomalies 

that may distort the model:  

 

• Identification of outliers: Use techniques 

such as box plots or interquartile distance to 

detect abnormal data points.  

  
Figure 16: Interquartile distance of the age variable 
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• Decision on how to handle outliers: Either 

remove them or transform them to make them 

more consistent with the rest of the data.  

 

We do not have outliers in this dataset thanks to the 

work carried out upstream by the BCSC.  

 

Transformation of variables: Normalisation or 

standardisation of continuous variables and 

transformation of categorical variables into numerical 

values if necessary.  

 

a. Separation of data into features X and target 

label y:   

 

  
 

b. Perform a train-test split on the data, with a test 

size of 10%:   

 

  
 

7.2.4 Modelling  

 

The modelling phase involves designing, training 

and optimising the predictive model.  

 

- Choice of algorithms: Justification of the 

machine learning algorithms selected.  

 

For this project, we will use two of the most effective 

machine learning algorithms for classification 

problems: SVM (Support Vector Machine) and 

KNN (K-Nearest Neighbours).  

After evaluation, only one will be selected for our 

model.   

 

- Training, optimisation and validation: 

Description of the model training process using 

the collected data and cross-validation to 

measure performance.  

 

 

1. SVM (Support Vector Machine):   

  

Model creation:  

    

  
  

Use of GridSearchCV to perform a grid search 

to find the best C and gamma parameters:  

  

  
  

Model training:   

  

  
Figure 17: SVM model training  

 

Best parameters:  

  

  
 

Evaluation:   
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Figure 18: SVM confusion matrix 

   

  
Figure 19: SVM classification report  

  

  
              Figure 20: SVM ROC curve 

 

2. KNN (K-Nearest Neighbours):   

 

Model creation:  

  
 

Use of GridSearchCV to perform a grid search to 

find the best parameters:  

  

Model training:   

  
Figure 21: Training the KNN model  

  

Best parameters:  

 

 

  
 

Figure 22: Best KNN parameters  

  

 
Figure 23: Model performance evaluation curve with 

KNN based on the K parameter 

 

Evaluation:   

 
Figure 24: KNN confusion matrix 

  



 

 

  

15 

 

  
   Figure 25: KNN classification report 

  

  
Figure 26: KNN ROC curve  

 

The evaluations of the two models give us: 

   

The proportion of correct predictions out of all 

predictions (accuracy), representing overall precision, is 

0.97 for SVM and 0.95 for KNN. The proportion of 

correct positive predictions out of all positive predictions 

made (precision) for macro avg and weighted avg is 0.97 

for SVM and 0.95 for KNN.  

  

The proportion of true positives captured among the truly 

positive examples (recall), representing the sensitivity of 

the model, is 0.97 for SVM and 0.95 for KNN. The 

harmonic mean of accuracy and recall (F1-score), an 

overall measure of performance for unbalanced classes, 

is 0.97 for SVM and 0.95 for KNN.  

  

7.2.5 Deployment  

 

Once the model has been validated, it is deployed for use.  

 

- We begin by saving our model using joblib so 

that we can load it later into the API.  

 

  
  

- Create a Flask API:   

  

The API will serve as an intermediary between the model 

and the human-machine interfaces that doctors will use. 

 

 
 

Figure 27: Backend (API)  

 

7.2.6 Customer acceptance  

 

With an overall performance of 0.97, the model meets 

the main objective defined in the planning phase. The 

next step is to ensure that stakeholders (doctors, 

healthcare professionals, patients) are involved in the 

process of validating and adopting the model. To this 

end, a follow-up form will be provided to gather 

feedback from stakeholders. The template is shown 

below:   
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8. Sample  

 

Breast cancer is the most common malignant tumour in 

women worldwide and one of the leading causes of 

cancer-related mortality. More than 1.2 million cases 

are diagnosed each year, affecting 10 to 12% of the 

female population and accounting for nearly 500,000 

deaths per year worldwide. This geographical 

variability in incidence and mortality rates reflects the 

diagnostic and therapeutic challenges of breast cancer 

in resource-limited countries. (Ingala et al., 2024)  

 

a) Incidence and Mortality  

 

In Africa, breast cancer caused approximately 74,072 

deaths [95% CI, 67,345-81,472 with 168,690 (152,332–

186,804 cases) estimated to occur in 2018. The age-

standardised incidence rate (ASIR) was 37.9/100,000 in 

Africa, while the age-standardised mortality rate was 

17.2/100,000 in 2018.  

