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ABSTRACT 

Raji Wareez Olalekan: Probabilistic Calibration of Bi-Class Machine Learning Algorithms for Using 

Breast Cancer Datasets. 

Master’s Thesis 

Tampere University 

Master’s degree in Computational Big data Analytics, MSc 

April 2021 

 

Breast cancer is one of the most widely spread diseases and the second leading cause of cancer death 

among women in the world. According to a 2013 World Health Organization report, it is stated that 

over 508,000 women died worldwide in 2011 due to breast cancer. Benign and malignant are the two 

types of breast cancer tumours. Breast cancer in women can be cured and prevented in the primary 

stages, i.e., when detected early. However, many women are diagnosed with breast cancer when it is 

too late. 

It is important in machine learning that probabilistic classifiers and predictive models produce reliable 

probabilities, as decision-making problems greatly depend on them. Especially, in medical field 

where a wrong diagnosis and prediction may result in death, calibration of classifiers is needed in 

order to get more reliable probabilities. Recall and precision-based metrics such as Brier score, F1-

score or AUC-ROC (Area Under the Curve or Receiver Operating Characteristic curve) are used in 

machine learning models to analyse real-world problems. In this thesis, an approach of examining the 

probability calibration of the machine learning algorithms and to examine and compare different 

machine learning algorithms on two breast cancer datasets (empirical and simulated), in order to 

determine the best performing ones was presented. There are several methods for performing 

calibration of probabilistic predictions, but the main ones are: Platt’s sigmoid metric (based on 

parametric approach) and isotonic regression model (based on non-parametric approach). The five 

machine learning methods (logistic regression, naïve Bayes, support vector machine, random forest 

and K-Nearest neighbours) were used on empirical and simulated breast cancer binary datasets, and 

afterwards being calibrated. However, the empirical and simulated breast cancer dataset gave 

different results after being calibrated.   

Overall, after calibration with both sigmoid and isotonic regression for empirical dataset, improved 

results were obtained for KNN and random forest. However, logistic regression and SVC gave a 

worse result, while Naïve Bayes produced an improved result only for isotonic regression and not 

sigmoid scaling. Also, after calibration with sigmoid and isotonic regression for simulated dataset, 

Naïve Bayes, KNN and SVC gave improved results, while random forest gave a worse result. Logistic 

regression only produced an improved result with isotonic regression and not sigmoid scaling. 

 

 

Keywords: Breast cancer, Machine learning, Probability calibration, Platt’s sigmoid, isotonic 

regression, binary classifier, Brier sore, F1-score, AUC-ROC.  
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1 Introduction  

1.1 Background of the Study 

In machine learning problems, probability calibration is used to correct the presence of biases in 

probability returned by classifiers.  

According to Duda, Hart, & Stork (2000), binary classification problems deal with allocating an 

individual to one of two categories, by measuring a series of attributes. For instance, medical 

diagnosis for a breast cancer patient can either be malignant or benign based on diagnosis.  

Binary classification problems deal with a model that predicts a Bernoulli probability distribution for 

each example as illustrated above, i.e. malignant or benign cancer tumors.  

The Bernoulli distribution is a discrete probability distribution for a random variable that takes only 

two possible values as an outcome, 0 and 1 (Taboga, 2017). For classification, this means that the 

model predicts a probability of an example belonging to class 1 (Malignant) or 0 (Benign). 

For a classification problem, it can be convenient to predict the probability of an observation belonging 

to each possible class instead of directly predicting class values. Therefore, the predicted probabilities 

which equal the expected distribution of probabilities for each class are known as being Calibrated 

(Niculescu-Mizil & Caruana, 2005). It can therefore be said that a well-calibrated model has a 

calibration curve which gives the straight-line y=x, as shown in the figure 1 below. 

 

From figure 2 above, all points should normally be on the dotted diagonal line, and when this happens, 

it is referred to as a perfectly calibrated model. Hence, the probability estimates are said to be very 

reliable. However, this calibration curve gives an S-shaped pattern, which makes it unreliable. 

This bias in probability estimates may occur from either over-forecasting low probabilities or under-

forecasting high probabilities. In most models, the points are not usually on the diagonal line, but the 

closer, the better the estimates of the returned probabilities (Zadrozny & Elkan, 2002). 

 

https://machinelearningmastery.com/discrete-probability-distributions-for-machine-learning/
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     Figure 1 Calibration Curve showing a plot of Observed Probability against 

Predicted Probability bin (Oleszak, 2020).  

 

            

 Figure 2 A more detailed Calibration Curve showing the plot of Observed Probability 

against the Predicted Probability bin (Oleszak, 2020).              
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It can be said that a calibration curve shows how far-off the probabilities predicted by the model are 

from the ideal frequentist probabilities. Therefore, there are methods of correcting the bias in the 

returned probability estimates. 

According to Boström (2008), there are several methods for performing calibration of probabilistic 

predictions, but the main ones are: Platt’s sigmoid metric (based on parametric approach) and isotonic 

regression model (based on non-parametric approach). It must however be noted that probability 

calibration should be done on new data not used for model fitting (Zadrozny & Elkan, 2001). 

Platt scaling and isotonic regression are two methods of correcting the biased probabilities predicted 

by some machine learning techniques. However, these two techniques are only relevant to binary 

class problems and produce quite insignificant predictions for multiclass classification problems. 

Platt scaling is a parametric technique used in transforming support vector machines (SVM) from (- 

∞, + ∞) to posterior probabilities (Platt J. , 1999). In other words, Platt scaling can be described as a 

method used for transforming classification output into probability distribution.  

        𝑃(𝑦 = 1/𝑓) = 1 (1⁄ + exp(𝐴𝑓 + 𝐵)) 

According to Platt (2000), A and B are parameters which are fitted using the maximum likelihood 

estimation and f is the predicted estimate.  

Also, it is otherwise known as logistic calibration because it is a parametric approach with a sigmoidal 

calibration map which gives an assumption that each class probabilities follow a normal distribution. 

In a straightforward term, this technique fits a logistic regression to output probabilities to produce 

better-calibrated probabilities (Niculescu-Mizil & Caruana, 2005).  

Isotonic Regression is a non-parametric regression technique used to select the function from the 

class of all isotonic (i.e. non-decreasing or non-increasing) functions (Zadrozny & Elkan, 2002). Non-

parametric means that it does not make any assumptions such as of linearity among variables, constant 

error variance etc.  

  𝑦𝑖 = 𝑚(𝑓𝑖) + 𝜀𝑖 ,  

where 𝑦𝑖is the true target, 𝑓𝑖 is the given predictions from classifier, 𝑚 is a non-increasing function 

and 𝜀𝑖 is the random error function (Menon, et al., 2012). 
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It makes no assumption about the input probabilities and requires more data points to perform well. 

The only difference lies in the function being fit, as function being fit in isotonic regression 

continuously increases/decreases.  

It has also been observed empirically that random forests, boosted trees and SVMs perform best after 

calibration.  

Platt Scaling is most productive when the distortion in the predicted probabilities is sigmoid-shaped. 

However, isotonic Regression is a more useful calibration method that can rectify any monotonic 

distortion. Unfortunately, a learning curve analysis indicates that Isotonic Regression is more 

susceptible to overfitting, and thus performs worse than Platt Scaling, especially when data is small 

(Zadrozny & Elkan, 2002). 

Model calibration refers to the process where we take is a model that already trained and apply a post-

processing operation, which improves its probability estimation. 

  

1.2 Statement of Problems   

According to Miles (2016a), a good problem statement explains the problem and helps find the 

variables being examined in the study. It is also said that the problem statement gives the main motive 

behind the study and uses data and research to establish the need to solve the problem in the study 

(Newton & Rudestam , 2007). 

One of the main problems of classification in machine learning is that, most performance metrics do 

not in any way significantly evaluate the classification of data, thereby misleading the judgement of 

researchers.  

1.3 Scope of Study 

The scope of a study refers to parameters under which the research will be operation; the problems to 

be solved need to be within certain parameters. 

Therefore, the scope of this study includes probability calibration of only binary and not multiclass 

classification. Also, the dataset to be used will be from biostatistics field. 
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1.4 Objectives of Study 

A research objective must be clear and succinct. Thus, its purpose of defining the research objective 

is to identify the intended results. Having a good comprehension of a project’s research objectives 

gives other crucial findings about the design and carrying out of the project (Creswell, 2009). 

The aim of this study is to investigate the probability calibration of bi-class machine learning 

algorithms. The specific objectives are to: 

I. Examine the probability calibration of the machine learning algorithms.  

II. Compare different machine learning algorithms in order to determine the best performing 

ones. 

 

1.5 Significance of Study 

Significance of study highlights how a research will be beneficial to the development of science and 

the society in general. It emanates from clear understanding of the problem statements as; what areas 

are inadequately understood with little or no already published literature? Or what topics have others 

previously published on that which still require further works. This states why and how the research 

will contribute to knowledge development (Punch, 2005). 

In biostatistical data analysis where probability calibration is widely used, most classification 

techniques perform below expectations. Therefore, this study with the use of probability calibration 

will help improve the performance of the machine learning techniques used, thereby helping health 

practitioners make more accurate judgement and decisions when dealing with patients. This in turn 

saves more lives and improves the wellbeing of patients. 

1.6 Organization of Presentation  

The first chapter of this thesis comprises the introduction, statement of problems, scope of study, 

objectives of study and significance of study. The second chapter comprises both the theoretical and 

empirical reviews of literature where probability calibration as well as machine learning algorithms 

are examined.  

