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ABSTRACT  

Data mining extracts meaningful information from a large database to discover patterns and relationships. It is 

used to turn raw data into something more beneficial for analysis. Vast amounts of data are nowadays collected, 

stored and further processed in such a way that it helps in making a variety of administrative decisions. Analysis 

is increasingly performed by data mining and profiling technologies that statistically and automatically 

determine patterns and trends. However, when such practices lead to unjustified selections, they result in 

discrimination. Discrimination can be done on attributes like age, marital status, nationality and religion. 

Direct discrimination takes place because of presence of sensitive attributes in the original dataset. This paper 

focuses on avoiding Direct Discrimination. The association and classification rules can be used in making the 

decision for loan granting and insurance computation. Given a set of information items on a customer, an 

automated system decides whether the customer is to be recommended for a credit or whether it should be 

granted loan. Automating such decisions reduces the workload of the staff of banks, business personnel, 

insurance companies and various other organizations. The main algorithm being discussed here are those 

implementing classification rules to prevent direct discrimination. 
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I. INTRODUCTION  

Data mining is used to extract useful information, such as patterns and trends, from large amounts of data. In 

many scenarios, an information system is used for decision making tasks. When given a set of information items 

on a customer, the automated system decides whether the customer is to be recommended for a scheme or a 

certain type of life insurance. Such automatic decisions reduce the workload of the staff of banks and insurance 

companies, among other organizations. The decision making takes place by the use of information systems 

based on data mining technology. Techniques of data mining like association and classification rule mining have 

been designed and are widely used for making automated decisions. The information society services allows for 

automatic and routine collection of large amounts of data. Those automatic and routine collections of data are 

often used to train classification rules in view of making automated decisions, such as loan granting, insurance 

premium computation, personnel selection, etc in [7]. Classification rules are learned by the system. For 

example:  loan that is granted or not granted from the training dataset is decided by classification rules. If the 

training data are fundamentally biased for or against a particular community, the learned model may also show 

an unfair prejudiced behavior.  
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Classification rules are actually learned by the system based on training data. If the training data is biased 

against a community, the learned model will also show a discriminatory behavior. If the original biased dataset 

is used for data analysis without any anti-discrimination process which is discrimination discovery and as well 

as discrimination prevention, the extracted rules which are discriminatory can lead to automated unfair decisions 

Determining such possible biases and removing them from the training data without harming their decision 

making utility is highly desirable. Data mining can be both a source of discrimination and a means for 

discovering discrimination.  Direct discrimination consists of rules that mention minority or disadvantaged 

groups based on sensitive attributes that are discriminatory. 

II. RELATED WORK 

In deployment of information systems based on data mining technology in decision making, until 2008, the 

issue of antidiscrimination has not received much attention. Some of the papers deal with the discovery and 

measure of discrimination [2]. Others deal with discrimination prevention. The discriminatory decisions 

discovery approach is based on mining classification rules. In [3] their approach has been extended to 

encompass statistical significance of the extracted patterns of discrimination and to reason about confirmatory 

action and favouritism. Besides it has been implemented as an Oracle-based tool. Present discrimination 

discovery methods individually consider each rule for measuring discrimination without considering other rules. 

However, in existing methods they also take into account for discrimination discovery the relation between 

rules, based on the existence or nonexistence of discriminatory attributes. Three tactics that can be used are: 

Pre-processing: Transform the source data in such a way that the discriminatory biases that are present in the 

original data are removed so that any unfair decision can be mined from the transformed data. It can be adapted 

from the privacy preservation literature. The existing systems perform a controlled distortion of the training data 

from which a classifier is learned by making minimally intrusive modifications leading to an unbiased data set. 

This approach is useful for applications in which a data set should be published and in which data mining needs 

to be performed. 

In-processing: The learned model should not contain biased decision rules. However, it is obvious that in-

processing discrimination prevention methods must rely on new special-purpose data mining algorithms which 

are used in [7]. Standard data mining algorithms cannot be used. 

Post-processing: Modify the resulting data mining models, instead of cleaning the original data set or changing 

the data mining algorithms.  

