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Abstract 

Reject option suggests that, during machine learning predictive analysis, samples for which a posteriori 
probabilities are insufficiently high should not be classified. A rejection region is defined in the feature 
space and all examples within this region are rejected by the classifier. The classifier rejects an example if 
the prediction is not sufficiently reliable and falls into the rejection region. In case of medical diagnosis, 
the rejected sample is actually the record of a patient which is forwarded to the physician(s) for further 
analysis and necessary action. A team of physicians is involved to investigate the patient’s record by using 
multiple resources and medical tests. It requires more time and effort to accomplish the task. 
Consequently, a cost has to be beard in this entire scenario. In this work, we introduce Pathological 
Response Predictor Method (PReP Method) to help the physician(s) for further investigation on rejected 
samples during predictive analysis. PReP Method compares the distribution of a feature from the set of 
rejected samples to the distribution of the same feature in the test set. Differences between the 
distributions of a feature indicate why the sample(s) was rejected. Experiments were conducted on six 
publicly available clinical cancer datasets using five state of the art machine learning classification 
algorithms. Varying distributions reveals different aspects of analysis leading the physician to analyze and 
predict the pathological condition of the patient and indicate the factors for which rejection has 
encountered.​
Keywords: PReP Method, cancer diagnosis, classification, reject option, predictive analysis, Machine 
Learning 
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1.​Introduction 
1.1​ Machine Learning 

Machine learning is an application of artificial intelligence (AI) that provides systems the ability to 
automatically learn and improve from experience without being explicitly programmed (Sharma & Rani, 
2021). The process of learning begins with observations or data, such as examples, direct experience, or 
instruction, in order to look for patterns in data and make better decisions in the future based on the 
examples that we provide (Arif & Abbas, 2024; Urooj & Abbas, 2024). The primary aim is to allow the 
computers learn automatically without human intervention or assistance and adjust actions accordingly. 
1.2​ Use of Machine Learning in Medical Diagnosis 

Machine learning can positively impact patient care delivery strategies. For example, it can help clinicians 
identify, diagnose and treat disease. Applications of machine learning in healthcare can also streamline 
healthcare tasks and optimize surgery planning, preparation and execution (Ibrahim & Abdulazeez, 2021). 
1.2.1​ Use of Machine Learning for Cancer Diagnosis and Prediction 

Recent developments in machine learning can help increase healthcare access in developing countries and 
innovate cancer diagnosis and treatment. Over the past two decades, machine learning techniques have 
been used extensively for cancer diagnosis (Abbas et al., 2019; Masud, Sikder, Nahid, Bairagi, & AlZain, 
2021; Sharma & Rani, 2021; Torkey, Atlam, El-Fishawy, & Salem, 2021; Vaka, Soni, & Reddy, 2020). 
Scientists applied different methods, such as screening in an early stage, in order to find types of cancer 
before they cause symptoms (Abbas, Nadeem, & Abbas, 2020; Abbas, Nadeem, Aziz, Shaheen, & Saeed, 
2018; Cruz & Wishart, 2006; Esteva et al., 2017; Kourou, Exarchos, Exarchos, Karamouzis, & Fotiadis, 
2015; Rejani & Selvi, 2009; Roy & Tiirikainen, 2020; Syed, Jabeen, & Manimala, 2018). Moreover, they 
have developed new strategies for the early prediction of cancer treatment outcome. With the advent of 
new technologies in the field of medicine, a large amount of cancer data have been collected and available 
to the medical research community. However, the accurate prediction of a disease outcome is one of the 
most interesting and challenging tasks for physicians. As a result, machine learning methods have become 
a popular tool for medical researchers (Rudzińska et al., 2021). These techniques can discover and 
identify patterns and relationships between them, from complex datasets, while they are able to 
effectively predict future outcomes of a cancer type. 

 
1.3​ Reject Option in Classification 

As medical diagnosis is a sensitive issue due to involvement of human being’s life, so for practical 
applications in medicine, it is better for predictions to be made only when they are sufficiently reliable, 
with no prediction made by the classifier in other cases. In practice, this results in the addition of a 
”reject” option to the classifiers (Hanczar & Dougherty, 2008; Nadeem, Zucker, & Hanczar, 2010). If the 
category to which an example should be classified cannot be predicted reliably as shown in 
Figure 1, the classifier rejects the observation by not assigning it any of the class labels. The reject option 
introduced by Chow (1970) suggests that, results in decisions not being taken for samples for which 
confidence is low, to reduce the likelihood of error. This phenomenon is illustrated in Figure 1. 