 

Nigeria had the highest absolute burden with 26,310 

[23,610 to 29,919] cases and 11,564 [10,302 to 12,981] 

deaths, followed by Egypt with 23,081 [21,734 to 

24,512] new cases and (9,254 [8,707-9,836) deaths in 

2018 (Fig. 1a and b). Geographically, high age 

incidence rates are also reflected in the high number of 

deaths across all ages, but age-standardised rates were 

quite asymmetrical between incidence and mortality in 

Africa. (Journal of Public Health, 2018)  

 
Figure 28: Geographical distribution of the burden of 

breast cancer in Africa: a) Incidence b) Deaths. Data 

source: GLOBOCAN 2018 (IARC).  

 

Breast cancer incidence and age-specific deaths 

increased up to the 45-49 age group and declined 

thereafter (Fig. 28). This pattern was consistent across 

almost all African countries, with incidence being 

highest in the middle age groups (30-49).  

Follow-up Form for Doctor Feedback 

Name: 
__________________________________________________ 

Speciality: 

_________________________________________________ 

Date template was used: __________________________________ 

Section 1: Use of the template  

  
1. Frequency of use:  

   How often did you use the predictive model during 

consultations?     
- [ ] Daily  

- [ ] Weekly  

- [ ] Less than once a week     
- [ ] First use  

2. Clinical relevance:  

   Was the model relevant in assessing patients 
at risk?     

- [ ] Very relevant  

- [ ] Relevant  
- [ ] Not very relevant  

- [ ] Not relevant at all  

3. Ease of use:  

   How would you rate the ease 

of use of the template?    

- [ ] Very simple  

- [ ] Simple  

- [ ] Moderately simple  

- [ ] Complex  
4. Interpretation of results:  

   Did you find the results provided by the model clear and easy to 

interpret?     
- [ ] Very clear  

- [ ] Clear  

- [ ] Moderately clear  

- [ ] Difficult to interpret  
5. Relationship to clinical examinations:  

   Were the model results consistent with the results of other clinical 

examinations (mammography, ultrasound)?  

- [ ] Always consistent  

- [ ] Often consistent  

- [ ] Sometimes consistent  

- [ ] Rarely consistent  

  
Section 2: Experience with patients  

  

6. Acceptance by patients:  
   How did patients react to the results provided by the 

model?     

- [ ] Very well accepted  

- [ ] Accepted  

- [ ] With scepticism  

- [ ] Rejected  

7. Impact on decision-making:  
   Will the model influence your clinical decisions 

regarding patients?     

- [ ] Yes, significantly  
- [ ] Yes, moderately 

- [ ] No, little influence  

- [ ] Not at all  

  
Section 3: Suggestions for improvement  

  

8. Suggestions for improvement of the user interface: 
____________________________________ 

  

9. Suggested improvements for interpreting results: 

________________________________ 

  

10. Other comments: 

______________________________________________________ 

  

Signature:_____________________Date: ___________________ 
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Figure 29: Age-specific distribution of breast cancer 

incidence and deaths in 2018. Incidence: New cases by 

age; Deaths: Number of deaths by age. Data source: 

GLOBOCAN 2018 (IARC). 

 

In Africa, the probability of developing breast cancer 

was 1 in 25 women (probability: 3.94%) during their 

lifetime (before the age of 75), while 1 in 57 women 

(probability: 1.77%) were expected to die from breast 

cancer during their lifetime (Fig. 3). The risk of 

developing breast cancer was 10 times higher in Africa; 

it was highest in Mauritius (7.27%, probability: 1 in 14) 

and lowest in Gambia (0.71%, probability: 1 in 141). The 

probability of dying from breast cancer varied sevenfold 

in Africa, from 0.42% (approximately 1 in 240) in The 

Gambia to Somalia (2.97%, probability: 1 in 34). 