The third chapter deals with materials and methodology of the study where algorithms are examined, 

as well as measurement criteria and data to be used for the study. Also, the fourth chapter comprises 

the data analysis results and interpretations. Chapter five deals with discussion of results and 

conclusions, respectively. The study also has appendix and references.  
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2 Literature Review  

In a medical field where machine learning applications are employed (Connolly, Cohen, Santel, 

Bayram, & Pestian, 2017), the functionality of any model hugely depends on its explicability. This 

implies that the model used needs to explain to the user why a particular conclusion has been made 

(Guidotti, et al., 2018).  This helps in making error-free decisions in medical diagnosis. Again, in 

medical field, where machine learning methods are widely used in diagnosis and analysis to make 

decisions, classification and data mining methods are an effectual means of categorising data.  

The significance of artificial intelligence and deep learning in medical domain for the achievement 

of better standard and safety healthcare has been highlighted by many researchers (Coccia, 2020). 

Bejnordi, et al. (2017) used deep learning algorithm to diagnose breast cancer tumours and compared 

performance with pathologists’ diagnoses. The results obtained indicated that automatic detection 

with deep learning algorithm performed better than human diagnosis.  

Wang and Yoon (2015) presented a new technique for breast cancer prediction using data mining 

methods. However, in contrast, Nguyen, et al. (2019) used both supervised and unsupervised 

classification models to analyse the breast tumour classification. This thesis research will only make 

use of supervised learning methods like logistic regression, Naïve Bayes, random forest, support 

vector machine and k-nearest neighbours. The classification methods learn from training data and can 

be divided into three main categories algorithms, viz. supervised (Kotsiantis, Zaharakis, & Pintelas, 

2007), unsupervised (Hofmann, 2001) and reinforcement (Sutton & Barto, 2018). Supervised 

algorithms are trained using a labelled training set (i.e. the classes of the data are already known). 

Therefore, this research will make use of supervised learning algorithms.  

Binary classification can be described as the easiest kind of supervised machine learning problem. 

The objective of binary classification is to categorise data points into one of two classes using 

Bernoulli distribution: either 0 or 1, true or false, yes or no, to survive or not to survive, etc. 

Binary classification refers to those classification tasks that have two class labels (Duda R, Hart , & 

Stork, 2000). The commonest algorithms that can be used for binary classification include: Logistic 

Regression, Naive Bayes, k-Nearest Neighbours, Decision Trees, random forest (Breiman, 2001) , 

and Support Vector Machine (Vapnik, 1999).   

Furthermore, the objective of binary classification is to learn a function F(x) that reduces the 

misclassification probability P {y F(x) < 0}, where y is the class label with + 1 for positive and − 1 

for negative. 

https://en.wikipedia.org/wiki/Binary_classification
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Some algorithms are mainly developed for binary classification and do not naturally support more 

than two classes of events; examples of such algorithms include Logistic Regression and Support 

Vector Machines. 

Usually, binary classification problems deal with one class that is normal and the other class being 

abnormal. For instance, breast cancer not diagnosed is the normal state of a task that involves a 

medical test and breast cancer diagnosed is the abnormal state. That is, the class for the normal state 

is assigned the class label 0 and the class with the abnormal state is assigned the class label 1. 

Breast cancer is one of the major causes of death among women in the world (Purnami, Santi, Rahayu, 

& Abdullah, 2008). According to a 2013 World Health Organization report, it is stated that over 

508,000 women died worldwide in 2011 due to breast cancer. Breast cancer in women can be cured 

and prevented in the primary stages, i.e., when detected early (Ahmad, Eshlaghy, Poorebrahimi, 

Ebrahimi, & Razavi, 2013). However, many women are diagnosed with cancer when it is too late. 

This makes the breast cancer tumours tend to gradually grow faster, which eventually leads to death 

(Chagpar & Coccia, 2019). Although it is more prevalent among women, it can also occur among 

men. Different factors such as age and family history can also increase the risk of breast cancer. 

Benign and malignant are the two types of breast cancer tumours (Sharma, Dave, Sanadya, & Sharma, 

2010). The malignant breast cancer is very dangerous, while benign breast cancer is usually not 

dangerous, and rarely leads to death. 

Previous studies have shown that breast cancer was the second among the most diagnosed cancers 

(Purnami, Santi, Rahayu, & Abdullah, 2008). Breast cancer being the most common cancer in women 

is known to affect about 10% of all women at some stages of their life (Ahmad, Eshlaghy, 

Poorebrahimi, Ebrahimi, & Razavi, 2013). There is recently an increase in the rate of breast cancer 

diagnoses and data have shown that survival rate is 88% and 80 % after five and ten years respectively 

from diagnosis (Ahmad, Eshlaghy, Poorebrahimi, Ebrahimi, & Razavi, 2013). Owing to the 

seriousness of the disease, there is necessity for a computer-aided detection (CAD) system using 

machine learning technique for breast cancer diagnosis.  

Since the recent advancements in machine learning applications, the prognostic evaluation using 

machine learning methods is feasible without an initial information about breast cancer pathology 

(Turkki, et al., 2019).  

Recently, in order to achieve the best customer gain it is prevalent to practice applying different data 

mining methods in the industry, especially healthcare. However, in healthcare industry, the gain could 
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be achieved by avoidance of unnecessary treatment, quick diagnosis of patients, reduction in the 

diagnosis error, reduction in the cost for the patient and to the health system in general (Frank, Hall, 

Pal, & Witten, 2017). This means that if the right machine learning method is applied to a particular 

problem, it could be of huge benefit to both the patient and the healthcare system.  

According to Rüping (2006), Platt scaling and isotonic regression are significantly influenced by 

outliers in the probability space. Both Platt scaling (uses a parametric model) and isotonic regression 

(uses a non-parametric model) are the most popular probability calibration models used in machine 

learning (Naeini, Cooper, & Hauskrecht, 2015). Isotonic regression calibration mostly works well 

when the dataset has at least 1000 observations for calibration (Caruana, Karampatziakis, & 

Yessenalina, 2008).  

The performance of probability calibration techniques can be represented or visualized by reliability 

diagrams. It is defined as the plots that compare the estimated probabilities produced by a (binary) 

classifier to their empirical distribution (DcGroot & Fienberg, 1983). 

Also, a model’s reliability depends on classifier calibration, which is defined as how the predicted 

probability of an event is close to the proportion of events in a group of similar predictions (Dawid, 

1982). However, the main design objective for classifiers tends to be good class separation and not 

accurate reliability estimation. Accurate classifier calibration algorithms are required to get better 

probability estimates. In other words, a well calibrated model produces a good probability estimate 

through which a meaningful and correct decision can be made (Niculescu-Mizil & Caruana, 2005). 

Accurate probability estimates are also important for cost sensitive decision making in almost all 

fields of application, especially in medical domain (Zadrozny & Elkan, 2001). 

However, when the probabilities predicted by many machine learning models are not calibrated, the 

outputs may be either be over-confident or under-confident depending on the situation. As such, it is 

often a good idea to calibrate the predicted probabilities for nonlinear machine learning models prior 

to evaluating their performance (Alba, Agoritsas, & Walsh, 2007). Furthermore, it is a good practice 

to calibrate probabilities in general, especially when working with imbalanced datasets. 

Many articles have assessed the performance of the proposed method based on accuracy. Accuracy 

is higher when the occurrence of true positives (TPs) and true negatives (TNs) are higher than the 

false positives (FPs) and false negatives (FNs). Besides accuracy, precision and recall are also 

important for performance diagnosis in machine learning. However, it is better for artificial 

intelligence systems to give more importance to false negatives (recall) than false positives (precision) 

for medical diagnosis, because missing a condition or a wrong diagnosis can have consequential 
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repercussions on patients (e.g. as in breast cancer diagnosis). Therefore, it is important to evaluate 

the performance based on F-1 which considers recall and precision having same contribution to the 

score. This is as described in chapters 3 and 4 of this research. 

In order to obtain bias-free results which could be used for decision-making process in healthcare 

industry, it is paramount in data mining to obtain well-calibrated classification algorithms (Bella, 

Ferri, Hernández-Orallo, & Ramírez-Quintana, 2013).  
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3 Research Methodology  

3.1 Methodology   

This chapter discusses and acknowledges the research methodology and research methods used in 

this research. It should also be pointed out that this research is quantitative as it involves processes 

which are measured in quantities as shown in the dataset. 

According to Kothari (2004), research methodology can be defined as the scientific process of solving 

problems or gaps in a research. It shows how the research outcome can be achieved by fulfilling the 

objectives stated in the first chapter. 

 

 In predictive modelling, there is no best method to measure the calibration. Some methods are 

frequently used and have specific strengths, but all have their weaknesses (Steyerberg , Vickers, Cook 

, & et al. , 2010). In this research, calibration assessment methods and the scenarios in which each 

can be used appropriately will be presented. 

Figure 3 below shows the diagrammatic representation of the branches of machine learning. This 

research focusses more on the supervised learning techniques, as obtained from regression and 

classification methods. That is, logistic regression, Gaussian Naïve Bayes, random forest, Support 

vector machine (SVM), and K-Nearest neighbourhood (KNN) were used in analysing the dataset.  

