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Abstract  
 

Health-care providers know there’s a wealth of valuable 

information trapped in the hand-written notes on 

patients’ charts. But the challenge of collecting and 

interpreting the data on a large scale remains to be 

solved. Now, researchers have taken a step forward in 

mining patient-based information by using existing 

language-analysis methods to identify drug use side 

effects in advance of the NAFDAC (National Agency 

for Food and Drug Administration and Control) 

issuing official alerts. Bioinformatics is an 

interdisciplinary field that develops and improves on 

methods for storing, retrieving, organizing and 

analyzing biological data. A major activity in 

bioinformatics is to generate useful biological 

knowledge. In experimental molecular biology, 

bioinformatics techniques such as image and signal 

processing allow extraction of useful results from large 

amounts of raw data. This research is streamlined to 

the biological and clinical data. It plays a role in the 

textual mining of biological literature and computer 

science literature to organize, query and mine 

biological data. Biological data obtained is subjected to 

cross industry standard process for data mining and 

WEKA will serve as the bioinformatics tools for 

biological knowledge extraction. In this research work 

K-Nearest Neighbour (K-NN) and Classification and 

Regression Tree (CART) algorithms will be apply to 

biological data via the WEKA tool with aim to predict 

the effect of drug used considering the most probable 

target which is the patient symptoms after using the 

anti-malaria drugs. 

 

 

 

1. INTRODUCTION 
Data mining has attracted a great deal of attention in 

the information technology industry, due to availability 

of large volume of data which is stored in various 

formats like files, texts, records, images, sounds, 

videos, scientific data and many new data formats. 

There is imminent need for turning such huge data into 

meaningful information and knowledge. The data 

collected from various applications require a proper 

data mining technique to extract the knowledge from 

large repositories for decision making. Data mining, 

also called Knowledge Discovery in Databases (KDD), 

is the field of discovering novel and potentially useful 

information from large volume of data [1].  

Data mining and knowledge discovery in databases are 

treated as synonyms, but data mining is actually a step 

in the process of knowledge discovery.  

 

The main functionality of data mining techniques is 

applying various methods and algorithms in order to 

discover and extract patterns of stored data. These 

interesting patterns are presented to the user and may 

be stored as new knowledge in knowledge base. Data 

mining and knowledge discovery applications have got 

a rich focus due to its significance in decision making. 

Data mining has been used in areas such as database 

systems, data warehousing, statistics, machine learning, 

data visualization, and information retrieval. Data 

mining techniques[21],[22] have been introduced to the 

following areas including neural networks, patterns 

recognition, spatial data analysis, image databases and 

many application fields such as business, economics 

and bioinformatics, education, banking. fraud detection, 

etc. The main objective of this paper is to predict the 

side effect of drug usage by patients taking into 

consideration their blood group and genotype, by 

application of classifiers to biological data from the 

Health Centre of Ladoke  Akintola University of 

Technology, Ogbomoso, Oyo State, Nigeria.  

.  
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2. REVIEW OF BIOLOGICAL DATA MINING 

 
2.1 Data Mining Unfairly Exploits Patient-Physician 

and Patient-Pharmacist Relationships 

If data mining is problematic because it intensifies 
the problems created by drug detailing, why not 
regulate drug detailing directly? There are two 
important reasons that can explain why the 
legislative efforts have focused on data mining. 
First, pharmaceutical companies manufacture legal 
— indeed socially important — products, and they 
are entitled to cultivate potential customers of those 
products. The Supreme Court has recognized this 
interest through a first amendment right for 
businesses to advertise and solicit clients for their 
goods and services (the “commercial speech” 
doctrine). If marketing activities have harmful 
effects, first amendment  
principle instructs society to counter the harmful 
effects with counter-speech, not by prohibiting 
pharmaceutical companies from promoting their 
drugs[2].Indeed, some medical schools and health 
care organizations have done exactly that. By using 
“academic detailing,” universities, professional 
societies and others can encourage physicians to base 
their prescribing on medical evidence rather than 
drug company promotions [3] 
Legislative efforts have focused on data mining also 
because data mining directly invades the interests of 
patients in a way that drug detailing does not. In 
particular, it involves an expropriation of 
information created in the privacy of patient-
physician and patient-pharmacist relationships [4]. 
 

