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Abstract
The prediction of kidney transplantation outcome is an important challenge and does not need emphasis because of the 
lack of available organs. Graft survival prediction is significant to help physicians to take the right decision and enhance 
survival rate by changing medical procedure. Also, it helps in the best choice of the existing kidney donor and the 
immunosuppressive management suitable for a patient. But the exact prediction of the graft survival is still not accurate 
despite of the advancements in this field. The purpose of our research is to design an intelligent kidney transplantation 
prediction method to solve the prediction problem by utilizing data mining methods. The novelty of this study is focused 
in presenting: (a) an integrated prediction method, (b) a new intelligent feature selection method, and (c) a modified 
K-nearest neighbor. Choosing the proper variables is accomplished by merging three feature selectors. The new proposed 
feature selection method is accomplished using gain ratio, naïve Bayes, and genetic algorithm. Next, the cleaned dataset 
is utilized to provide quick and precise outcome throughout a modified K-nearest neighbor classifier. Each stage of this 
proposed method has been evaluated using intense experiments. Experimental results demonstrate the efficiency of all 
the steps of the proposed method. Additionally, the proposed method has been evaluated versus latest methods. The 
results presented that this method outperformed all latest and similar literature methods. This method can as well be 
employed to other related transplant datasets.

Keywords Kidney transplantation · Graft failure · Gain ratio · Feature selection · Naïve Bayes · Genetic algorithm · 
K-nearest neighbor

1 Introduction

Data mining methods are used in many disciplines and 
have created a progress to people’s life. Diseases affect 
people differently, and end-stage organ failure is one of 
the worst situations. It affects people due to hypertension, 
diabetes, and other causing diseases. In this case, the best 
solution is organ transplantation [1].

The prediction of kidney transplantation result is signifi-
cant in helping physicians to take the right decision, sav-
ing patient’s life, and make a good utilization of the avail-
able resources. The available kidneys are low and patient 
wait long time to find the suitable kidney. Some of the 

kidney transplantation operations fail due to graft failure. 
The unsuitable match between both recipient and donor 
can cause this problem [2]. Additionally, the economic 
influence of being back to dialysis or search for another 
transplant.

Kidney transplant patients who have suffered from 
renal failure have better results than patients staying on 
a waiting list [3]. But, patient survival rate is lowered by 
graft failure and return patient to waiting list [4]. Despite 
of that kidney transplantation is the preferred manage-
ment of renal failure, the number of the available kidneys 
for transplant is less than the number of patients [5]. Thus, 
efforts directed at enhancing graft survival interval are 
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very significant for clinical practice. One way to enhance 
long-term allograft survival is to discover factors that 
negatively affect the result and observing the relations 
between and among them and planning a prediction 
method to enhance the result. Using models to predict 
allograft result may consequently make an important 
influence on physician plan management and improve 
complete clinical result [6].

Graft survival is the period of time that the patient does 
not require dialysis or one more transplant and the trans-
planted kidney still works [7]. All together if considerable 
papers have inspected the variables of kidney transplan-
tation [7, 8], limited papers have employed data mining 
methods in designing a prediction method for kidney 
transplantation [9–11]. Latest papers have demonstrated 
that data mining methods offer improved outcomes in 
predicting graft survival [2].

Commonly, feature selection and outlier rejection are 
two essential matters that should be focused on precisely 
before concerning a prediction method as they have pow-
erful influence on the method operation. Graft survival is 
influenced by a diversity of features and many useless fea-
tures may perhaps exist in kidney transplantation data. 
Numerous prediction methods do not offer good results 
with big volumes of variables. Feature selection methods 
provide a great effect in raising the method accuracy along 
with offering quicker results by means of reducing the 
studied features to the just valuable ones. It also decreases 
the method complexity [12].

On the contrary, training the prediction method with-
out data preparation, which often contains outliers, 
reduces the prediction method accuracy since the predic-
tion has influenced by those unimportant instances whose 
achievement is very poor. Outlier rejection is an excep-
tional data mining procedure [13]. It offers an improve-
ment to prediction accuracy because it helps to select the 
correct instances. Therefore, outlier rejection is important 
for rejecting all bad instances that affect the result.

This paper presents a novel kidney transplantation pre-
diction method through data analysis. The novelty of this 
study is focused in presenting an integrated prediction 
method, a new intelligent feature selection, and a modi-
fied K-nearest neighbor. The proposed prediction method 
combines variable selection with outlier rejection and data 
mining techniques to provide enhanced predictive pow-
ers. This proposed methodology is also suitable for any 
transplant dataset.