 

Figure 1: Two class example in a normal distribution. Figure source: (Chow, 1970). 
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Several people used reject option technique in machine learning predictive analysis. Dubuisson & Masson 
(1993) extended reject option proposed by Chow (1970) by defining two different types of reject option: 
an ambiguity reject option and a distance reject option. Fumera & Roli (2002) addressed the problem of 
implementing the reject option in SVMs. They suggested that, under the framework of the structural risk 
minimization principle, the rejection region must be determined during the training phase of a classifier. 
Landgrebe et al (2006) performed an analytic study on a controlled experiment followed by some 
experiments on real-world data sets with the distance-based reject-option classifier. Hanczar & Dougherty 
(2008) proposed an algorithm that aimed to produce a classifier with the smallest error rate possible. Yuan 
and Wegkamp (2010) stated the problem of binary classification with a reject option in which one can 
withhold the decision of classifying an observation at a cost lower than that of misclassification. Pillai et 
al., (2013) considered multi-label classification problems in application scenarios where classifier 
accuracy did not satisfactory, but manual annotation was too costly. In particular, multi-label accuracy 
measures were extended to take into account rejections and defined manual annotation cost as a cost 
function. Abbas et al., (2019) introduced Accuracy Rejection Normalized Cost Curves (ARNCCs) a three 
dimensional visualization technique to illustrate the performances of reject option based classifiers over 
different rejection regions and normalized cost to select the robust classifier. 

 
1.4​ Proposed Technique 

As the rejected sample is referred for further analysis and investigation, it needs more time and effort to 
reach the final decision. Manual diagnosis requires more resources, medical tests, time and cost. There 
should be a system which may help the physicians to conduct further investigation on rejected samples. 
To the best of our knowledge no one proposed such a technique which may be able to take into account 
the further analysis on rejected samples. In this work, we proposed a methodology; Pathological Response 
Predictor Method (PReP Method) to automate further analysis of rejected samples. PReP Method works 
by comparing the distributions of features from rejected samples to their respective distributions in the 
test set. As test set consists of accurate class labels, so it is a realistic approach to compare the 
distributions of features from rejected samples to their distributions in the test set. 

 
2.​Materials and Methods 
2.1​ Cancer Datasets 

Six publicly available clinical cancer datasets were selected for this study. Four of them are from UCI 
machine learning repository (Bache & Lichman, 2013), and others are Lung Cancer from North Central 
Cancer Treatment Group (NCCTG) (Loprinzi et al., 1994) and Veteran's Administration Lung Cancer 
Trial (Kalbfleisch & Prentice, 1980). All datasets have repeatedly appeared in the machine learning 
literature. Wisconsin Breast Cancer Database (WBCD) was obtained from the University of Wisconsin 
Hospitals, Madison (Wolberg, Street, & Mangasarian., 1995) by UCI machine learning repository. It was 
created using Fine Needle Aspirates (FNA) of human breast tissue. Sixteen instances contain missing 
values which were removed and as a result, we have 683 samples. Wisconsin Diagnostic Breast Cancer 
(WDBC) was also obtained from the UCI Machine learning repository. It was created by Wolberg & 
Mangasarian (1995) during the diagnosis of different patients. Wisconsin Prognostic Breast Cancer 
(WPBC) dataset is actually the follow-up of original breast cancer dataset by Wolberg & Mangasarian 
(1995). The Breast-cancer dataset is obtained from UCI Machine learning repository. It was donated by 
Zwitter & Soklic (1988) from University Medical Center Institute of Oncology in Ljubljana, Yugoslavia. 
This dataset is one of the three domains provided by the Oncology Institute. 
NCCTG Lung Cancer dataset is obtained from North Central Cancer Treatment Group (Loprinzi et al., 
1994). The dataset describes survival in patients with advanced lung cancer. It was collected from the 
patients completed questionnaires in 1994 by the North Central Cancer Treatment Group. Size of the 
dataset after removing missing value attribute samples is 167 where each sample contains 10 variables. 
We used status variable as a response, where 1 for censored and 2 for dead. Veteran's Administration 
Lung Cancer Trial Dataset contains the records of patients which is actually the survival analysis from 
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cancer. The source of the dataset is Veteran’s Administration Lung Cancer Trial, which was first 
published by Kalbfleisch & Prentice (1980). The baseline characteristics of the data used in the study are 
presented in Table 1. 
                                Table 1. Baseline characteristics of datasets used in the study. 
 