2.2 Confidentiality Interests of Patients 

Information about a patient’s health is highly 
sensitive. It can cause embarrassment and result in 
stigmatization and discrimination. Consider in this 
regard the implications when family, friends, 
acquaintances, or employers find out that a person 
has a drug abuse problem, a sexually-transmitted 
disease, a mental illness, or a cancer. While a 
prescription may provide only indirect evidence of a 
patient’s health, it can provide fairly clear evidence 
of illness. If a patient fills prescriptions for efavirenz 
(Sustiva) and tenofovir/emtricitabine (Truvada), 
people can readily conclude that the patient is being 
treated for an HIV infection [5].If a patient fills a 
prescription for olanzapine (Zyprexa), others can 
reasonably suspect that the patient is being treated 
for mental illness [6]. 
Physicians, pharmacists and other health care 

professionals therefore promise strict rules of 
confidentiality. Indeed, the duty to protect patient 
confidentiality has been a hallmark of medical codes 
of ethics throughout history [7]. Moreover, the 
government reinforces ethical principles of 
confidentiality with legal safeguards, including the 
Health Information Portability and Accountability 
Act (HIPAA) and state law provisions [8].While 
concerns about patient confidentiality have  
been voiced about data mining[9] data mining 
companies strip their records of information that can 
identify patients and indeed are required to do so by 
HIPAA[10]. 
Advocates of data mining laws have invoked the 
privacy interests of physicians, but identifying the 
prescribing practices of physicians does not entail 
disclosure of the kind of sensitive information that 
privacy safeguards are designed to protect. 
Accordingly, even when a federal court of appeals 
upheld New Hampshire’s data mining law, it did not 
invoke the privacy concerns of physicians in doing 
so[11]. 

 
2.3 Property Interests of Patients 

As the entire data mining enterprise reflects, 
information can have substantial economic value. 
Data mining companies pay pharmacies for the right 
to extract information about prescriptions, and 
pharmaceutical companies pay the mining 
companies for information about individual 
physicians’ prescribing practices. 
This use of prescription information for economic 
purposes has troubling implications for patients. In 
effect, data mining companies exploit the 
relationships between patients and their physicians 
or pharmacists  
for the pecuniary benefit of pharmacies, 
pharmaceutical manufacturers, and the mining 
companies themselves. To be sure, the practice of 
medicine regularly entails the realization of profit by 
pharmacies and pharmaceutical manufacturers, as 
well as physicians and hospitals. But ethical 
principle justifies the ability of health care providers 
and companies to profit from patient care because 
economic incentives are necessary to ensure high 
quality care. Capable people will not pursue the 
practice of medicine or pharmacy if they are not 
compensated for doing so, and industry will not 
develop new therapies if they are not compensated 
for doing so. 
It is difficult, however, to justify the mining of 
prescription data in terms of the interests of patients. 
As discussed above, drug detailing encourages 
physicians to prescribe a drug even when scientific 
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evidence indicates that the prescription is not 
desirable. Patients may receive a drug when one is 
not needed, they may all tables and figures will be 
processed as images. You need to embed the images 
in the paper itself. Please don’t send the images as 
separate files. 