Calibration is important when designing a critical model, for instance in this case of analysing a breast 

cancer dataset, where the doctor needs to confirm and be sure whether a particular patient has a benign 

or malignant breast cancer. 
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Figure 3 A diagrammatic representation of the components of Machine Learning (Srivastav, 2020). 

  

A perfectly calibrated classifier has a calibration curve in the form of y = x, that is the plot gives a 

perfectly straight line. However, it is practically impossible to obtain a perfect calibration (Chuan, 

Geoff , Yu, & Kilian , 2017). 

The reliability diagrams (otherwise known as calibration curves) are visual representation of 

calibration of datasets. It compares how well the probabilistic predictions of different classifiers are 
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calibrated where the y-axis represents the fraction of positives, and x-axis represents the values of 

predicted probabilities. The position of the points or the curve relative to the diagonal can be used to 

interpret the probabilities, i.e.: 

 When points are below the diagonal: The model has over-forecast; which implies that the 

probabilities are too large. 

 When points are above the diagonal: The model has under-forecast; the probabilities are too 

small. 

This research aims to test the effect of probability calibration on cancer datasets (both empirical and 

simulated). The probability calibration was evaluated using Brier Score Loss, F-1 score, precision, 

and recall. For each dataset, five different machine learning models were fit, and the model was 

calibrated using sigmoid and isotonic regression. 

Although, not all classifiers produce well-calibrated probabilities, yet the five machine learning 

techniques used and compared are: Logistic regression, Gaussian Naïve Bayes, Random forest, Linear 

support vector machine and K-Nearest Neighbours.  

3.1.1 Logistic Regression 

Regression is one of the supervised machine learning techniques. It can either be linear or polynomial.  

However, logistic regression is a supervised machine learning classification algorithm. It is 

commonly known to produce well-calibrated probabilities if and only if the parametric assumptions 

of the model are met. It is a mathematical model used in statistics to estimate (guess) the probability 

of an event occurring using some previous data (Menard, 1995). Logistic Regression works with 

binary data, where either the event happens i.e., success (1) or the event does not happen i.e., failure 

(0). It does not predict a specific value of outcome but its probability (Van Houwelingen & le Cessie, 

1988). 

In other words, it is a parametric statistical algorithm used for binary outcomes that use maximum 

likelihood estimation.  

There are some parameters which are widely used in estimating logistic regression; Odds, logit, logit 

curve and sigmoid curve. 

Odds can be defined as the ratio of the probability of an event happening (success) to that of an event 

not happening (failure). 

Therefore, Odds = (
probabilityofaneventhappening

Probabilityofanevennothappening
) = (

ProbabilityofSuccess

ProbabilityofFailure
) 
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                   Odds = (
P

1−P
) 

In this situation for instance, odds can be defined as the ratio of patients having malignant cancer to 

that of having benign cancer. 

Also, a logit function is obtained by taking the natural logarithm of the odds. It can be 

mathematically expressed as:  

  Logit = ln (
P

1−P
) 

The logit curve is obtained when a graph of real number values is plotted on the vertical axis against 

the probability values on the horizontal axis. This is the opposite of sigmoidal curve, as it gives an s-

shaped curve with the probability values on the vertical axis, and the real number values on the 

horizontal axis. 

Apart from logistic regression which gives probabilities as outputs, all other machine techniques do 

not. However, many researches have confirmed that logistic regression technique results do not give 

better results when calibrated, and can sometimes produce a worse output (Niculescu-Mizil & 

Caruana, 2005). 

3.1.2 Gaussian Naïve Bayes 

Naive Bayes is a supervised machine learning technique which is also regarded as a linear classifier. 

It is one of the fastest, simplest, and most effective methods used in machine learning for analysing 

high-dimensional datasets. It can be used for both binary and multiclass classifications (Cheng & 

Greiner, 1999). It is very easy because only need the estimates the mean and the standard deviation 

are obtained from training data which are used to define the distribution.  

It is termed ‘naïve’ because it follows the assumption that the features that go into the model 

is not dependent on each other. This implies that when the value of one feature is altered, the 

value of any of the other features used in the algorithm is not affected. 

According to Pernkopf (2005), it is built on Bayesian classification methods. Thus, relies on Bayes’s 

theorem, which can be defined as an equation for interpreting the correlation between conditional 

probabilities of statistical quantities.  

Bayesian classification deals with the probability of a label given some observed features, which can 

be written as P (ci | X). The Bayes’s theorem can be given as: 

   P (ci | X) = 
P(X | 𝐶𝑖)P(𝐶𝑖)

P(X)
           i = 1, 2,………, C 
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where C is the number of classes and X is a data variable. 

Naïve Bayes classifiers can be Gaussian, Multinomial or Bernoulli. However, this research makes 

use of Gaussian Naïve Bayes which assumes a normal distribution in analysing big data through a 

Gaussian distribution process. It is otherwise known as a normal distribution (Pazzani, 1997).  

Assumptions 

I. Each feature makes an independent contribution to the outcome. 

II. Each feature makes an equal contribution to the outcome. 

However, in real scenarios, all these assumptions cannot be fulfilled. 

Its plot gives a bell-shaped curve which is symmetric about the mean of the feature values. This is 

as shown in the diagram below: 

     

Figure 4 A bell-shaped Gaussian distribution curve (Kumar, 2020). 

 

Each attribute in the Gaussian Naïve Bayes is represented by the probability density function:  

  𝑋𝑖 ~ N (μ, σ2) 

N (μ, σ2) (x) =
1

√2𝜋𝜎2
 exp (−(𝑥 − 𝜇)2/2𝜎2) 

It is seen the Gaussian Naïve Bayes follows a normal distribution, where μ and σ2 are the mean and 

variance of the distribution respectively and are estimated by maximum likelihood (Neapolitan, 

2003). 

3.1.3 Linear Support Vector Machine 

Support Vector Machines are usually regarded as a classification technique in machine learning but 

can also be used in both types of classification and regression application problems. However, 
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primarily, it is used for classification problems in machine learning (Somvanshi & Chavan, August 

2016). 

It can easily and effectively handle multiple continuous and categorical variables. SVM creates a 

hyperplane in multidimensional space to separate different classes. It generates optimal hyperplane 

in a repetitive manner, which is used to reduce an error. The main assumption of SVM is to find a 

maximum marginal hyperplane that best divides the dataset into classes (Huang, Lu, & Ling , 

November 2003). 

SVM produces very high accuracy compared to other classifiers such as logistic regression, and 

decision trees. It is commonly known for its kernel trick to analyse nonlinear input spaces.  

SVM is a powerful machine learning algorithm and the procedures are quite easy. The classifier 

divides data points using a hyperplane with the largest amount of margin. Thus, it is termed a 

discriminative classifier. It finds an optimal hyperplane which helps in classifying new data points. 

According to Burges (1998), there are two types of SVM, viz: 

I. Linear SVM: It involves a dataset which can be classified into two classes by using a single 

straight line, then such data is termed as linearly separable data, and classifier is used called 

as Linear SVM classifier. 

II. Non-linear SVM: This includes when a dataset cannot be classified by using a straight line, 

then such data is termed as non-linear data and classifier used is called as Non-linear SVM 

classifier. 

Linear support vector machine (LSVM) is a form of support vector machine (SVM) which is one of 

the most popular supervised machine learning methods. It has been proven by researchers that LSVM 

can give an extensive optimization for regression or classification problems in small-to-large datasets 

(Ghaddar & Naoum-Sawaya, 2018). 

Hyperplane 

A hyperplane is a decision plane which divides between a set of objects having different class 

memberships. 

Support Vectors 
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Support vectors can be defined as the data points which are closest to the hyperplane. These points 

will define the separating line better by calculating margins and are used for constructing the 

classifier. 

Margin 

A margin is a gap between the two lines on the closest class points. This is calculated as the 

perpendicular distance from the line to support vectors or closest points. If the margin is larger in 

between the classes, then it is considered a good margin, a smaller margin is a bad margin. 

 

Procedures: 

Assuming there is a dataset which contains twelve data points, of which six are represented by blue 

coloured stars and red coloured oval shape. It is plotted on a plane which comprises both the y and x-

axes as shown in figure 5 below:  

 

 

 

 

 

 

 

 

 

 

 

Figure 5 A diagram finding a hyperplane that separates twelve data points into red and blue 

categories (Pupale, 2018).   

The support vector machine classifies and separates the data into two separate parts with the help of 

the hyperplane, as shown in the diagram below. It can be seen that the blue line separates the two 

classes better than the orange line, because the orange line is closer to the red data points. Thus, the 

blue line classifies better. This is as shown in figure 6 below: 

 

y-
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Figure 6 A diagram showing lines according to which best separates the data into blue and red 

Categories (Pupale, 2018).  

However, the support vectors are the points closest to the line from both the classes i.e., the blue and 

red classes. Therefore, the margin which is the distance between the line and the support vectors is 

calculated as shown in figure 7 below: 

The aim of the support vector machine algorithm is to obtain the optimal hyperplane which is the 

highest margin from the lines. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7 A diagram showing the Optimal Hyperplane using the SVM algorithm (Pupale, 2018).  
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3.1.4 Random Forest 

Random forest is a supervised learning algorithm which is used for both classification as well as 

regression. But however, it is mainly used for classification problems. As we know that a forest is 

made up of trees and more trees means more robust forest. Similarly, random forest algorithm 

produces decision trees on data samples and then gets the prediction from each of them and finally 

selects the best solution by means of voting. It is an ensemble technique which is better than a single 

decision tree because it alleviates the problem of over-fitting by averaging the result of each tree. 