(Journal of Public Health, 2018)  

 

  
Figure 30: Geographical distribution of the risk of 

developing and dying from breast cancer in Africa a) 

PROBINC (b) PROBDEATH PROBINC: Probability 

of developing breast cancer during one's lifetime 

(before the age of 75); PROBDEATH: Probability of 

dying from breast cancer 

 

In the Democratic Republic of Congo (DRC), breast cancer 

is a major public health problem due to its morbidity and 

mortality rates. In a study on the epidemiological, clinical 

and molecular profile of breast cancer in hospitals in the 

city of Kinshasa, Kingu M et al. found a frequency of 24% 

and that 94% of women were diagnosed at an advanced 

stage. (Kingu M et al., n.d.)  

 

Table 1: The impact of breast cancer in the DRC  

Country Incidence ASIR Deaths ASMR MIR 

Democratic 

Republic of 

Congo   

6,149 

[4,896–

7,723] 24.6 

3,263 

[2,631-

4,048] 13.6 0.40 

 

Table 2: Risk of incidence and death from breast 

cancer in 2018 in the DRC  

Country Incidence Deaths 

Democratic Republic 

of Congo  2.61 (1 in 38) 1.46 (1 in 69) 

 

b) Risk factors and prediction  

 

There are many different risk factors for breast cancer. 

These include biological, environmental and behavioural 

factors. The main ones are as follows:  

 

1. Age and gender  

 

Breast cancer occurs mainly in women, although 0.5 to 1 

per cent of cases occur in men. Age is an important 

factor, with an increased risk after the age of 40. Most 

cases are diagnosed in women over the age of 50. 

(World Health Organisation, n.d.)  

 

2. Family history and genetics  

 

Family history, particularly when a first-degree relative 

(mother, sister, daughter) has had breast cancer, 

increases the risk. Genetic mutations in the BRCA1 and 

BRCA2 genes are strongly associated with an increased 

risk of developing breast cancer. Other less common 

genetic mutations, such as PALB2, TP53 and CHEK2, 

also increase the risk. (Breast Cancer Hub, n.d.)  

 

3. Hormonal and reproductive factors  

 

Prolonged exposure to hormones, particularly oestrogen, 

is a significant risk factor. This includes factors such as 

early age at first menstruation (before age 12), late 

menopause (after age 55), and use of hormone 

replacement therapy after menopause. Not having 

children or having your first child after the age of 30 may 

https://www.who.int/news-room/fact-sheets/detail/breast-cancer
https://www.who.int/news-room/fact-sheets/detail/breast-cancer
https://www.who.int/news-room/fact-sheets/detail/breast-cancer
https://www.breastcancerhub.org/breast-cancer/about-breast-cancer-africa
https://www.breastcancerhub.org/breast-cancer/about-breast-cancer-africa
https://www.breastcancerhub.org/breast-cancer/about-breast-cancer-africa
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also increase your risk. (Global Cancer Observatory, 

n.d.)  

 

4. Lifestyle  

 

Lifestyle factors such as alcohol consumption, obesity, 

and lack of physical activity increase the risk of 

developing breast cancer. Exposure to X-rays or 

radiation (e.g., after treatment for another cancer) is also 

a known risk factor. (Cancer Info Hub, n.d.)  

 

8.1 Empirical examination    

 

Research related to breast cancer detection has increased 

over the last decade. Much of this work has focused on 

detecting the presence of cancerous tissue in the breast 

and classifying tumours. The approaches used come 

from several fields: probability and statistics, 

connectionism, and other tools from artificial 

intelligence and cognitive science.  

 

8.1.1 Probabilistic and statistical approaches  

  

Statistical and probabilistic methods are frequently 

mentioned in the literature, often proposing improved 

versions of classical approaches , such as Bayesian 

networks and the k-nearest neighbours rule.  