2.4 Professional Response to Data Mining 

All of these considerations suggest that as an ethical 
matter, physicians should eliminate the incentive for 
data mining by refusing to meet with drug company 
sales representatives[12].Medical schools do not 
permit sales representatives to participate in the 
instruction of students; physicians also should not 
turn to sales representatives for their post-graduate 
education.Even if they continue to meet with sales 
representatives,   physicians can prevent the 
representatives from using information about their 
prescribing practices from the data mining 
companies. The American Medical Association 
established the Physician Data Restriction Program 
in May 2006, and any physician can opt out of data 
mining by registering with the Program [13]. For 
registered physicians, pharmaceutical companies 
still have access to prescriber data for marketing and 
research purposes and also for making compensation 
decisions for their employees. However, the 
companies agree to withhold individual prescriber 
information from their sales representatives [14]. 
Pharmacy companies also should take steps to 
prevent prescription information from being used to 
enhance drug detailing. To comply with state and 
federal privacy laws, pharmacies require patient 
identifiable information to be stripped from 
prescription records before the records are retrieved 
by health information organizations [15]. The 
pharmacies also should require physician-
identifiable information to be stripped. 
 

2.5 Legal Response to Data Mining 

While professional self-regulation can increase 
adherence to ethical norms, legal mandates often are 
necessary to ensure that professionals meet their 
moral obligations [16]. Accordingly, it is important to 
consider the role of legislative action to regulate data 
mining.The empirical evidence suggests that 
legislation may be needed to prevent the use of 
prescription information for drug detailing activities. 
Through April 2009,  
the AMA’s Physician Data Restriction Program had 
enrolled 22,000 of roughly 650,000 actively 
prescribing physicians, or less than 4 percent of those 
who can enroll [17]. According to Dr. Robert 

Musacchio, who oversees the Program, the AMA has 
strongly promoted the opt-out option, but few 
physicians have demonstrated interest [18].This 
supports the view of the  
courts that physician privacy is not a serious concern  
with data mining[19]. However, it also may reflect 
the fact that physicians tend not to appreciate the 
extent to which they are influenced by the 
promotional activities of sales representatives [20]. In 
any event, while it makes sense to rely on physicians 
to protect their own privacy interests, they should 
not have sole authority for protecting the privacy 
interests of patients. 

 

3. TABLES 

 
TABLE 1:  CHLOROQUINE AND ARTESURNATE 
USAGE 
                  PRECISION                 FPR                         CE 

Sympto
ms 

KN
N 

CAR
T 

KN
N 

CAR
T 

KN
N 

CAR
T 

Headac
he 

0.87
5 

0.986 0.76
4 

0.876 0.91
5 

0.892 

Nausea 0.65
3 

0.785 0.95
6 

0.945 0.87
9 

0.565 

Vomitti
ng 

0.78
5 

0.478 0.43
6 

0.786 0.76
5 

0.876 

Itching 0.45
7 

0.764 0.98
7 

0.764 0.87
6 

0.875 

A.P 0.77
5 

0.786 0.97
5 

0.786 0.92
3 

0.876 

H.P 0.89
7 

0.764 0.87
6 

0.965 0.87
2 

0.643 

Diarroh
ea 

0.67
4 

0.721 0.85
3 

0.764 0.98
7 

0.786 

Blurring 0.98
6 

0.765 0.87
6 

0.876 0.86
4 

0.876 

 
 