It is based on the concept of ensemble learning, which is a process of combining multiple classifiers 

to solve a complex problem and to improve the performance of the model. Random forest is a 

classifier that contains several decision trees on various subsets of the given dataset and takes the 

average to improve the predictive accuracy of that dataset. Instead of relying on one decision tree, the 

random forest takes the prediction from each tree and it predicts the final output based on the majority 

votes of predictions. This method also reduces the required training time. 

Procedures 

I. The algorithm selects random samples from the dataset provided. 

II. The algorithm will create a decision tree for each sample selected. Then it will get a prediction 

result from each decision tree created. 

III. The next step is that voting will then be performed for every predicted result. Classification 

problem uses mode while a regression problem uses mean. 

IV. And lastly, the random forest algorithm will select the most voted prediction result as the final 

prediction. 
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Figure 8 Diagrammatic representation of Random Forest procedures (Tutorials Point, 2020).  

 

3.1.5 K-Nearest Neighbours 

K-Nearest Neighbour is one of the simplest and easiest Supervised Machine Learning algorithms. Its 

assumption is based on the similarity between a new case and available cases and put the new case 

into the category that is most similar to the available categories (Beygelzimer, Kakade, & Langford, 

2006). 

K-NN algorithm stores all the available data and classifies a new data point based on the similarity.  

K-NN algorithm is commonly used for the classification problems but can also be used for regression 

problems. 

It can be said that K-NN is a non-parametric algorithm because it does not make any assumption on 

underlying data. It is also called a lazy learner algorithm because it does not learn from the training 

set immediately instead it stores the dataset and at the time of classification, it performs an action on 

the dataset (Reunanen, 2003). 

Training Set 

Test set 

Training 

Sample 1 

Training 

Sample 2 

Training 

Sample n 

Tree 1 Tree 2 Tree n 

Voting 

Prediction 

------ 

------- 
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Procedures for Implementing KNN 

KNN model is implemented by the following steps: 

1. Load the data. 

2. Select the value of k i.e., k can be any integer value. 

3. To obtain the predicted class, repeat from 1 to total number of training data points. 

I. Calculate the distance between test data and each row of training data. 

Euclidean distance is used as the distance metric because it is the commonest 

method. Other methods like Manhattan, cosine, Jaccard, Minkowski distance 

etc. can be used to calculate the distance. 

II. Sort the calculated distances from smallest to largest. 

III. Select top k rows from the sorted array of distances. 

IV. Get the most frequent class of these rows. 

V. Return the predicted class. 

Advantages 

 Easy usability. 

 Does not make underlying assumptions about the data. 

 Quick calculation time. 

 The algorithm is flexible i.e. It can be used to solve problems in classification and 

regression. 

Disadvantages 

 Its accuracy depends on the quality of the data used. 

 Because it stores all the training datasets, its computation cost is quite high. 

 When the number of predictors increases, the algorithm becomes considerably laggy, thus 

prediction is slow. 
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 It also requires a high memory to store the data. 

  

3.2 Measurements criteria   

The measurement criteria are one of the most important concepts used to interpret and explain the 

results of research. The most crucial and indispensable attributes used in the assessment of any 

measurement instrument for a good research are reliability and validity. 

The research methodology chapter require both the validity and reliability in a succinct but accurate 

manner. These are suitable concepts for introducing an outstanding setting in research. Reliability is 

referred to the stability of findings, whereas validity is represented the truthfulness of findings (Kane, 

2013). 

For all secondary data, a detailed evaluation of reliability and validity involve a rating of methods 

used to collect data.  

The fundamentals of a good research lie in the trustworthiness (reliability and validity) of the data 

used to make meaningful decisions; or else, a good decision cannot be achieved. In quantitative 

research, it is feasible that a measurement is reliable but invalid; however, if a measurement is 

unreliable, then it will be invalid (Thatcher, 2010). 

According to Blumberg, Cooper, & Schindler (2005), the reliability can be defined as a measurement 

that gives uniform results with the same values. It measures consistency, accuracy, repeatability, and 

dependability of a research (Chakrabartty, 2013). Therefore, it indicates the extent to which a research 

is free from errors (Morris & Stephen, 1983). 

Validity refers to the degree to which an instrument measures what it claims to measure (Blumberg, 

Cooper, & Schindler, 2005). Validity of a research instrument evaluates the degree to which the 

instrument estimates what it is designed to estimate (Robson, 2011). In other words, it can be said 

that it is the extent to which the obtained results are accurate.  

In quantitative research validity is the extent to which any measuring instrument measures what it is 

intended to measure (Thatcher, 2010). 

The measurement instruments to be used in this research are the Brier scores, precision, recall, F1 

and the AUC-ROC. 



22 
 

The precision can be defined as the ratio of number of true positives to the sum of the number of true 

positives and false positives. In principle, precision should be 1 (high) for a good 

classifier. Precision becomes 1 only when the numerator and denominator are equal i.e., TP = TP +FP, 

this also implies that FP is zero. As the value of FP increases, the value of denominator becomes 

greater than the numerator and precision value decreases.  

Precision = (
𝐓𝐫𝐮𝐞𝐩𝐨𝐬𝐢𝐭𝐢𝐯𝐞𝐬(𝐓𝐏)

𝐓𝐫𝐮𝐞𝐩𝐨𝐬𝐢𝐭𝐢𝐯𝐞𝐬(𝐓𝐏)+𝐅𝐚𝐥𝐬𝐞𝐩𝐨𝐬𝐢𝐭𝐢𝐯𝐞𝐬(𝐅𝐏)
) 

The recall is the ratio of the number of true positives to the sum of the true positive and the number 

of false negatives. The recall is intuitively the ability of the classifier to find all the positive samples. 

In principle, recall should be 1 (high) for a good classifier. Recall becomes 1 only when the values of 

the numerator and denominator are equal i.e., TP = TP +FN, this also means FN is zero. 

As FN increases the value of denominator becomes greater than the numerator and recall value 

decreases.  

Recall = (
𝐓𝐫𝐮𝐞𝐩𝐨𝐬𝐢𝐭𝐢𝐯𝐞𝐬(𝐓𝐏)

𝐓𝐫𝐮𝐞𝐩𝐨𝐬𝐢𝐭𝐢𝐯𝐞𝐬(𝐓𝐏)+𝐅𝐚𝐥𝐬𝐞𝐧𝐞𝐠𝐚𝐭𝐢𝐯𝐞𝐬(𝐅𝐍)
) 

The F1-score, otherwise known as F-score can be defined as an estimate of a model’s accuracy on a 

dataset. It is used to determine binary classification problems, where datasets are classified into 

positive or negative classes. 

The F1 score can be interpreted as a weighted harmonic mean of the precision and recall, where an 

F1 score reaches its best value at 1 and worst score at 0. 

F1 Score becomes 1 only when precision and recall are both 1. It also becomes high only when 

both precision and recall are high.  It can be mathematically expressed as: 

F1 Score = 2 * (
𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏∗𝑹𝒆𝒄𝒂𝒍𝒍

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏+𝑹𝒆𝒄𝒂𝒍𝒍
) 

AUC-ROC 

The Receiver Operator Characteristic (ROC) curve is an evaluation metric for binary classification 

problems. It is a probability curve that plots the TPR against FPR at various threshold values and 

essentially separates the ‘signal’ from the ‘noise’.  
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The Area Under the Curve (AUC) is the measure of the ability of a classifier to differentiate between 

classes and is used as a summary of the ROC curve. The higher the AUC, the better the performance 

of the model at differentiating between the positive and negative classes. 

When 0.5<AUC<1, there is a high possibility of the classifier being able to differentiate between the 

positive class values and the negative class values. This is because, the classifier can identify more 

numbers of True positives (TP) and True negatives (TN) than False negatives (FN) and False positives 

(FP). 

In other words, AUC values range from 0 to 1.  When a model’s predictions are 100% wrong, its 

AUC value is 0.0, but when a model’s predictions are 100% correct, its AUC value is 1.0 (Rosner, 

2005). 

Brier Score 

It is growingly common to use the Brier score in medical research to evaluate and compare the validity 

of binary predictions or prediction models (Steyerberg, 2009).  

The Brier score was a measure developed to measure the accuracy of weather forecasts based on 

Euclidean distance between the actual outcome and the predicted probability assigned to the outcome 

for each observation ( Brier, 1950).  

The Brier score can be defined as the score which calculates the mean squared error between predicted 

probabilities and the expected values. It indicates the extent of the error in the probability forecasts ( 

Gerds & Schumacher, 2006).  

It can be mathematically expressed as: 

Brier Score =  
∑ (𝐸𝑖−𝑂𝑖)

2𝑁
𝑖=1

𝑁
         

where Ei is the predicted estimate for patient i, Oi is the actual outcome for patient i and N is the 

number of patients diagnosed.  

The value of the error score is always between 0.0 and 1.0, where a model with a score of 0.0 has a 

perfect skill. This means that the closer the value of the Brier score to 0, the better the prediction and 

the closer of its value to 1, the less accurate the prediction is. The Brier score reflects both calibration 

and discrimination. 
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3.3 Description of data  

Data can be described as illustrated in figure 9 below: 

There are two types of datasets used for this research. This first one is the empirical dataset obtained 

from UCI Machine Learning repository. It is a breast Cancer Wisconsin (Diagnostic) Dataset used to 

predict whether the cancer is benign or malignant. It contains 570 observations (with 358 benign and 

212 malignant), 32 number of features/variables, and the dependent variables are binary, with no 

missing values.  