This proposed method is introduced in three phases. 
These phases are (1) data organization phase (DOP), (2) 
variable selection method (VSM), and (3) outlier rejection 
and prediction phase (PP). During DOP, input data are pre-
processed to be prepared for use in the next phases. VSM 
is used to select the reduced variables list to diminish the 

method complexity and reduce the variables dimension 
to enhance the prediction method. Variable selection is 
accomplished utilizing gain ratio, naïve Bayes, and genetic 
algorithm. PP introduces a modification on K-nearest 
neighbor algorithm to classify testing instances, reject 
outliers, and predict the outcome of graft survival.

The validity of this proposed method is evaluated using 
urology and nephrology center dataset. Each stage of the 
proposed prediction method has been assessed through-
out intense experiments. The evaluation results empha-
sis that our proposed method is efficient. The proposed 
VSM can select the reduced variables list efficiently. The 
proposed PP provides good results regarding prediction 
accuracy. Also, the proposed prediction method has been 
assessed versus similar literature, and the results outper-
form the recent and similar literature techniques in predic-
tion metrics.

Our paper is designed as follows: Part 2 presents a 
background about variable selection, outlier rejection, 
and K-nearest neighbor algorithm. Part 3 presents an out-
line about the recent techniques used for predicting graft 
survival especially kidney transplantation. Part 4 presents 
the proposed method in detail. Part 5 presents the used 
dataset, the evaluation results, and discussion. Part 6 intro-
duces the conclusion. Finally, part 7 introduces the used 
references.

2  Background

This part introduces the basic concepts used in this 
research. These basic concepts are variable selection, out-
lier rejection, and K-nearest neighbor algorithm.

2.1  Variable selection

Variable selection is an important method in constructing 
a prediction method [14]. The dataset may contain some 
unrelated variables. Hence, selecting the proper variable 
selection method that can specify the unrelated vari-
ables can have a positive effect in enhancing the result of 
machine learning techniques, preventing overfitting, pro-
ducing better accuracy, and leading to quicker economical 
models [15].

There are three methods for feature selection which 
are filter, wrapper, and embedded methods [16–19]. Filter 
method assesses sets of variables by inspecting informa-
tion content or measuring correlation between variables 
[12]. This method does not rely on the utilized data min-
ing technique. Variable weights are computed, and the 
low weight variables are discarded [15]. Wrapper method 
employs data mining methods to evaluate the subsets of 
features using the resulting accuracy [12]. It utilizes the 
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outcomes of machine learning methods to specify the effi-
ciency of the given subset of features [15]. Feature selec-
tion using embedded methods is accomplished during 
training of the best variables (i.e., neural network weights 
among the input and the hidden layer). Table 1 offers a 
comparison between variable selection methods.

2.2  Outlier rejection

Outlier recognition has been manipulated for periods to 
identify and eliminate irregular examinations from infor-
mation. Outliers appear owing to mechanical errors, alter-
nations in system behavior, person mistake, and tool fault 
or easily throughout normal abnormalities instances [20].

Outlier rejection is capable of discovering the little 
instances embedded in the dataset that affects the perfor-
mance results [17, 21]. Therefore, these instances must be 
excluded from the dataset because these outliers reduce 
the predictive accuracy [13].

2.3  K‑nearest neighbor algorithm

It is an easy algorithm and one of the oldest rules used 
for model classification [19]. K-nearest neighbor algorithm 
presents the training instances of the dataset as points 
in the variable space. These points split into numerous 
split objectives. To classify an instance Pt: (1) demonstrate 
the instance in the feature space. (2) Compute the spaces 
between the instance Pt and the Kth nearest instances. (3) 
The instance Pt is classified along with the class with the 
highest selection of the neighbors. Figure 1 illustrates the 
algorithm supposing three objective classes (i), (ii), and (iii), 
and K = 7. Then, the point Pt will be classified to class (ii) as 
class (ii) contains the highest selection of the neighbors.

3  Previous work

The importance of predicting kidney transplantation result 
does not require emphasis. Preoperative graft survival 
prediction might simplify physician evaluation and boost 
survival rate by altering medical method. Also, it allows 
the selection of the best presented donor with the best 
immunosuppressive management for a patient [10, 22].

Numerous approaches have been utilized to build 
predictive model. A multivariate analysis was used 
for kidney transplantation prediction from deceased 
donor [23]. In alternative study, multivariate analysis 
was employed for creatinine stages prediction in kid-
ney recipients from living donors [24]. The possibility of 
graft survival for deceased donor was learned utilizing 
tree regression method [6, 25]. Artificial neural networks 

Table 1  Comparison of variable selection methods [18]

Method Advantage Disadvantage

Filter method Computationally simple Every feature is calculated singly and therefore does not put into 
consideration the dependencies between the variables

Very fast Absence of the effect of variable dependencies on reducing the 
accuracy contrasted to other methodsIndependent on any algorithm

Has better complexity than any other method (O(n))
Wrapper method Put in consideration the relation among the subsets 

of features and the selected method
Overfitting compared to other methods

Feature dependencies are considered The calculations are intensive
Easy

Embedded method Cooperates with the classification method Overfitting
Better complexity compared to other methods

a2

a1

Pt

Class (iii)

Class (ii)
Class (i)

Fig. 1  K-nearest neighbor classifier example
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were utilized to predict the probability of delayed graft 
function after kidney transplantation from deceased 
donors [26].