  

In (Subhash et al., 2003), the authors propose an 

approach based on a generalisation of the k-nearest 

neighbour rule for classification in the context of breast 

cancer screening. The first database was partitioned and 

classification was performed on each of its partitions. 

Table I illustrates an example of the classification results 

for the tenth partition of this data set.  

 

Table 3: Recognition results for the 10th partition of 

WDBC (Subhash et al., 2003)  

  

 

The results obtained through the experiments were 

highlighted in comparison with those obtained using the 

conventional k-nearest neighbours rule. The best 

recognition rate obtained was 98.1% for the WDBC 

database and 97% with WBC. In (Fei et al., 2003), the 

authors propose a wide margin separation method for 

classification in the context of breast cancer screening, 

namely a support vector machine (SVM). The maximum 

margin hyperplane between classes is obtained by 

minimising the loss function:   

  
Where:  

 represents the pairs of two-class input-

outputs such that Yi = ± l, K(Xi, Xj) is a kernel function 

applied to the inputs, and   represents 

multiplicative update values.  

 

Table 4: SVM classification error rates (breast cancer 

database) (Fei et al., 2003)  

   
 

The classification results are shown in Table 2. The 

experiments were conducted using a polynomial kernel 

function and a radial basis function. The authors 

assigned degrees k=4 and k=6 to the polynomial 

function, and variances ϭ of 1.0 and 3.0 to the radial basis 

function. The coefficients αiwere initialised to a value of 

1 uniformly in each experiment. The classification error 

rates obtained for the "breast cancer" database vary 

between 3.6% and 5.1%.  

 

Table 5: Classification recall rates with the "breast 

cancer" database (Huang 2004).  

  

https://gco.iarc.fr/today/data/factsheets/populations/903-africa-fact-sheets.pdf
https://gco.iarc.fr/today/data/factsheets/populations/903-africa-fact-sheets.pdf
https://gco.iarc.fr/today/data/factsheets/populations/903-africa-fact-sheets.pdf
https://www.cancer.org/cancer/types/breast-cancer/about/how-common-is-breast-cancer.html
https://www.cancer.org/cancer/types/breast-cancer/about/how-common-is-breast-cancer.html
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Classification was performed on an unidentified 

database using the classic MPM approach and the 

approach proposed by the authors (Huang 2004), 

BMPM, in order to highlight its performance. The 

simulations were performed with two types of 

functions, one linear and the other non-linear, i.e. a 

Gaussian function. More than 94% classification 

accuracy was achieved with the proposed method. It is 

important to note that the classifier proposed in (Huang 

2004) is biased and binary. We are particularly 

interested in the performance relative to the breast 

cancer database (WBCD).   

 

Table 6: Recognition rates of the three conventional 

algorithms and the MBBC approach proposed in 

(Madden 2002)  

  
  

Based on the results obtained by the author using the 

proposed MBBC (Markov Blanket Bayesian Classifier) 

method, it can be seen that, with the breast cancer 

database, the Markov-Blanket Bayesian classifier 

performed comparably to the naive Bayes, naive Bayes 

with tree (TAN), and conventional Bayesian network 

(K2) algorithms (Madden 2002).  

 

9. Result  

The implementation of the model consists of moving 

from the development phase to the production phase, 

thus ensuring that the model can be used in real clinical 

environments to anticipate the risk of breast cancer in 

patients. The result brings us to the objective of 

presenting the implementation process of the breast 

cancer predictive model developed in this study, as well 

as the results obtained through user interfaces and 

concrete use cases.  

The predictive model, designed using machine learning 

algorithms and based on breast cancer risk factors, aims 

to provide doctors with a decision-making tool to 

identify high-risk patients and improve early cancer 

detection. This chapter describes the different stages of 

model deployment, the tools used to make it accessible 

to end users, and the integration of the model into a 

computer system.  

We will then detail the user interfaces developed to 

enable smooth interaction with the model, illustrating the 

practical use of the system through case studies. Finally, 

the model's performance in production will be analysed, 

and feedback from physician users will be discussed to 

assess the system's acceptance and identify areas for 

improvement. 