In some papers there may be other attributes that are highly correlated with the sensitive ones and allow 

gathering discriminatory rules. 

III. CONTRIBUTION AND PLAN OF THIS PAPER 

There are some important challenges related to preventing the discrimination like finding a good trade-off 

between removing discrimination and the quality of the resulting training data sets and data mining models. 

Metrics have been used to specify which records should be changed, how many of them should be changed, and 

how those records should be altered during data transformation like in [3]. In addition, new utility measures 
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have been proposed to evaluate the different discrimination prevention methods in terms of data quality and 

discrimination removal for direct discrimination. 

 The purpose of this paper is to develop a new pre-processing discrimination prevention methodology to prevent 

direct discrimination. Firstly, measure the discrimination and identify the categories that have been directly 

discriminated; secondly, transform the data in a proper way to remove all those discriminatory biases. Finally, 

the discrimination-free data models can be produced from the transformed data set without damaging data 

quality. The perception of discrimination, just like the perception of privacy, strongly depends on the legal and 

cultural conventions of a society.  

 

IV. BACKGROUND 

4.1 ABBREVIATIONS AND ACRONYMS 

In this section the basic definitions related to data mining are covered:-   

 A dataset is a collection of data objects (records) and their attributes. 

 An item is an attribute along with its value, e.g. Gender=Female.  

 An item set is a collection of one or more items, e.g. {Gender=Female, Age=40}.  

 A classification rule is an expression X͢ ->C, where C is a class item (a yes/no decision) and X is an 

item set containing no class item, e.g. {Gender=Female, Age=45,Caste=OBC}->Grant=Yes. Here X is 

called the premise of the rule.  

 A frequent classification rule is a classification rule with a support or confidence greater than a 

specified lower bound. 

 Frequent classification rules are divided into two groups as: 

1. Potentially Discriminatory (PD): Classification rule is potential Discriminatory when the premise of the 

rule contains one discriminatory item set and one non-discriminatory item set. 

2. Potentially Non-Discriminatory (PND): When premise of the rule contains non-discriminatory item set 

then it is classified as „Potentially Non-Discriminatory‟. 

PD rule could probably lead to discriminatory decisions and PND rule could lead to discriminatory decision 

with some background knowledge.  

4.2 EXAMPLE 

Consider a set of attributes X = {x1,x2 ..., xm} and a set of class labels C = {c1, c2} which is binary in nature . 

Assume S as a Sensitive Attribute having value „a‟. The domain of the Sensitive Attribute S is binary in nature 

i.e. domain(S) = {a,-a}. The „S‟ and „a‟ defines the discriminated community; e.g., S = Nationality and 

a=Foreign. In the evaluation of the account holder example which considers the credit attribute, ‟G‟ is 

considered as the Good credit class. 

In this paper a classification model is developed such that even if the training dataset D which is biased is used, 

the future data won‟t undergo any discrimination. Classifying without Discrimination (CWD) problem is 

defined in order to make the training data unbiased : 

Given 
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• A biased dataset D, 

• A sensitive attribute S with value a 

• A desired class „G‟. 

• Even if the training data contains very high discrimination after applying the classifier CWD the 

discrimination must be eliminated and the unseen future data „Df‟ must be unbiased.  

Consider the training dataset given in Table I, which contains credit scores decisions of some applicant. Let each 

data objects have four attributes namely „Gender‟, „Age‟, „House‟, „Credit Status‟ and‟ Credit class‟ as a class 

attribute with values „Good‟ and „Bad‟. Since „Age‟ is a numerical attribute we want to convert it into 

categorical attribute. This can be done by setting a particular range in order to classify the person as „Young‟ or 

„Aged‟. 

 

IV. TABLE I 

RUN-THROUGH EXAMPLE: TEST DATA FOR CLASSIFICATION. 