Kaplan–Meier survival was utilized by Rana el al. [27] 
to offer an impression of kidney transplantation survival. 
Numerous other papers have examined the influence of 
patient features (age, sex, and nation) [28] and preopera-
tive transplant factor on graft status after transplant by 
utilizing the Kaplan–Meier survival function [29, 30]. These 
preceding educations were constrained by using few var-
iables. Therefore, it is required to utilize greater dataset 
that contain a larger number of candidate predictors to 
discover possible unknown variables among the diverse 
predictors, which could influence the kidney transplant 
results.

Data mining methods have been employed widely in 
the medical area of organ transplantation. Atallah et al. 
[31] designed a new integrated prediction method to pre-
dict graft survival outcome. They used information gain 
merged with naïve Bayes to choose the important vari-
ables. Then, they used K-nearest neighbor to predict the 
graft survival. The results outperformed latest methods. 
Kusiak et al. [32] evaluated the efficiency of rough sets 
and two decision trees in forecasting the kidney dialysis 
patient’s survival. While the outcomes of both approaches 
were precise, it is not well defined if this method operates 
to a bigger dataset. In extra study, decision trees were also 
utilized to forecast the acute liver failure prediction [30]. 
To widen the candidate predictors, another research paper 
utilized demographic, pharmaceutical, and clinical data to 
evaluate the accuracy of artificial neural network and nom-
ogram to predict graft outcome at five years. The results 
revealed that artificial neural network outperformed nom-
ogram [10]. In extra study, Lin et al. [22] concluded the 
influence of candidate predictors on kidney survival rate 
using logistic regression, Cox proportional hazard method, 
and artificial neural networks. Dag et al. [33] utilized four 
classification techniques to categorize graft outcome for 
heart patients. They utilized data balancing techniques to 
deal with the unbalanced class of the dataset. Their analy-
sis revealed that logistic regression together with SMOTE 
provides the best result prediction. Delen et al. [34] utilized 
a database that has a lot of features using four machine 
learning methods, and they accomplished sensitivity 
analysis on the preferred method to obtain the significant 
predictors. In their analysis, support vector machines were 
the best predictor. Another study presents a weighted 
decision tree algorithm for graft survival prediction after 
kidney transplantation using patient’s data before trans-
plant and it can predict graft survival with good results 
[35]. Hence, it appears that the mutual idea between these 
studies is their capability to effectively predict a result uti-
lizing a group of candidate predictors.

To create a precise prediction model, numerous require-
ments must be satisfied: The use of a dataset that intro-
duces a large patient population to find unknown patterns 
between the variables that can change the clinical results 
[36]. Additionally, use of an intelligent variable selection 
technique that can specify the most significant variables 
in the dataset accurately and to promote the operation of 
the learning classifier. Lastly, the use of outlier’s rejection 
that can identify the instances with exceptional behavior 
and reject it.

The purpose of our study is to design a prediction 
method that can classify graft status successfully. The nov-
elty of this study is focused in presenting an integrated 
prediction method, a new intelligent feature selection, 
and a modified K-nearest neighbor. The proposed pre-
diction method combines variable selection with outlier 
rejection and machine learning methods to enable better 
predictive abilities. Therefore, it is essential to employ a 
variable selection technique that can specify influential 
variables and in the same time eliminates the unimpor-
tant ones. Feature selection is accomplished by gain ratio, 
naïve Bayes, and genetic algorithm. This study introduces 
a method composed of three phases, namely: (i) data 
organization phase (DOP), (ii) variable selection method 
(VSM), and (iii) outlier rejection and prediction phase (PP).

4  The proposed method

The purpose of this paper is to design a novel proposed 
method to classify graft status outcome successfully. Fig-
ure 2 illustrates the proposed method. In the following 
sections, the three phases of this method will be explained 
in more details.

Variable Selection 
Method (VSM) 

Data Organization Phase (DOP)

Data Cleaning 

Outlier Rejection and Prediction phase (PP) 
using MKNN

Your data 

3

1

2

Fig. 2  Proposed method (PM)
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4.1  Data organization phase (DOP)

In this phase, the dataset is pre-managed to be ready 
for building the model and testing it accordingly. This 
process is called data cleaning. It contains three phases. 
The first phase excludes all the variables that are related 
to the operative and postoperative procedures since the 
proposed method is planned to identify kidney trans-
plantation result before the operation. The second phase 
excludes the variables that have no influence in the pre-
diction procedure (e.g., the patient name, the id number 
of the hospital, and investigations dates). The third phase 
excludes from the dataset all the instances that contain 
missing data.