9.1 Model production process  

9.1.1 Production environment  

The production environment is a key aspect in ensuring 

that the breast cancer predictive model is accessible, 

effective, and usable in a real clinical setting. This 

section describes the technical components, 

infrastructure, and tools used to deploy and run the 

model in production.  

9.1.2 Server and cloud infrastructure  

The model has been deployed in a cloud environment to 

ensure continuous accessibility and efficient processing 

of breast cancer risk factors. The infrastructure is based 

on servers configured to run the model responsively, 

enabling it to respond to a high number of simultaneous 

requests while ensuring fast execution.  

9.1.3 Model integration  

The predictive model is integrated into this environment 

via RESTful APIs that allow user interfaces (frontend) to 

interact with the model in real time. Each user request, 

such as the submission of patient data to assess cancer 

risk, is processed by the API, which returns the 

prediction results in a matter of seconds.  
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9.1.4 Security and authentication  

Given the sensitive nature of the data, advanced security 

measures have been put in place, including the use of 

HTTPS protocols for secure data transfer. Access to the 

system's web s restricted to authorised users, primarily 

healthcare professionals.  

9.1.5 Model deployment  

The deployment of the breast cancer prediction model 

represents a crucial step in the production process. This 

section presents the main actions taken to integrate the 

model into the production environment, ensuring its 

availability, robustness and effectiveness for clinical use.  

9.1.6 Preparing the model for deployment  

Prior to deployment, the model was optimised and 

extensively tested to ensure maximum accuracy and 

reliable performance in a production environment. The 

tests included:  

• Validation of the model on test datasets not 

used during training, in order to evaluate actual 

performance in terms of accuracy, recall and F1-

score.  

• Optimisation of hyperparameters to improve 

model performance, including techniques such 

as grid search and Bayesian optimisation.  

• Robustness and stability testing to ensure that 

the model responds correctly to the various 

patient data configurations that may be 

submitted by clinicians.  

9.1.7 Cloud infrastructure for deployment  

The model has been deployed on a cloud infrastructure, 

ensuring flexible, scalable and secure deployment. The 

cloud offers the advantage of high availability and allows 

for dynamic scaling according to needs:  

• Scalability: In the event of an increase in the 

number of users or workload, additional 

instances of the model can be activated 

automatically, ensuring constant responsiveness.  

• Security: The cloud environment has been 

configured to meet medical data security 

requirements, including the protection of patient 

information through encryption protocols and 

the isolation of computing environments.  

 

Figure 31: Model deployment diagram  

9.1.8 User interfaces  

Presentation of the graphical interfaces developed to 

enable doctors to interact with the predictive model.  

  

Figure 32: Login page  

 

Figure 33: Home page  
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                    Figure 34: Analysis form  

 
      Figure 35: Results form 

  

CONCLUSION  

 

The development of a predictive model for breast cancer 

based on breast cancer risk factors represents a 

significant advance in improving the early detection of 

this disease. Throughout this thesis, we followed a 

conceptual methodology using the TDSP (Team Data 

Science Process) framework to structure all stages of the 

model's design, development, testing and deployment. 

This process ensured the scientific and technical rigour 

necessary to develop a reliable model.  

 

The main results obtained during model training, 

particularly with the support vector machine (SVM) 

algorithm, showed an accuracy of 0.97, demonstrating 

the effectiveness of our approach in predicting breast 

cancer risk. In addition to its strong performance, the 

model's deployment in a cloud environment, combined 

with a RESTful API, allows for seamless integration into 

clinical environments, thereby promoting its adoption by 

healthcare professionals.  

 

Our study also highlighted the importance of breast 

cancer risk factors in predicting complex diseases such 

as breast cancer. By leveraging information related to 

family history, hormonal factors and lifestyle, the model 

provides more personalised predictions, contributing to 

more informed decision-making by clinicians.  

 

However, despite the model's positive performance, 

several limitations remain, including the availability and 

quality of data in certain clinical contexts, as well as 

challenges related to the management of sensitive 

information. Furthermore, the lack of large-scale clinical 

validation currently limits the model's use in real-world 

medical settings.  
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