TABLE 2: FANSIDAR AND ARTESURNATE 
USAGE 

                   
PRECISION                   FPR                        CE 

Sympto
ms 

KN
N 

CAR
T 

KN
N 

CAR
T 

KN
N 

CAR
T 

Headac
he 

0.87
7 

0.786 0.86
4 

0.473 0.61
5 

0.591 

Nausea 0.45
3 

0.387 0.85
6 

0.745 0.87
1 

0.573 

Vomitti
ng 

0.68
4 

0.576 0.83
6 

0.481 0.16
3 

0.875 
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Itching 0.65
9 

0.764 0.98
7 

0.774 0.27
6 

0.477 

A.P 0.57
5 

0.785 0.93
2 

0.886 0.62
3 

0.279 

H.P 0.89
7 

0.561 0.87
4 

0.867 0.67
7 

0.843 

Diarroh
ea 

0.67
4 

0.621 0.85
3 

0.564 0.68
7 

0.384 

Blurring 0.88
6 

0.765 0.96
6 

0.779 0.56
7 

0.675 

 
TABLE 3: QUININE USAGE 

              PRECISION                FPR                        CE 

Sympto
ms 

KN
N 

CAR
T 

KN
N 

CAR
T 

KN
N 

CAR
T 

Headac
he 

0.47
8 

0.754 0.76
4 

0.231 0.97
6 

0.453 

Nausea 0.86
5 

0.564 0.76
4 

0.756 0.99
4 

0.621 

Vomitti
ng 

0.73
1 

0.264 0.43
6 

0.481 0.96
9 

0.578 

Itching 0.94
3 

0.854 0.18
0 

0.766 0.97
9 

0.879 

A.P 0.86
5 

0.888 0.83
5 

0.986 0.92
9 

0.972 

H.P 0.99
4 

0.762 0.98
4 

0.868 0.77
7 

0.748 

Diarroh
ea 

0.69
4 

0.926 0.65
7 

0.664 0.98
7 

0.984 

Blurring 0.98
6 

0.765 0.96
6 

0.979 0.86
7 

0.975 

 
TABLE 4: CAMOQUINE USAGE 

            PRECISION                  FPR                        CE 

Sympto
ms 

KN
N 

CAR
T 

KN
N 

CAR
T 

KN
N 

CAR
T 

Headac
he 

0.67
5 

0.832 0.46
5 

0.438 0.87
9 

0.959 

Nausea 0.76
7 

0.668 0.76
9 

0.859 0.89
8 

0.827 

Vomitti
ng 

0.93
8 

0.868 0.83
9 

0.480 0.79
6 

0.854 

Itching 0.94
3 

0.854 0.18
0 

0.766 0.97
9 

0.879 

A.P 0.76
8 

0.987 0.83
6 

0.788 0.78
8 

0.778 

H.P 0.79
8 

0.869 0.98
7 

0.969 0.97
9 

0.749 

Diarroh
ea 

0.97
8 

0.827 0.85
6 

0.984 0.88
9 

0.685 

Blurring 0.98
6 

0.765 0.96
6 

0.979 0.86
7 

0.975 

TABLE 5: QUININE AND ARTESURNATE 
USAGE 

                      PRECISION                 FPR                CE 

Sympto
ms 

KN
N 

CAR
T 

KN
N 

CAR
T 

KN
N 

CAR
T 

Headac
he 

0.87
5 

0.843 0.86
8 

0.921 0.87
6 

0.858 

Nausea 0.96
9 

0.777 0.96
6 

0.876 0.19
5 

0.628 

Vomitti
ng 

0.83
1 

0.824 0.63
7 

0.243 0.66
7 

0.678 

Itching 0.94
9 

0.923 0.78
2 

0.466 0.44
7 

0.979 

A.P 0.46
7 

0.218 0.93
8 

0.586 0.67
9 

0.772 

H.P 0.69
7 

0.724 0.78
4 

0.768 0.45
7 

0.849 

Diarroh
ea 

0.88
4 

0.763 0.74
7 

0.964 0.67
7 

0.989 

Blurring 0.88
7 

0.823 0.39
6 

0.978 0.96
7 

0.575 

FPR= FALSE POSITIVE RATE CE= CLASSIFICATION 

ERROR 

CART=Classification and Regression Tree 
A.P=Abdominal Pain H.P= Hearing Problems 
 
4. EQUATIONS 

 
) =  -     (1)         

F                                   (2) 

Equation (1) above is for K-Nearest Neighbor and the 

function of the parameters is stated below.The equation 

(1) is obtained from the standard Euclidean distance. 

Where, m= symptoms to describe the drug used (x) 

(x) = denoted the values of the feature (i=H.P, A.P,… 

m) 

Equation (2) above is for Support Vector Machine and 

the parameters are explained below: 

Xi=supporting attributes 

= are the class labels (which are greater ≤ 1) 

T= Testing sets 

(Xi.T) = Is the dot product of the test sample T with 

one of the support vector Xi 

αi and b are string parameters. 