4.2  Variable selection method (VSM)

Commonly, variable selection is a significant procedure 
of any data mining procedure. Choosing the proper fea-
tures will surely boost the method’s prediction accuracy 
while reducing the time and processing penalties. This 
paper offers a new feature selection procedure for iden-
tifying the highly influential and informative variables to 
obtain the reduced variables list.

Genetic-based feature selection is proposed based 
on genetic algorithm. It utilizes a filter and a wrapper 
method with genetic algorithm to effectively choose 
the effective collection of features. Gain ratio is used as 
filter method and naïve Bayes as wrapper method. The 
filter method uses a function calculation for every fea-
ture to specify the best influential features in the data-
set according to these calculations. The wrapper method 
makes evaluation of subsets of the features using cross-
validation. The reduced variables list is selected based 
on this evaluation.

Gain ratio is used to measure the weight of each 
attribute. The idea of choosing gain ratio is because it 
overcomes the bias toward attributes with too many 
values. Information gain is a ranking variable selection 
technique [37]. It selects the features that have more 
information with respect to classes [38]. Information gain 
depends on entropy; it shows the information contribu-
tion of the attribute with the dataset.

Suppose that S is the group of n tuples and C is the 
group of K classes, P(Ci, S) presents the part of the tuples 
in S that has class Ci. Then, the information introduced 
from this class is given by [39]:

(1)Info(S) = −

k∑

i=1

P(Ci , S) ∗ log(P(Ci , S))

Suppose Si is the group of tuples and Ai is the attribute 
value A, then the knowledge extracted from class partici-
pation after partitioning by variable A  (InfoA(S)) is intro-
duced in Eq. (2) [39]:

Hence, the difference between Info(S) and  InfoA(S) intro-
duces the information calculation by splitting S based on 
variable A as shown in Eq. (3) [39]:

The information gain is influenced by attributes with 
many values. So gain ratio overcomes this problem by 
using split information as in Eq. (4) [40]:

Then, the gain ratio is calculated as introduced in Eq. (5) 
[40]:

Naïve Bayes is the most powerful probabilistic classifier 
as evidenced [41, 42] that uses Bayes’ theorem to calcu-
late class probability and classify the instances according 
to highest probability. The idea behind using naïve Bayes 
classifier is that it simplifies the computation and gives 
high accuracy and speed [40]. The way naïve Bayes oper-
ates can be specified as follows [40].

Assume D is group of instances with their known class 
labels. Every instance is represented by n-dimensional vec-
tor, X = (X1, X2, ……., Xn) with n variables (V1, V2, …….., Vn). 
Assume that (C1, C2, ………, Cm) represents m classes. For 
any instance X, the classifier will predict the correspond-
ing class by specifying the highest probability on X, i.e., 
the class Ci that has maximized P(Ci|X). In other words, we 
maximize P(Ci|X) only if [40]:

Then, Eq. (6) represents the Bayes theorem that calculates 
the P(Ci|X) [40]:

Genetic algorithm as a wrapper method is a famous ran-
dom search and optimization method [43–45]. Its idea is 
from the human being evolution process [46]. It can be 
used in several optimization, explore, and data mining 
problems [47, 48]. Genetic algorithm works using iterative 

(2)InfoA(S) = −

v∑

i=1

|Si|
|S|

∗ info(Si)

(3)Gain(A) = Info(S) − InfoA(S)

(4)SplitInfoA(S) = −

v∑

i=1

|Si|
|S|

∗ log2

(|Si|
|S|

)

(5)GainRatio(A) =
Gain(A)

SplitInfoA(S)

P(Ci|X ) > P(Cj|X ) for 1 ≤ j ≤ m, j ≠ i

(6)P(Ci|X ) =
P(X |Ci)P(Ci)

P(X )



Vol:.(1234567890)

Research Article SN Applied Sciences (2019) 1:1297 | https://doi.org/10.1007/s42452-019-1329-z

manner to produce new generations from old ones using 
standard genetic operators for example selection, crosso-
ver, and mutation. It uses a fitness function to evaluate 
each generation [39]. Additional details on genetic algo-
rithm are introduced in [48].