Dataset #Instances #Attributes +ive class count -ive class count 
WPBC 194 33 46 148 
WDBC 569 30 212 357 
WBCD 683 9 239 444 
Breast-cancer 286 9 85 201 
NCCTG lung cancer 167 9 47 120 
VA lung cancer 137 7 09 128 

 
2.2​ Methodology 

Working of proposed technique can be well understood by algorithm as follows: 
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The proposed technique works as first, a classifier Cl is induced by some machine learning algorithm to 
make predictions for a given test data. Resulting model M is capable to classify and reject the samples in 
given circumstances. Rejection statistics are calculated on the basis of rejection threshold t ranging from 0 
to 1 consists of 500 rejection regions. In this way, a classifier rejects the samples from 0% to 100%. p 
arbitrarily rejection levels 5%, 10%, 20%, 30% and 40% were selected for analysis purposes. There is no 
restriction to select only these rejection levels. At certain rejection levels, there might be some rejected 
samples which are thrown into a pre-defined rejection space (rejection level). Finally, the distributions of 
feature i in test set as negative class member tsi neg and positive class member tsi pos were compared 
with the distribution of same feature FiRsj in rejection set. This process was repeated for all features of 
rejected samples. Five commonly used state of the art machine learning classifiers were used in this study. 
Selected classifiers were, Support Vector Machines with linear kernel (SVML), Support Vector Machine 
with radial kernel (SVMR) (Cortes & Vapnik, 1995), Linear Discriminant Analysis (LDA) (Fisher, 1936), 
Random Forest (RF) (Ho, 1995, 1998) and k-Nearest Neighbors (kNN) (Altman, 1992). 

 
    Figure 2 is the demonstration of experimental design of the proposed methodology. 
 

 
                                 Figure 2: Experimental design of the proposed methodology. 
 
 

 
3.​Results and Discussions 
This section presents the results of the proposed technique. Experiments were conducted at 5%, 10%, 
20%, 30% and 40% rejection levels. Some typical results are presented here. 
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3.1​ Results of Wisconsin Brest Cancer Database (WBCD) 

Following results show the comparisons of distributions of feature ‘cell_thickness’ for WBCD dataset 
using SVML classifier. Figure 3 (A) is a comparison of distributions without rejection and rejected 
samples. Without rejection, majority of the values are between 2 to 6, whereas 50% of the values of 
rejected samples are between 4 to 7. Figure 3 (B) shows the distributions of feature ‘cell_thickness’ from 
rejection set and test set (as negative and positive class membership). Labels ‘no_rej (N)’ and ‘no_rej (P)’ 
represent the distributions of feature ‘cell_thickness’ without rejection from test set and ‘Rejected’ is the 
distribution of same feature in the set of rejected samples at 5% rejection level. 
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Figure 3: Distributions of feature ‘cell_thickness’ at 5% rejection level based on the result of  

SVML for WBCD dataset. 
 

Negative class membership distribution of feature ‘cell_thickness’ shows 75% values are between 1 to 4 
and median is 3. Similarly, for Positive class distribution of feature ‘cell_thickness’, 75% of the 
distribution is between 5 to 10, and the median is 8. In rejected samples, half of the distribution of 
‘cell_thickness’ is between 4 to 6.5 and median is at 5. Upper whisker shows 25% of the distribution is 
above 6.5. The distribution of feature ‘cell_thickness’ in rejected samples is close to positive class. The 
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analysis done for all features at 5 percent rejection and shown in Figure 5. All the remaining features 
including ‘cell_thickness’ have been shown there. Results reveal that majority of the rejected samples at 
5% rejection belongs to positive class. 
Figure 3 (C) is the comparison of distributions as positive class membership of feature ‘cell_thickness’ 
without rejection and rejected samples. Similarly, Figure 3 (D) is the comparison of distributions as 
negative class membership of feature ‘cell_thickness’ without rejection and rejected samples. Figure 3 (C) 
and Figure 3 (D) validate the results by showing relevancy between actual and rejected samples’ 
distributions. At 5% rejection majority of values of distributions from rejected samples are close to 
positive class. To validate the results, we observed that, there are 34 samples rejected at 5% rejection rate, 
from which 24 rejected samples belong to positive class and 10 samples belong to negative class. 
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Figure 4: Distributions of feature ‘cell_thickness’ at 20% rejection level based on the result of 

SVML for WBCD dataset. 
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Figure 4 shows the results at 20% rejection level for WBCD dataset using SVML classifier. Figure 5 
shows the comparison of the distributions of all features from rejected samples at 5% rejection, with their 
distributions without rejection as positive and negative class membership.  

 

 

Figure 5: Comparing the distributions of all features from rejected samples at 5% rejection, with their 
distributions in test set without rejection as positive and negative class membership. The classifier used 

SVM Linear for the dataset WBCD. 