Features are computed from a digitized image of a fine needle aspirate (FNA) of a breast mass. They 

describe characteristics of the cell nuclei present in the image.  

 

The attribute Information contains the ID number and Diagnosis (M = malignant, B = benign)  

The ten real-valued features computed for each cell nucleus are: radius (mean of distances from centre 

to points on the perimeter), texture (standard deviation of grey-scale values), perimeter, area, 

smoothness (local variation in radius lengths), compactness (perimeter^2 / area - 1.0), concavity 

(severity of concave portions of the contour), concave points (number of concave portions of the 

contour), symmetry, fractal dimension ("coastline approximation" - 1).  

 

 

 

 

 

 

 

 

 

 

Data  
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Figure 9 Diagrammatic representation of Data types 

 

The mean, standard error and "worst" or largest (mean of the three largest values) of these features 

were computed for each image, resulting in 30 features. For instance, field 3 is Mean Radius, field 13 

is Radius SE, field 23 is worst radius. 

 

Also, an artificial dataset containing 20,000 observations was obtained from simulation. There are 20 

number of variables. 

The following libraries were imported: numpy, matplotlib and various libraries from sklearn, csv, 

pandas. The seed was set using numpy. Also, classification was created from dataset with 2 classes, 

and 20000 samples with 20 features, The dataset was thereafter split into train and testing sets using 

train_test_split command into X_train, X_test, y_train, y_test and kept in pd.DataFrame each. The 

five algorithms used for classifications were: LogisticRegression(), GaussianNB(), SVC(),  

RandomForestClassifier() and KNeighborsClassifier(). Predictions were made and probability 

calibration followed thereafter.  Finally, various calibration curves and probability calibration scores 

like Brier, precision, recall and F1 were then obtained. 

All feature values are recoded with four significant digits. 
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4 Results and Findings 

4.1 Results  

This chapter introduces the results and findings of empirical and simulated datasets of five binary 

machine learning methods (logistic regression, Naïve Bayes, Random forest, support vector machine 

and K-Nearest neighbours) compared with the results of commonly used calibration methods 

comprising Platt’s method and isotonic regression. The results will be presented in two main sections: 

results for empirical dataset and results for simulated dataset.  

AUC-ROC curve is a performance measurement for the classification problems at many threshold 

situations as shown in figure 10 below. The ROC (Receiver Operating Characteristic Curve) is a 

probability curve and AUC (Area Under the Curve) represent the level or measure of separability. It 

gives the amount of how the model can differentiate between classes of events. Therefore, the higher 

the AUC, the better the model is at predicting 0s as 0s (e.g. malignant breast cancer as in this case) 

and 1s as 1s (e.g. benign breast cancer as in this case). Logically, the higher the AUC, the better the 

model is at distinguishing between patients with a particular disease and no disease. In this case, the 

higher the value of AUC, the better the chances of correctly predicting whether a patient has benign 

or malignant cancer, and vice versa.  

According to Hosmer & Lemeshow (2000), obtaining an AUC of more than 0.9 is regarded as 

outstanding, while that of 0.8 to 0.9 is considered excellent, 0.7 to 0.8 is considered acceptable and 

0.5 indicates no discrimination (i.e., ability to diagnose patients with and without the disease e.g., 

malignant, or benign breast tumours).  

In most real-life classification problems, imbalanced class distribution exists in many datasets and thus 

F1-score is a better metric with which these models can be evaluated. In this case, there are different 

number of observations for benign and malignant breast cancer tumours classes.  

For an imbalanced dataset, the best metric for evaluating the performance are precision, recall, brier 

score, AUCROC, and F1 score. F1 score is also a single metric that combines recall and precision 

using the harmonic mean.  
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4.1.1 Results from Empirical Dataset 

 

 

Figure 10 A diagram showing AUC-ROC for Empirical Breast Cancer dataset 

According to figure 10 above, all the five machine learning techniques used gave very high (the closer 

to 1, the better and vice versa) Area Under the Curve (AUC) outputs using the empirical dataset, 

especially logistic regression (0.998), naïve Bayes (0.998), random forest (0.994), KNN (0.98) and 

support vector machine (0.93) respectively. Accordingly, for using this empirical breast cancer 

dataset obtained from UCI Machine Learning repository, logistic regression, naïve Bayes and random 

forest are best at distinguishing between patients with malignant breast tumours and benign breast 

tumours, followed by KNN and support vector machine respectively. 

The AUC can also be expressed in percentage as a confidence. As such, from figure 10 above, both 

logistic regression and naïve Bayes methods gave a 99.8% confidence of correctly predicting whether 

a patient has a malignant or benign tumour, while random forest gave 99.4%, KNN 98% and SVM 

93% respectively.  

It can be concluded that all the five machine learning techniques used on the empirical dataset gave 

outstanding values of AUC since all the obtained results were greater than 0.9 (Hosmer & Lemeshow, 

2000).  
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Figure 11 Calibration Curve for logistic regression of Empirical Breast Cancer dataset 

 

Table 1 Calibrated Logistic regression results for Empirical Breast Cancer Dataset 

               Performance Evaluation Metrics 

Methods Brier  Precision Recall  F1 

LogReg 0.023 0.975 0.907 0.940 

LogReg + Isotonic 0.024 0.976 0.930 0.952 

LogReg + Sigmoid 0.032 0.974 0.884 0.927 

 

 

From the results obtained in table 1 and figure 11 above, it can be said that using probability 

calibration on logistic regression technique did not improve the results, since its outputs were already 

given in probabilities (0.023). Thus, for sigmoid regression, the brier score (0.032) is worse than that 

of isotonic regression (0.024) because it moves away from 0 and moves closer to 1 (Niculescu-Mizil 

& Caruana, 2005).  

From chapter 3, it was confirmed that the closer the value of the F1 score to 1, the better it is correctly 

predicting whether a patient has a particular disease or not, and vice versa.  

Also, the F1 score (0.952) for isotonic was the best, as compared to that of sigmoid (0.927) and the 

original logistic regression (0.940) classification method.  
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Figure 12  Calibration Curve for Naive Bayes of Empirical Breast Cancer dataset 

 

 

Table 2  Calibrated Naive Bayes results for Empirical Breast Cancer Dataset 

              Performance Evaluation Metrics 

Methods Brier  Precision Recall F1 

Naïve Bayes 0.027 1.000 0.930 0.964 

Naïve Bayes + Isotonic 0.018 0.977 0.977 0.977 

Naïve Bayes + Sigmoid 0.028 1.000 0.930 0.964 

 

 

According to the results obtained from table 2 and figure 12 above, only the isotonic method gave an 

improved brier score (0.018), as opposed to sigmoid (0.028) which gave a worse result, as compared 

to the original value of naïve Bayes (0.027). Naive Bayes is prominent for giving probabilities close 

to two extremes i.e., 0 and 1 as shown in the obtained values of brier and precision for isotonic (0.018 

& 0.977) and sigmoid (0.028 & 1.000). It works well with small datasets.  
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Upon evaluating the results in terms of the accuracy metrics: the F1 score (0.977) for isotonic was 

the best, as compared to that of sigmoid (0.964) and the original naïve Bayes (0.964) classification 

method which were the same.  

 

 

Figure 13  Calibration Curve for Support Vector Machine (SVC) of Empirical Breast Cancer 

dataset 

 

Table 3 Calibrated Support Vector Machine (SVC) results for Empirical Breast Cancer Dataset 

                   Performance Evaluation Metrics 

Methods Brier Precision Recall F1 

SVC 0.035 1.000 0.860 0.925 

SVC + Isotonic 0.039 1.000 0.860 0.925 

SVC + Sigmoid 0.038 1.000 0.860 0.925 

 

From the obtained outputs in table 3 above, the brier score for SVC (0.035) classification method was 

better than that of calibration with isotonic (0.039) and sigmoid methods (0.038). However, all other 

metrics such as precision, recall and F1 scores remained the same.  
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It can be seen that the values of F1 score for the original SVC classifier, isotonic and sigmoid were 

all the same (0.925).  

F1 score benefits algorithms with higher sensitivity and challenges algorithms with higher specificity.  

 

 

Figure 14  Calibration Curve for Random Forest of Empirical Breast Cancer dataset 

 

Table 4 Calibrated Random Forest results for Empirical Breast Cancer Dataset 

                                Performance Evaluation Metrics 

Methods Brier Precision Recall F1 

RandomForest  0.023 0.976 0.930 0.952 

RandomForest 

+ Isotonic  

0.020 0.955 0.977 0.966 

RandomForest 

+ Sigmoid  

0.018 0.976 0.930 0.952 

 

 

According to figure 14 and the results displayed in table 4 above, both isotonic (0.020) and sigmoid 

(0.018) gave a slightly better brier score than the random forest classifier (0.023). 
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However, using the F1 score, only isotonic method (0.966) gave an improved output, as opposed to 

both random forest classifier and sigmoid method giving the value of F1 (0.952). 