Figure 3 clarifies the proposed variable selection algo-
rithm in detail. First, populations of individuals were ini-
tialized randomly. The generation is started by zero. The 
gain ratio is calculated for every feature in this popula-
tion. The features that have gain ratio greater than zero 
are added to the reduced variables list. This list will be 
trained and tested manipulating naïve Bayes classifier. 
Basically, naïve Bayes examines the influence of every 
distinct variable and evaluates its significance on accu-
racy consequently. It eliminates one input variable from 
the input variables at a time, and the resulting variables 
are subsequently employed for training and testing 
by means of naïve Bayes classifier. The resulting naïve 
Bayes classifier accuracy is compared with the classifier 
accuracy built using all variables. If the classifier accu-
racy is decreased, then this variable will be added to the 
reduced variables list. Otherwise, it is discarded. Then, 
genetic algorithm produces another population itera-
tively using its policies, which are selection, crossover, 
and mutation [49, 50]. Selection specifies the parents 
that will be tested in the next generation. The next gen-
eration is selected randomly, and each variable is coded 
to binary zero or one. The generation length introduces 
the number of variables. The binary one shows a selected 
variable while the binary zero shows a non-selected vari-
able. Typical crossover and mutation are applied to pro-
duce new offspring [39, 51]. This generation is evaluated 
again manipulating hybrid filter and wrapper process. 
The algorithm calculates the accuracy of each genera-
tion until the termination criteria are satisfied. In our 
proposed genetic-based feature selection algorithm, the 
algorithm stops when the number of iterations reached 

the maximum limit or when the reduced variables list 
(RVL) that have the highest accuracy between the gen-
erations is reached, and the accuracy did no change for 
several iterations. Algorithm 1 presents the proposed 
variable selection in detail.

Initialize randomly population of 
individuals f1, f2,…,fn

Generation =0 

Train NB classifier 

Gain ratio (fi) >0 

Satisfying stop 
criteria 

The selected 
population is the best 

solution 

Genetic operators 

Generation = Generation +1 

Selection 

Crossover 

Mutation 

Fig. 3  Proposed variable selection method
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4.3  Outlier rejection and prediction phase (PM) 
using modified K‑nearest neighbor algorithm

The usually utilized distance-based algorithm is K-nearest 
neighbor (KNN), which depends on distance measures as 
the only classification criteria. KNN is conceptually much 
close to the concept of predicting kidney transplantation 
outcomes through data analysis. Another benefit is that, 
being a lazy learner, KNN does not need learning and pre-
serving a given model. So, the model can adapt to rapid 
modifications [52].

Modified K-nearest neighbor (MKNN) is a modifica-
tion on the classical KNN classifier. Furthermore, to the 
distance measures, MKNN also puts in consideration the 
quality of each instance from the neighbors of the tested 
instances. As the test item may be near in distance to 
the instances at the edges of a class but it is much more 
similar in characteristics with instances in another class 
so the distance measure is not a satisfied criterion.

Algorithm 2 introduces the operation of MKNN algo-
rithm. Initially, the training instances are demonstrated 
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in n-dimensional feature space. Then, the center of each 
class group is identified using Eq. (7):

where C denotes the center of the class, Xm
i

 in the mth 
dimension of the ith instance, and n is the number of 
instances in the class. Next, the distance between the 
class center C and each class group, denoted as Xm, are 
computed for each class using Eq. (8):

where Dis(y, z) is the distance between instance y and z, n 
is the instances number, yi is the ith dimension of instance 

(7)C(i) =

(
1

n

n∑

i=0

x1
i
,
1

n

n∑

i=0

x2
i
,… ,

1

n

n∑

i=0

xm
i

)

(8)xm = Dis(y, z) =

√√√√
n∑

i=1

(yi − zi)
2

y, zi is the ith dimension of instance z, and m is the class 
group number. Subsequently, Calculate the average of dis-
tances denoted as Dth. Dth is calculated as shown in Eq. (9):

where m is the class group number.
Then, for each class group Ei, if the distance between 

the center of the class and the class group is less than 
or equal Dth then the class item Ei is one of the class 
member group. Otherwise, delete this point as outlier 
rejection.

Then, from the H points, pick the nearest M instances 
near the test point Pt. Finally, classification of each test 
point Pt is the class that have the highest similar of the 
M elected instances that Pt is belonging.

(9)Dth =
∑ xm

m
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An example is shown in Fig. 4. It introduces classes 
A, B, and C in a two-dimensional space. It is required 
to classify one event Pt using 7-nearest neighbor algo-
rithm. The steps of the modified K-nearest neighbor 
algorithm are clarified in detail in Fig. 4.

5  Results and discussion

In this part, the principal contributions that were pre-
sented in the proposed method will be evaluated. Those 
contributions are (i) the new proposed variable selec-
tion method (VSM), (ii) the outlier rejection and predic-
tion phase (PP) based on MKNN classifier, and (iii) the 
new proposed prediction method.