 
3.2​ Results of Wisconsin Prognostic Breast Cancer (WPBC) 

Results of WPBC obtained on the bases of repeating all previous steps that were performed earlier for 
WBCD dataset. There are 198 observations after removing the samples containing ‘NA’ values. There are 
148 negative and 46 positive observations. 
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Figure 6 is the representation of results based on computations at 5% rejection level for feature 
‘tumor_size’. Figure 6 (A) is the comparison between non-rejected and rejected samples’ distributions. 
Without rejection, 75% values exist between 1 to 3.5. On the other hand 75% values of feature 
‘tumor_size’ from rejected samples are ranged in 3 to 7.5. Figure 6 (A) is an initial investigation telling 
the overall picture. Figure 6 (B) exhibits the more specific details by comparing the distribution of feature 
‘tumor_size’ with its distributions as negative and positive class membership in the test set. Box plot 
representing negative class distribution shows, 75% values are below 3.5 but on the other hand positive 
distribution shows, 75% values lie between 
2.5 to 6.0. Distribution of feature ‘tumor_size’ in the rejected samples is much closer to the positive class 
membership distribution. This is not a final decision. After analyzing all features, physician(s) may be 
able to set a direction for classifying the rejected samples. Anyway, by analyzing the individual features, 
physician(s) may be able to predict the pathological condition of the patient for specific or all disease 
factors. 
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Figure 6: Distributions of feature ‘tumor_size’ at 5% rejection level based on the result of SVML for  

WPBC dataset. 
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Figure 7 represents the results of WPBC dataset using SVML classifier on 20% rejection rate for the  
feature ‘tumor_size’. 
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Figure 7: Distributions of feature ‘tumor_size’ at 20% rejection level based on the result of 

SVML for WPBC dataset. 
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Figure 8 is a complete picture of distributions of all features at 5% rejection level. It is very clear that 
majority of the distributions are close to the distribution of positive class. At 5% rejection rate, there are 9 
rejected samples in which 7 samples belong to ‘Positive’ class and 2 from ‘Negative’ class.

 

Figure 8: Comparing the distributions of all features from rejected samples at 5% rejection, with their 
distributions in test set without rejection as positive and negative class membership. 

The classifier used SVM Linear for WPBC dataset. 
 
 
3.3​ Discussions 

Classification with reject option enhances the predictive ability of a classifier by rejecting the doubtful 
samples on a certain rejection threshold. Particularly in the domain of healthcare, it is recommended that 
the doubtful prediction should not assign a class label and it must be referred to the physician for further 
investigation. Rejected samples need more time and effort for additional tests and examinations. PReP 
Method helps the physicians for further investigations on rejected samples. Different distributions of 
rejected samples show that, the reason why they were rejected. The physician may suggest the patient 
wait for some time till the next medical checkup. The test set contains the precise and accurate feature 
values to assure correct class labels. As PReP Method compares the distribution of a feature from rejected 
samples to its distribution in the test set, it may help the physician to predict the current pathological 
condition of the patient. It also works as a helping tool to classify the rejected samples. 
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4.​Conclusion 
In this work, we presented Pathological Response Predictor Method (PReP Method) to predict the 
pathological condition of patient’s who were rejected during predicted analysis. Reject option enabled 
classifiers reject the sample(s) not attaining the required confidence level to make a correct decision. In 
the domain of healthcare, rejected samples are referred to the physicians or surgeons for further necessary 
action. Physicians have to investigate the rejected samples (patients) by using manual methods. The 
manual procedure takes much time and efforts to reach the final decision. 
Our proposed PReP Method helps the physicians to further in-depth analysis of the rejected samples. Five 
commonly used classification algorithms along with six publicly available clinical cancer datasets were 
used for experimentation. First, a classifier was induced by using 10-fold cross-validation to build a 
predictive model. Predictions were obtained after applying test data. Rejection statistics were computed 
on 5%, 10%, 20%, 30% and 40% rejection rates. Distribution of the feature from rejected samples was 
compared to the distributions (distribution of feature as positive class membership and distribution of 
feature as negative class membership) of the same feature in the test set. Results reveal that proposed 
PReP Method is applied nature and it is very useful in cancer diagnosis procedure. 
The PReP Method is not limited to cancer diagnosis, it is also applicable to other diagnostic and 
prognostic problems. Beyond healthcare domain, PReP Method can also be used for other real-life 
problems. Currently, we designed the methodology for binary problems, it may be extended to multi-class 
problems for different domains. 
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