 

 

Figure 15  Calibration Curve for K-Nearest Neighbours (KNN) of Empirical Breast Cancer dataset 

 

Table 5 Calibrated K-Nearest Neighbours (KNN) results for Empirical Breast Cancer Dataset 

                             Performance Evaluation Metrics 

Methods Brier Precision Recall F1 

KNeighbors 0.029 1.000 0.884 0.938 

KNeighbors + 

Isotonic 

0.025 1.000 0.907 0.951 

KNeighbors + 

Sigmoid 

0.026 1.000 0.907 0.951 

 

According to the results obtained in table 5 and figure 15 above, only the isotonic method gave an 

improved brier score (0.025), as opposed to sigmoid (0.026) which gave a worse result, as compared 

to the original value of KNN (0.029) classification method.   

 

Upon evaluating the results in terms of the accuracy metrics: the F1 score (0.951) for sigmoid and 

isotonic was the best, as compared to that of the original KNN (0.938) classification method.  
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4.1.2 Results from Simulated Dataset 

 

 

Figure 16 A diagram showing AUC-ROC for Simulated Breast Cancer dataset 

 

According to figure 16 above, only random forest (0.987) and KNN (0.986) gave outstanding values 

of AUC, while logistic regression (0.888) and naïve Bayes (0.882) gave excellent results. However, 

the AUC value of the support vector machine (0.423) was below the acceptable threshold of 0.5 

(Hosmer & Lemeshow, 2000).  This might be because the support vector machine learning technique 

does not perform well when the dataset is relatively large.  

It can be concluded that, for using the simulated breast cancer dataset, both random forest and KNN 

performed best at distinguishing between patients with malignant breast tumours and benign breast 

tumours, while logistic regression and naïve Bayes also performed excellently. However, since the 

value of AUC for support vector machine is less than 0.5, this means that the SVC had no 

discrimination, thus could not distinguish between patients with malignant breast tumours and benign 

breast tumours (Hosmer & Lemeshow, 2000). 
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Figure 17 Calibration Curve for Logistic Regression of Simulated Breast Cancer dataset 

 

 

 

 

 

Table 6 Calibrated Logistic Regression results for Simulated Breast Cancer Dataset 

                         Performance Evaluation Metrics 

Methods Brier Precision Recall F1 

LogReg 0.129 0.854 0.789 0.820 

LogReg + Isotonic 0.125 0.892 0.750 0.815 

LogReg + Sigmoid 0.129 0.855 0.788 0.820 

 

From the results obtained in table 6 and figure 17 above, it can be said that using probability 

calibration on logistic regression technique only slightly improved the results of isotonic regression 

(0.125) and not that of sigmoid regression (0.129) which has the same brier score with the original 
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logistic regression classifier (0.129). It has been stated that, in most cases, probability calibration does 

not really improve the results of logistic regression classifier and may even worsen it (Niculescu-

Mizil & Caruana, 2005).  

Also, the F1 score (0.815) for isotonic was slightly worse than that of sigmoid (0.820) and the original 

logistic regression (0.820) classification method.  

 

 

       

Figure 18 Calibration Curve for Naive Bayes of Simulated Breast Cancer dataset 

 

 

Table 7 Calibrated Naive Bayes results for Simulated Breast Cancer Dataset 

                         Performance Evaluation Metrics 

Methods Brier Precision Recall  F1 

Naive Bayes 0.150 0.882 0.752 0.812 

Naive Bayes 

+Isotonic 
0.129 0.871 0.759 0.811 

Naive Bayes + 

Sigmoid 
0.134 0.868 0.766 0.814 

 

 

According to the results obtained in table 7 and figure 18 above, both the isotonic method (0.029) and 

sigmoid (0.134) gave a worse brier score result, as compared to the original value of naïve Bayes 

(0.015).  
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Upon evaluating the results in terms of the accuracy metrics: the F1 score (0.811) for isotonic was 

almost the same to that of sigmoid (0.814) and the original naïve Bayes (0.812) classification method. 

Overall, using probability calibration on naïve Bayes classifier did not really improve the results as 

shown in the values of the brier scores and F1 obtained above.   

 

 

 
 

Figure 19 Calibration Curve for Support Vector Machine (SVC) of Simulated Breast Cancer 

dataset 

 

Table 8 Calibrated Support Vector Machine (SVM) results for Simulated Breast Cancer Dataset 

                             Performance Evaluation Metrics 

Methods Brier Precision Recall F1 

SVC 0.304 0.570 0.465 0.512 

SVC + Isotonic 0.137 0.834 0.833 0.833 

SVC + Sigmoid 0.143 0.806 0.848 0.827 

 

 

According to the results obtained in table 8 and figure 19 above, both the isotonic method (0.137), 

and sigmoid (0.143) gave better brier scores, as compared to the original value of SVC (0.304).  
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Upon evaluating the results in terms of the accuracy metrics: the F1 score (0.833) for isotonic 

regression calibration was the best, as compared to that of sigmoid (0.827) which is better and the 

original SVC (0.512) classification method which gave the worst. This actually shows that probability 

calibration improved the results of SVC classifier when used with bigger datasets (Cristianini & 

Shawe-Taylor, 2000).  

 

 

 
 

Figure 20 Calibration Curve for Random Forest of Simulated Breast Cancer dataset 

 

 

 

Table 9 Calibrated Random Forest results for Simulated Breast Cancer Dataset 

                                Performance Evaluation Metrics 

Methods Brier Precision Recall  F1 

RandomForest 0.056 0.959 0.901 0.929 
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RandomForest 

+ Isotonic 

0.057 0.940 0.908 0.924 

RandomForest 

+ Sigmoid 
0.057 0.942 0.904 0.923 

 

From figure 20 and table 9 above, random forest classifier, isotonic and sigmoid methods gave almost 

the same brier scores of 0.057. Also, the F1 scores for both isotonic (0.924) and sigmoid (0.923) were 

slightly less than that of the random forest classifier (0.929).  

 

 
 

Figure 21 Calibration Curve for K-Nearest Neighbours (KNN) of Simulated Breast Cancer dataset 

 

 

 

Table 10 Calibrated K-Nearest Neighbours (KNN) results for Simulated Breast Cancer Dataset 

                             Performance Evaluation Metrics 

Methods Brier Precision Recall F1 

KNeighbors 0.042 0.958 0.932 0.945 
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KNeighbors + 

Isotonic 

0.039 0.953 0.937 0.945 

KNeighbors + 

Sigmoid 

0.039 0.947 0.947 0.947 

 

 

According to the results obtained in table 10 and figure 21 above, both isotonic and sigmoid methods 

gave a slightly improved brier score of 0.039, as compared to the original value of KNN (0.042) 

classification method.   

 

Upon evaluating the results in terms of the accuracy metrics: the F1 score (0.947) for sigmoid was 

slightly better, as compared to that of the original KNN (0.945) classification method and isotonic 

method (0.945).  
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5 Discussion and Conclusions 

5.1 Discussion  

The objectives of this thesis were to examine the probability calibration and provide a comparison 

between 5 different machine learning classifiers on 2 different breast cancer datasets. 

To select a classifier, accuracy, computational complexity, memory requirements and the nature of 

problems at hand need to be determined.  

For calibration algorithms (isotonic and sigmoid) to perform well, a minimum of about 1000 to 2000 

training samples are needed for the calibration data set depending on the learning algorithm to avoid 

overfitting. This is particularly valid for non-parametric (e.g. isotonic) calibration algorithms and 

calibration seems to improve further with even bigger calibration data sets (Niculescu-Mizil & 

Caruana, 2005).  

Out of all the classifier-specific calibration methods, Platt scaling (i.e. sigmoid calibration) did not 

improve support vector machine calibration nor did it significantly worsen it either as could be seen 

in chapter 4. 

Unlike with sigmoid calibration, isotonic calibration actually helped the logistic regression as seen in 

chapter 4. It also slightly outperformed the performance of the calibrated Random Forests. 

Interestingly, for empirical dataset, both the Random Forest and KNN clearly outperformed the 

logistic regression after calibration. However, for simulated dataset, isotonic regression improved the 

results, and not sigmoid after calibration. Also, random forest performed worse for simulated dataset, 

while KNN gave an improved results after calibration.  

Unlike both isotonic and sigmoid calibration for simulated dataset, the sigmoid calibration of naïve 

Bayes method for the empirical dataset did not perform well. This may be due to the fact that naïve 

Bayes classifiers, even when calibrated do not perform well with small datasets (Cristianini & Shawe-

Taylor, 2000).  

Also, as for SVC, probability calibration for simulated dataset improved the results, unlike that of 

empirical dataset whose Brier score results were worse after being calibrated. It is worth noting that 

precision, recall and F1 gave same results. This is due to the fact that SVC is one of the classifiers 
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that do not produce well-calibrated probabilities with small datasets (Cristianini & Shawe-Taylor, 

2000). This is as obtained and shown in figure 13 in chapter 4.  

Overall, after calibration with both sigmoid and isotonic regression for empirical dataset, improved 

results were obtained for KNN and random forest. However, logistic regression and SVC gave a 

worse result, while Naïve Bayes produced an improved result only for isotonic regression and not 

sigmoid scaling. Also, after calibration with sigmoid and isotonic regression for simulated dataset, 

Naïve Bayes, KNN and SVC gave improved results, while random forest gave a worse result. Logistic 

regression only produced an improved result with isotonic regression and not sigmoid scaling. 

 

5.2 Research Summary 

 In this thesis, the probabilities predicted by five different machine learning methods were examined. 

Support vector machine, which is an example of Maximum margin method gave characteristic 

distortions in their predictions results for both empirical and simulated datasets. Other methods such 

as naïve bayes make predictions with the opposite distortion. And methods such as logistic regression, 

random forest and KNN predicted and gave well-calibrated probabilities.  