5.1  The used dataset

For implementing the proposed prediction method, the 
kidney transplantation dataset from urology and neph-
rology center, Mansoura University is used. The dataset 
included information on the kidney transplant such as 
demographic data, medical history, and medical condi-
tions during and after the transplant. The dataset also 
contains some preoperative factors for both recipients and 
donors, in addition to other factors such as date of trans-
plant, dialysis information. The required approvals of this 
study were obtained from the institutional review board 
(IRB) committee of Mansoura University (R/19.01.16).

Four decades ago, renal transplantation was started at 
urology department, Mansoura University, Egypt. The first 
renal transplantation was a patient that was suffering from 

a2

a1

Class C 

Class B 
Class A 

a1

a2

Pt

Class C

Class B 

Class A

a2

a1

Class C

Class B 
Class A

a2

a1

Class C 

Class B 
Class A 

1- The training data is 
presented in the feature sapce.

2- Calculate the class center of each 
class and the distance between the 
center and each point in the class. 

3- Calculate the average 
distance in each class. 

4- Classify the target point. 

Fig. 4  Steps of the proposed modified K-nearest neighbor
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chronic pyelonephritis and was ended in renal failure. It 
was a successful operation. Therefore, renal transplanta-
tion operation accomplished was nearly 80 patients yearly. 
Urology and nephrology center gives health care for seven 
million populations. In this locate, seventeen hemodialysis 
centers produce service for nearly 2000 patients. So, there 
will be a long waiting list. The problem is that cadaveric 
transplantation is not legal in Egypt [53].

In March 2017, 2811 renal transplant were accom-
plished in the center. After deleting the instances that have 
missing values, 2750 patients were included in the experi-
ments. The age of the patients was (mean ± SD, 29.1 ± 10.9), 
male to female proportion was 2026 (74%): 702 (26%), the 
age of the donors was (mean ± SD, 36.7 ± 10.2), and male 
to female proportion was 1246 (46%): 1482 (54%). The 
proportion between living related donors to living unre-
lated donors was 2293 (84%): 435 (16%). The proportion 
between the donors with same blood group to donors 
with different blood group was 2192 (80%): 536 (20%). 
Follow up for the graft was ranged from 0 to 33.5 years 
(mean ± SD, 7.7 ± 1.4).

5.2  Performance metrics

During the following experiments, five metrics will be eval-
uated: (i) accuracy, (ii) precision, (iii) sensitivity, (iv) F-meas-
ure, and (v) error. Confusion matrix is utilized to compute 
values of these metrics. Confusion matrix is illustrated in 
Table 2. The performance metrics are described as follows

True positive (TP) The instances number that the method 
predicts approves with historic cases.
True negative (TN) The instances number that the 
method predicts approves with historic cases.
False positive (FP) The instances number that the 
method predicts while historic cases were graft failure.
False negative (FN) The instances number that the 
method predicts while historic cases were graft survival.

Accuracy presented in Eq. (10) is considered as the propor-
tion of the instances classified correctly to the instances 
number.

Precision presented in Eq. (11) is considered as the per-
centage of the rate of the instances classified correctly in 
all detected instances.

Sensitivity presented in Eq. (12) is considered as the per-
centage of correct instances among all instances.

F-measure presented in Eq. (13)

Error presented in Eq. (14)

5.3  Constraint settings

In the proposed variable selection method, gain ratio is 
used as a filter method. Each variable has a value which 
specifies the importance of the variable. The variable with 
zero value is discarded. The features that have gain ratio 
greater than zero are selected. Higher gain ratio introduces 
higher chance of having pure classes in the objective class. 
Also we use genetic algorithm to obtain the reduced vari-
ables list. The population is set randomly. The population 
consists of many chromosomes. Each one is coded by 
a binary string [54]. Bit value (0) denotes a non-chosen 
chromosome, and bit value (1) represents a selected 
chromosome. The size of the chromosome introduces the 
variables number in the population. Table 3 introduces the 
genetic algorithm factors used in the experiments.

In the proposed prediction method, MKNN is proposed for 
classification. We specified the best value of k experimentally. 
We start with k = 1 and test the error rate of the classifier. We 

(10)Accuracy =
TP + TN

TP + FP + TN + FN

(11)Precision =
TP

TP + FP

(12)Sensitivity =
TP

TP + FN

(13)F - measure = 2 ∗
precision ∗ sensitivity

precision + sensitivity

(14)Error = 1 − accuracy

Table 3  Genetic algorithm factors

Factor Value or method

Population size 100
Selection method Roulette
Crossover rate 0.8
Mutation rate 0.2
Elite count 2

Table 2  Confusion matrix

Actual class

Survival Not survival

Predicted class
Survival True positive (TP) False negative (FN)
Not survival False positive (FP) True negative (TN)
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Fold 1 
Fold 2  
Fold3   
Fold 4    
Fold 5     
Fold 6      
Fold 7       
Fold 8        
Fold 9         
Fold 10          

Fig. 5  Explanatory figure for ten-fold cross validation

repeat this process many times by incrementing the k value 
to add one additional neighbor. We choose the k value that 
produces the highest accuracy with minimum error.