 

Gender Age House Credit Status Class 

         

Female Young Own Credit paid Good 

Female Young Rent Credit paid Bad 

Female Young Own Critical Bad 

Male Young Own Credit paid Good 

Male Young Rent Credit paid Bad 

Male Aged Own Critical Good 

Male Aged Rent Credit paid Good 

Male Aged Own no credit Good 

Male Aged Own Critical Good 

Male Aged Rent no credit Bad 

 

Database, with „Age‟ as „S‟, „Young‟ as „a‟ and „Good‟ as desired class, we get: 

Discrimination (D, Age, Young, Good) 

 = Confidence (Aged → Good) – Confidence (Young → Good) = 40%,  

From the above results we come to the conclusion that the Aged people have 40% more probability to have the 

credit class ‟Good‟ as compared to the „Young‟ people.  

The training dataset is biased in favor of „Aged‟ people. In order to build a classification model such that an 

account holder should be assigned with the correct credit class to be high and also eliminating the discrimination 

caused by the „Age‟ attribute. A classification model is applied on the data of Table I such that it classifies 

future loan applicants without discriminating on the „Age‟.  
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V. PROBLEM SOLUTION 

First the data is massaged for making the data discrimination free by making minimal possible changes. This 

includes changing the class labels of the people who are the victims and the profiteers. A ranker is used for the 

identifying of the data objects to be changed. Now this data which is modified is for predicting and learning a 

classifier for future unseen data which shows no discrimination.  

 

5.1 Massaging the Data 

A Naive Bayesian classifier is used as a ranker to rank the data objects according to the probability of being in 

the desired class. Now two groups of objects are identified in the training dataset with objects: i) S = „a‟ and c = 

„B‟, and ii)S = „-a‟ and c = „G‟. „Promo_Cand‟, are the candidates for promotion, and the, ‘Demot_Cand‟, the 

candidates for demotion. Now to minimize the discrimination occurring in the dataset the applicants can be 

promoted in „Promo_Cand‟ from class „B‟ to „G‟ and by demoting applicants from „Demot_Cand‟ from „G‟ to 

„B‟. A ranker is used to select the best applicant for the promotion and demotion. In order to choose the good 

applicant for promotion and the most bad applicant for demotion , the promotion list is arranged in descending 

order of the probability for class „ G‟ and the demotion list is arranged in the ascending order of the probability 

for class „G‟ 

The training data is modified till it contains data with no further discrimination. The number of modifications 

required to make the data discrimination-free can be calculated by using the following formula: 

 

M  = (a × a   ∧  G) − ( a × a ∧  G)   

    

  

a + 
     

   a  
 

   
  

 

The modified training data is used to train a classifier for taking future decisions. 

 

VI. ALGORITHMS 

6.1 CLASSIFICATION WITHOUT DISCRIMINATION (CWD) : 

  Input : (D,a,S,G) 

  Output : Classifier CWD learnt on D without discrimination 

1. (promotion,demotion) = Ranker(D,S,a,G) 

2. exist_Discrimination = Discrimination(D,S,a,G) 

3. Calculating the number of modifications M based on the exist_Discrimination 

4. for M times do 

 i. Select a data object from top of promotion list 

 ii. Change the class label of the selected object 

 iii. Select a data object from top of the demotion list 

 iv. Change the class label of the selected object 

v. Remove the top data element from promotion and demotion list 

end for 

5. Train the classifier CWD for modified D 
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6. return CWD 

 

6.2 Ranker 

 Input: (D,a,S,G) 

Output: (promotion,demotion) –Two ordered list of data objects on basis of probability of the target. 

1. Learn a ranker R on the dataset D 

2. Calculate class probabilities P(x) for all x in D 

3. Add all x in D with x.S=a and c=B into promotion list in descending order wrt P(x). 

4. Add all x in D with x.S=-a and c=G into demotion list in ascending order wrt P(x). 

5.return (promotion,demotion) 

 

VII. CONCLUSION  

 

Discrimination poses ethical and legal issues and causes obstacles in practical applications. Classifying without 

Discrimination provides us with a simple yet powerful start to the solution of the discrimination problem. It 

classifies the data with least discrimination and high accuracy. It also addresses the problem of redlining. In 

future, we will explore other classification models for discrimination free classification.  
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