 
5. RESULTS AND DISCUSSIONS 

The most important step of the research is that it 

generated a new feature space (target variable) under 
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which the original sequence was transformed to the 

format in which the WEKA tool can be easily applied. 

To strictly compare with the results presented in 

[Table1, 2, 3, 4, 5] we conducted the same 3-fold cross 

validation. Tables showed our results for KNN and 

CART, using the feature selection by the entropy-based 

algorithm which is the CART and obtaining the nearest 

feature by the KNN. The precision of KNN and CART 

was 76% and 75.6% respectively in the predicting for 

any of the symptoms when the patient used 

chloroquine and artesurnate in treating malaria. Also, 

the result revealed that KNN has the highest precision 

of 98.6% for blurring and CART has highest precision of 

98% for headache in taking any of the anti malaria 

drugs used in this research work. Have the lowest 

precision of 45.3% for nausea for KNN and the lowest 

precision of 21.8% for abdominal pain when taking any 

of the anti malaria drugs used in this research work. 

 

Secondly, the precision of KNN and CART was 71.3% 

and 65.5% respectively in the predicting for any of the 

symptoms when the patient used fansidar and 

artesurnate in treating malaria. Also, the result revealed 

that KNN has the highest precision of 88.6% for 

blurring and the lowest precision of 45.3% for nusea 

when taking fansidar and artesunate.  

 

Thirdly, the precision of KNN and CART was 81.9% 

and 72.2% respectively in the predicting for any of the 

symptoms when the patient used quinine in treating 

malaria. Also, the result revealed that KNN has the 

highest precision of 98.6% for blurring and the lowest 

precision of 47.8% for headache when taking quinine. 

 

Fourthly, the precision of KNN and CART was 85.6% 

and 75.3% respectively in the predicting for any of the 

symptoms when the patient used camoqunine in 

treating malaria. Also, the result revealed that KNN has 

the highest precision of 98.6% for blurring and the 

lowest precision of 67.5% for headache when taking 

camoqunine. 

 

Finally, the precision of KNN and CART was 81.9% and 

73.6% respectively in the predicting for any of the 

symptoms when the patient used quinine and 

artesurnate in treating malaria. Also, the result revealed 

that KNN has the highest precision of 96.9% for nausea 

and the lowest precision of 45.3% for abdominal pain 

when taking qunine and artesunate. The results 

revealed the following similarities and difference in the 

performance of the both classifiers which are stated 

below: 

KNN was able to predict for five symptoms namely: 

blurring, itching, nausea, headache and abdominal 

pain. 

Also, CART was able to predict for five symptoms 

namely headache, vomiting, nausea, diarrhoea and 

abdominal pain regardless of the anti-malaria drugs the 

patient used. 

The inability of KNN to predict for vomiting, diarrhoea 

and hearing problem is simply because just 10patients 

were statistical analyzed to have these symptoms from 

both the training set and the test set (dataset) therefore 

led to higher classification error of 70percent on the 

average. 

CART inability to predict for blurring, itching and 

hearing problem is simply because the dataset contain 

12 patients that have these symptoms which led to 

78percent classification error for the classifier. 

6. CONCLUSION AND FUTURE WORK 

KNN and CART classifiers perform with similar overall 

accuracies and similar classification error on the clinical 

dataset, but they differ with respect to the symptoms. 

Both algorithms do not successfully predict all the 

symptoms which might be explained with the uneven 

construction of the target variable. Further research 

efforts will be directed at achieving higher accuracy of 

the classifiers’ prediction by additional transformations 

of the dataset, reconstruction of the target variable, 

tuning of the classification algorithms’ parameters, use 

of other data mining tools. Also, efforts should be 

directed towards achieving a lower classification error 

and researchers should correlate how biological data 

such as genotype and blood group can be use to predict 

the symptoms of the anti-malaria drugs used in this 

research work.         
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