5.4  K‑fold cross‑validation

K-fold cross-validation is a method used to compare the 
performance metrics of the prediction method. It is used 
to minimize the bias between the random training and 
testing samples [55, 56]. The dataset is separated to k 
mutually equal size groups instead of dividing the data-
set into two random sampling groups (training group and 
testing group) that are prone to be biased. In this method, 
the prediction method is tested k times by using the k test 
sets. The performance metric is the k performance metrics 
average of the k folds. Equation 15 presents the perfor-
mance measure [57]:

where PM specifies the performance metric and k is 
the fold’s number. In our experiments, we use ten-fold 
cross validation. Figure 5 introduce an explanatory figure 
for ten-fold cross validation. The unfilled sections in the 
figure introduce the training sets while the filled sections 
introduce the testing sets.

5.5  Evaluating the proposed variable selection 
method

This study introduces a new novel intelligent variable 
selection method that combines between filter and 
wrapper methods. It has used gain ratio, naïve Bayes, 
and genetic algorithm. Naïve Bayes has been verified as 
the highly professional probabilistic classifier [41, 42], so 
we will use it to verify our proposal efficiency. First, all 

(15)PM =
1

K

k∑

i=1

PMi 0
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Fig. 6  Accuracy of the different feature selection methods
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Fig. 7  Precision of the different feature selection methods

variables in the dataset are used to train naïve Bayes classi-
fier and are called without feature selection (WFS). Second, 
we trained the steps of our proposed variable selection 
method using NB Classifier. The steps of our method are 
called gain ratio (GR), naïve Bayes (NB), genetic algorithm 
(GA). Finally, we trained the proposed variable selection 
method using NB classifier. Experimental results are intro-
duced in Figs. 6, 7, 8, 9 and 10. In general, the performance 
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metrics increased by increasing the instances number. The 
highest number of instances presents the highest per-
formance metrics in maximizing the accuracy, precision, 
sensitivity, and F-measure while minimizing the error. The 
proposed variable selection method introduces the best 
performance metrics compared to other methods with the 
scores of 0.77, 0.78, 0.77, 0.77, and 0.22 for accuracy, pre-
cision, sensitivity, F-measure, and error respectively. Our 
proposed variable selection method merges the benefit 
of both gain ratio, naïve Bayes, and genetic algorithm 

as every one of them reward the weakness of the other. 
The results verified that the proposed variable selection 
method can choose the essential and influential variables 
to produce the reduced variables list. This stimulates the 
performance of the proposed variable selection method 
and diminishes its error.
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Fig. 8  Sensitivity of the different feature selection methods
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Fig. 9  F-measure of the different feature selection methods
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Fig. 10  Error of the different feature selection methods
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Fig. 11  Accuracy of the different classification techniques without 
feature selection
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Fig. 12  Precision of the different classification techniques without 
feature selection
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5.6  Evaluating the proposed outlier detection 
and prediction phase

In this subsection, we will evaluate the proposed classifier 
(MKNN) with the classical KNN classifier and with other 
classifiers, namely decision tree (J48) and naïve Bayes 
(NB) without applying any feature selection. Figures 11, 
12, 13, 14 and 15 show the accuracy, precision, sensitiv-
ity, F-measure, and error of applying the different classi-
fication methods. As shown in Figs. 11, 12, 13, 14 and 15, 
the highest accuracy, precision, sensitivity, F-measure are 
detected by the proposed MKNN because of rejecting the 
effect of outlier’s instances that reduce the performance. It 
also achieves the least error competed to other classifica-
tion techniques.

MKNN is a modification on KNN classifier. It uses dis-
tance based method to reject outliers and enhances the 
performance. Therefore, it promotes the advantages of 
KNN classifier. The proposed outlier rejection and predic-
tion phase outperform all other techniques with the scores 
of 0.79, 0.8, 0.79, 0.79, and 0.25 for accuracy, precision, sen-
sitivity, F-measure, and error, respectively.