 

Also, the effectiveness of Platt scaling and isotonic regression for calibrating the predictions made by 

different learning methods were examined and compared. The results showed that, Platt scaling is 

less effective for empirical dataset, as compared to isotonic regression. After calibration, the models 

that predicted the best probabilities were logistic regression, random forests, and KNN for empirical 

dataset. 

 

5.3 Practical Implications 

After the results obtained from both empirical and simulated datasets, it showed that some machine 

learning methods perform better than the other based on some conditions like number of observations, 

with Platt scaling and isotonic regression probability calibrations being applied. It also showed that 

some of the machine learning classifiers used performed better after being calibrated.   

As stated in the previous chapters of this thesis, breast cancer in women has been a menace in medical 

diagnosis. Correct and timely diagnosis is very important and could save lives of cancer patients. 

Therefore, the results could help in making right decisions, using the machine learning methods which 
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gave the best predicted outputs. This in turn would reduce deaths and more money required for further 

treatments.  

5.4 Limitations of the Study 

In the field of big data, very large datasets are required for carrying out meaningful computations. 

However, as this research did not have access to a large data for the empirical dataset, this could be 

one of the reasons why some of the machine learning classifiers did not give the best results. Not 

having access to many datasets might be because in medical domain, most information of patients are 

kept confidential, and most patients do not usually allow companies to publish their medical history. 

This makes most companies sell their data, which eventually requires more to fund the research.  

Much research works have not been not carried out with limited-sized datasets, for instance, 

Niculescu-Mizil & Caruana (2005) compared many classifiers on eight data sets with 4000 training 

samples and 1000 separate calibration samples and showed that naive Bayes was clearly the worst 

performing, calibration-wise, followed by support vector machine.  

Also, more computer memory would be required since it is computationally intensive. This applies 

to many machine learning methods.  

5.5 Suggestions for further Research 

  

Although, the testing was not comprehensive concerning the size of two datasets and there were some 

differences in calibration performance of the classifiers between the two datasets used. The general 

concept defined above should be fairly reliable in estimating calibration performance on small-sized 

dataset, as in the case of empirical dataset.  

Logistic regression, Naïve Bayes, random forest and KNN were the best, outperforming support 

vector machine by a distinct difference. With the limited-sized data sets (i.e., empirical dataset), the 

calibration performance of random forest was better, while that of support vector machine was worse. 

This idea might warrant further investigation to see if a pattern explaining the difference in results 

could be revealed. 

Also, this research could further be extended to the field of deep learning using neural networks, as 

it is believed that deep learning method could further improve the results after calibration. As stated 

before, obtaining reliable predictions in confidence level in a machine learning model is paramount 

for making correct medical diagnosis prediction in healthcare industry (Crowson, Atkinson, & 
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Therneau, 2016). Therefore, calibration is one mathematical method for getting the reliability in 

confidence level (Murphy & Epstein, 1967). Naturally, calibration for class predictions implies that 

if a classifier allocates a class with 80% probability, that class should appear 80% of the time. 

However, according to Mahdi , Gregory, and Milos (2015), current works in the field of deep learning 

advocated Expected Calibration Error (ECE); an estimate of calibration error which has led to an 

increase of works developing methods for calibrated deep neural networks (Volodymyr, Nathan, & 

Stefano, 2018). 

This means that there are problems with calibration metrics as used in this thesis, viz. not estimating 

calibration across all predictions, problems of fixed calibration ranges, and an inefficient bias 

variance. All these shortcomings can be fixed in deep learning which can later be investigated for 

further research (Xiaoqian, Melanie , Jihoon , & Lucila, 2011).  

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



44 
 

References 

Ahmad, L., Eshlaghy, A., Poorebrahimi, A., Ebrahimi, M., & Razavi, A. (2013). Using three 

machine learning techniques for predicting breast cancer recurrence. J Health Med Inform, 

4: 124. doi:10.4172/2157-7420.1000124. 

Alba, A., Agoritsas, T., & Walsh, M. (2007). Discrimination and calibration of clinical prediction 

models: users’ guides to the medical literature. JAMA, 318 (14): 1377–84. 

Brier, G. W. (1950). Verification of forecasts expressed in terms of probability. Mon Weather Rev, 

78:1-3. 

Bejnordi, B. E., Veta, M., Van Diest, P. J., Van Ginneken, B., Karssemeijer, N., Litjens, G., . . . 

Balkenhol, M. (2017). Diagnostic assessment of deep learning algorithms for detection of 

lymph node metastases in women with breast cancer. JAMA, 318, 2199–2210. 

Bella, A., Ferri, C., Hernández-Orallo, J., & Ramírez-Quintana, M. (2013). On the effect of 

calibration in classifier combination. Applied Intelligence, 38(4):566–585. 

Beygelzimer, A., Kakade, S., & Langford, J. (2006). Cover trees for nearest neighbor. Proceedings 

of 23rd International Conference on Machine Learning (ICML 2006).  

Blumberg, B., Cooper, D. R., & Schindler, P. S. (2005). Business Research Methods. Berkshire: 

McGrawHill Education. 

Boström, H. (2008). Calibrating random forests. Proceedings - 7th International Conference on 

Machine Learning and Applications, (pp. 121–126). 

Breiman, L. (2001). Random Forests. Machine Learning, 45, 5-32. 

Burges, C. J. (1998). A tutorial on support vector machines for pattern recognition. Data Mining 

and Knowledge Discovery, vol. 2, no. 2, pp. 121–167. 

Caruana, R., Karampatziakis, N., & Yessenalina, A. (2008). An empirical evaluation of supervised 

learn-ing in high dimensions. In Proceedings of the 25th In-ternational Conference on 

Machine Learning, ICML’08,, (pp. pages 96–103. ACM). 

Chagpar, A., & Coccia, M. (2019). Factors associated with breast cancer mortality-per-incident case 

in low-to-middle income countries (LMICs). J. Clin. Oncol., 37, 15. 

Chakrabartty, S. N. (2013). Best Split-Half and Maximum Reliability. IOSR Journal of Research & 

Method in Education, 3(1), 1-8. 

Cheng, J., & Greiner, R. (1999). Comparing Bayesian network classifiers. Proceedings of the 15th 

Conference on Uncertainty in Artificial Intelligence, (pp. pp. 101–107). 

Chuan, G., Geoff , P., Yu, S., & Kilian , Q. (2017). Proceedings of the 34th International 

Conference on Machine Learning. (pp. 70:1321-1330). PMLR. 

Coccia, M. (2020). Deep learning technology for improving cancer care in society: New directions 

in cancer imaging driven by artificial intelligence. Technol. Soc. , 60, 101198. 



45 
 

Connolly, B., Cohen, K., Santel, D., Bayram, U., & Pestian, J. (2017). A nonparametric Bayesian 

method of translating machine learning scores to probabilities in clinical decision support. 

BMC Bioinformatics 18, 1 (dec 2017), 361. https://doi.org/10.1186/s12859-017-1736-3. 

Creswell, J. W. (2009). Research Design: Qualitative, Quantitative, and Mixed Method Approaches 

(3rd edn). Thousand Oaks, CA: Sage. 

Cristianini, N., & Shawe-Taylor, J. (2000). An introduction to support vector machines: And other 

kernel-based learning methods. New York, NY, USA: Cambridge University Press. 

Crowson, C., Atkinson, E., & Therneau, T. (2016). Assessing calibration of prognostic risk scores. 

Statistical methods in medical research, 25(4):1692–1706. 

Dawid, A. P. (1982). The Well-Calibrated Bayesian. J. Amer. Statist. Assoc., 77, 379 (1982), 605–

610 https://doi.org/10.2307/2287720. 

DcGroot , M., & Fienberg, S. (1983). The comparison and evaluation of forecasters. The 

Statistician, 32. 12-22. 

Duda R, O., Hart , P. E., & Stork, D. G. (2000). Pattern classification, 2nd ed. New York: John 

Wiley & Sons. 

Frank, E., Hall, M., Pal, C., & Witten, I. (2017). Data mining: Practical machine learning tools and 

techniques 4th edition (pp 147). Cambridge, Massachusetts: Elsevier/Morgan Kaufmann. 

Gerds , T., & Schumacher, M. (2006). Consistent estimation of the expected Brier score in general 

survival models with right-censored event times. Biom J, 48(6):1029–1040. doi: 

10.1002/bimj.200610301. 

Ghaddar , B., & Naoum-Sawaya, J. (2018). High dimensional data classification and feature 

selection using support vector machines. European Journal of Operational Research, vol. 

265, no. 3, pp. 993–1004. 

Guidotti, R., Monreale, A., Ruggieri, S., Turini , F., Pedreschi, D., & Giannotti, F. (2018). A Survey 

Of Methods For Explaining Black Box Models. ACM Computing Surveys (CSUR), 51, 5 

(2018), 1–42 https://doi.org/10.1145/3236009. 

Hofmann, T. (2001). Unsupervised learning by probabilistic latent semantic analysis. Machine 

learning, 42(1-2),177–196. 

Hosmer, D. W., & Lemeshow, S. (2000). Applied Logistic Regression, 2nd Ed Chapter 5. New 

York, NY: John Wiley and Sons. 

Huang, J., Lu, J., & Ling , C. X. (November 2003). Comparing naive Bayes, decision trees, and 

SVM with AUC and accuracy. Proceedings of the Third IEEE International Conference on 

Data Mining (pp. pp. 553–556). Melbourne, FL, USA: IEEE. 