5.7  Evaluating the proposed method

Finally, the proposed prediction method with all stages 
is examined against the most recent techniques used 
to design a prediction method to prove the efficiency 
of our proposed method. Table 4 introduces the most 
recent techniques used for evaluation and the method 
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Fig. 14  F-measure of the different classification techniques without 
feature selection
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Table 4  Most recent prediction methods utilized for evaluation

Author Method

Feature selection Classifier

Dag et al. [33] – Logistic regression
Topuz et al. [2] Data analytic methods Bayesian belief network
Oztekin et al. [1] Genetic algorithm Support vector machine
Atallah et al. [31] IGBFS/NBBFS K-nearest neighbor
The proposed 

prediction 
method

VSM Modified K-nearest 
neighbor
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Fig. 16  Accuracy of the proposed method against recent tech-
niques
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niques
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used. Results are present in Figs. 16, 17, 18, 19, 20 and 
21 and Tables 5, 6, 7, 8, 9, and 10. As demonstrated in 
Figs. 16, 17, 18, 19 and 20 and Tables 5, 6, 7, 8, 9 and 10, 
the proposed method presents the highest performance 
as it presents the highest accuracy among all recent 
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Fig. 18  Sensitivity of the proposed method against recent tech-
niques
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Fig. 19  F-measure of the proposed method against recent tech-
niques
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Fig. 20  Error of the proposed method against recent techniques
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Fig. 21  ROC area of the proposed method against recent tech-
niques

Table 5  Accuracy of the proposed method against recent tech-
niques

Technique No. of training dataset

550 1100 1650 2200 2750

Dag et al. [33] 0.52 0.54 0.57 0.66 0.71
Topuz et al. [2] 0.51 0.59 0.61 0.67 0.72
Oztekin et al. [1] 0.54 0.56 0.59 0.67 0.72
Atallah et al. [31] 0.62 0.69 0.73 0.78 0.80
The proposed pre-

diction method
0.71 0.77 0.79 0.83 0.86

Table 6  Precision of the proposed method against recent tech-
niques

Technique No. of training dataset

550 1100 1650 2200 2750

Dag et al. [33] 0.52 0.54 0.57 0.65 0.71
Topuz et al. [2] 0.49 0.58 0.63 0.7 0.7
Oztekin et al. [1] 0.53 0.56 0.59 0.66 0.72
Atallah et al. [31] 0.52 0.61 0.61 0.65 0.69
The proposed pre-

diction method
0.63 0.7 0.66 0.72 0.77

Table 7  Sensitivity of the proposed method against recent tech-
niques

Technique No. of training dataset

550 1100 1650 2200 2750

Dag et al. [33] 0.52 0.54 0.57 0.66 0.71
Topuz et al. [2] 0.52 0.59 0.61 0.67 0.72
Oztekin et al. [1] 0.54 0.56 0.59 0.67 0.72
Atallah et al. [31] 0.62 0.7 0.73 0.78 0.8
The proposed pre-

diction method
0.71 0.77 0.79 0.83 0.86



Vol.:(0123456789)

SN Applied Sciences (2019) 1:1297 | https://doi.org/10.1007/s42452-019-1329-z Research Article

techniques with the score of 0.86. It also has the highest 
precision, sensitivity, F-measure, and ROC area with the 
scores of 0.77, 0.86, 0.79 and 0.82, respectively. Also, it 
has the minimum error with the score of 0.23. This proves 
the efficiency of the proposed method and all its stages.

6  Conclusion

The prediction of kidney transplantation result is very 
important and does not require emphasis. Hence, suc-
cessful prediction method is an essential task. In this 
study, we have designed a new proposed method to 
classify graft result. This study introduced a method 

composed of three stages, namely: (i) data organization 
phase (DOP), (ii) variable selection method (VSM), and 
(iii) outlier rejection and prediction phase (PP). The pro-
posed method combines variable selection with outlier 
rejection and machine learning methods to enable bet-
ter predictive abilities. The proposed prediction method 
includes new intelligent feature selection procedure and 
a modified K-nearest neighbor. The new proposed fea-
ture selection procedure collects between gain ratio, 
naïve Bayes, and genetic algorithm, which chooses the 
essential features from the dataset. Additionally, the 
proposed modified K-nearest neighbor introduced the 
outlier rejection and prediction module that used dis-
tance based measures with K-nearest neighbor to clas-
sify patients. The efficiency of the proposed method is 
evaluated using urology and nephrology center dataset. 
Each stage of the proposed method has been assessed 
throughout intense experiments. The overall method is 
examined to verify the compatibility of the proposed 
method. The evaluation results emphasis that our pro-
posed method is efficient. The proposed VSM can select 
the reduced variables list efficiently. Results likewise 
specify the efficiency of the proposed outlier rejection 
and prediction phase as it enhances the prediction accu-
racy. Experimental results presented that the proposed 
method gave more precise results than most recent 
methods. In general, the results offered a new method 
that could benefit in progress the result of kidney trans-
plantation. This method can as well be employed to 
other related transplant datasets.
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