Kane, M. T. (2013). Validating the Interpretations and Uses of Test Scores. Journal of Educational 

Measurement, 50, 1–73. 

Kothari, C. R. (2004). Research Methodology Methods and Techniques,. ISBN (13) 978-81-224-

2488-1. 



46 
 

Kotsiantis, S., Zaharakis, I., & Pintelas, P. (2007). Supervised machine learning: A review of 

classification techniques. Emerging artificial intelligence applications in computer 

engineering, 160, 3–24. 

Kumar, N. (2020, March 15). Retrieved from GeeksforGeeks: 

https://www.geeksforgeeks.org/naive-bayes-classifiers/  

Mahdi , P., Gregory, C., & Milos, H. (2015). Obtaining well calibrated probabilities using bayesian 

binning. In Twenty-Ninth AAAI Conference on Artificial Intelligence. 

Menard, S. W. (1995). Applied logistic regression analysis. Thousand Oaks: Sage Publications. 

Menon, A. K., Edu, A. U., Edu, M. U., Jiang, X., Vambu, S., & Elka. (2012). Predicting accurate 

probabilities with a ranking loss. International Conference on Machine Learning 

(Accepted), CoRR abs/1206.4661.  

Miles, D. (2016a). The One-Page Dissertation Proposal Matrix: A Guide for Developing The 

Dissertaion Proposal.  

Morris, H., & Stephen, E. (1983). The Comparison and Evaluation of Forecasters. Journal of the 

Royal Statistical Society. Series D (The Statistician) 32.1/2, pp. 12–22. 

Murphy, A., & Epstein, E. (1967). Verification of probabilistic predictions: A brief review. Journal 

of Applied Meteorology, 6(5):748–755. 

Naeini, M. P., Cooper, G., & Hauskrecht, M. (2015). Obtaining well calibrated probabilities using 

Bayesian binning. Twenty-Ninth AAAI Conference on Artificial Intelligence.  

Neapolitan, R. (2003). Learning Bayesian Networks. Prentice-Hall. 

Newton, R., & Rudestam , K. (2007). Surviving Your Dissertation: A Comprehensive Guide To 

Content and Process (3rd Ed). Thousand Oaks, CA: Sage. 

Nguyen, Q., Do, T., Wang, Y., Heng , S., Chen, K., Ang, W., . . . Nguyen, B. (20–21 July 2019). 

Breast Cancer Prediction using Feature Selection and Ensemble Voting. In Proceedings of 

the 2019 International Conference on System Science and Engineering (ICSSE), (pp. pp. 

250–254). Dong Hoi City, Vietnam. 

Niculescu-Mizil, A., & Caruana, R. (2005). Obtaining Calibrated Probabilities from boosting. Proc. 

21th Conference on Uncertainity in Artificial Intelligence (UAI '05). AUAI Press. 

Niculescu-Mizil, A., & Caruana, R. (2005). Obtaining Calibrated Probabilities from Boosting. In 

Proceedings of the 21st Conference on Uncertainty in Artificial Intelligence, (pp. 413–420). 

Oleszak, M. (2020, July 26). Towards data Science . Retrieved from Calibrating classifiers: 

https://towardsdatascience.com/calibrating-classifiers-559abc30711a  

Pazzani, M. (1997). Searching for dependencies in Bayesian classifiers. Learning from Data: 

Artificial Intelligence and Statistics V, pp. 239–248. 

Pernkopf, F. (2005). Bayesian network classifier versus k-NN classifier. Pattern Recognition, 38 (1) 

pp. 1-10. 



47 
 

Platt, J. (1999). Probabilistic outputs for support vector machines and comparison to regularized 

likelihood methods. Advances in Large Margin Classifiers . 

Platt, J. C. (2000, September). Probabilities for SV Machines. Advances in Large Margin 

Classifiers, 61–74. https://doi.org/10.1.1.41.1639. 

Punch, K. F. (2005). Introduction to Social Research: Quantitative and Qualitative Approaches (2nd 

edn) . London: Sage. 

Pupale, R. (2018, June 16). Towards data Science. Retrieved from Support Vector Machines 

(SVM)- An Overview: https://towardsdatascience.com/https-medium-com-pupalerushikesh-

svm-f4b42800e989 

Purnami, Santi, W., Rahayu, S., & Abdullah, E. (2008). Feature selection and classification of 

breast cancer diagnosis based on support vector machines. Int. Symp. on Information 

Technology 1, 1-6. 

Reunanen, J. (2003). Overfitting in making comparisons between variable selection methods. 

Journal of Machine Learning Research, 3:1371–1382. 

Robson, C. (2011). Real World Research: A Resource for Users of Social Research Methods in 

Applied Settings, (2nd Ed.). Sussex: A. John Wiley and Sons Ltd. 

Rosner, B. (2005). Fundamentals of Biostatistics, 6th Ed. Chapter 3. Belmont, CA: Duxbury. 

Rüping, S. (2006). Learning interpretable models. Doctoral dissertation. Universit¨at Dortmund. 

Sharma, G. N., Dave, R., Sanadya, J., & Sharma, P. S. (2010). Various types and management of 

breast cancer:An overview. J. Adv. Pharm. Technol. Res., 1, 109. 

Somvanshi , M., & Chavan, P. (August 2016). A review of machine learning techniques using 

decision tree and support vector machine. Proceedings of the 2016 International Conference 

on Computing Communication Control and Automation (ICCUBEA) (pp. pp. 1–7). Pune, 

India: IEEE. 

Srivastav, S. (2020, July 9). Artificial Intelligence, Machine Learning, and Deep Learning. What’s 

the Real Difference? Retrieved from The Startup: https://medium.com/swlh/artificial-

intelligence-machine-learning-and-deep-learning-whats-the-real-difference-94fe7e528097 

Steyerberg , E. W., Vickers, A. J., Cook , N. R., & et al. . (2010). Assessing the performance of 

prediction models: a framework for traditional and novel measures. Epidemiology, 21 (1): 

128–38. 

Steyerberg, E. W. (2009). Clinical prediction models. New York, NY: Springer. 

Sutton, R., & Barto, A. (2018). Reinforcement Learning: An Introduction. Cambridge, MA: MIT 

press. 

Taboga, M. (2017). Bernoulli distribution, Lectures on probability theory and mathematical 

statistics, Third edition. Kindle Direct Publishing. 

Thatcher, R. (2010). Validity and Reliability of Quantitative Electroencephalography. Journal of 

Neurotherapy, 14, 122-152. 



48 
 

Turkki, R., Byckhov, D., Lundin, M., Isola, J., Nordling, S., Kovanen, P., . . . Lundin, J. (2019). 

Breast cancer outcome prediction with tumour tissue images and machine learning. Breast 

Cancer Res. Treat, 177, 41–52. 

Tutorials Point. (2020). Retrieved from Classification Algorithms- Random Forest: 

https://www.tutorialspoint.com/machine_learning_with_python/machine_learning_with_pyt

hon_classification_algorithms_random_forest.htm#:~:text=Advertisements-

,Introduction,classification%20as%20well%20as%20regression.&text=Similarly%2C%20ra

ndom%20forest%20a 

Van Houwelingen, J. C., & le Cessie, S. (1988). Logistic Regression, a review. Statistica 

Neerlandica, 42(4):215. 

Vapnik, V. (1999). An Overview of Statistical Learning Theory. IEEE Trans. on Neural Network, 

10, 988-999. http://dx.doi.org/10.1109/72.788640. 

Volodymyr, K., Nathan, F., & Stefano, E. (2018). Accurate uncertainties for deep learning using 

calibrated regression. arXiv preprint arXiv, 1807.00263. 

Wang, H., & Yoon, S. (30 May–2 June 2015). Breast cancer prediction using data mining method. 

In Proceedings of the IIE Annual. Conference Expo 2015, (pp. pp. 818–828). Nashville, TN, 

USA. 

Xiaoqian, J., Melanie , O., Jihoon , K., & Lucila, O.-M. (2011). Calibrating predictive model 

estimates to support personalized medicine. Journal of the American Medical Informatics 

Association,, 19(2):263–274. 

Zadrozny, B., & Elkan, C. (2001). Obtaining calibrated probability estimates from decision trees 

and naive Bayesian classifiers. ICML. 

Zadrozny, B., & Elkan, C. (2002). Classifier Scores into Accurate Multiclass Probability Estimates, 

KDD. pp. 694-699. 

 

 

 

 

  

 

 


	1 Introduction
	1.1 Background of the Study
	1.2 Statement of Problems
	1.3 Scope of Study
	1.4 Objectives of Study
	1.5 Significance of Study
	1.6 Organization of Presentation

	2 Literature Review
	3 Research Methodology
	3.1 Methodology
	3.1.1 Logistic Regression
	3.1.2 Gaussian Naïve Bayes
	3.1.3 Linear Support Vector Machine
	3.1.4 Random Forest
	3.1.5 K-Nearest Neighbours

	3.2 Measurements criteria
	3.3 Description of data

	4 Results and Findings
	4.1 Results
	4.1.1 Results from Empirical Dataset
	4.1.2 Results from Simulated Dataset


	5 Discussion and Conclusions
	5.1 Discussion
	5.2 Research Summary
	5.3 Practical Implications
	5.4 Limitations of the Study
	5.5 Suggestions for further Research

	References

