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Kidney transplants are performed to help patients with chronic kidney disease or end-stage kidney failure 

when the kidneys can no longer properly filter waste, requiring either dialysis or transplantation. This 

study used Artificial Neural Networks, specifically the Radial Basis Function (RBF) method, to predict 

outcomes for 150 kidney failure patients from a hospital in the Kurdistan region, including those who 

had received transplants or were preparing for them. Six key risk factors impacting access to 

transplantation results show by using analyzed normalized importance of each independent variables 

that congenital kidney diseases identified as the most significant, followed by polycystic kidney disease, 

systemic lupus erythematosus, renal artery stenosis, diabetes, and chronic uncontrolled high blood 

pressure. The classification analysis showed high accuracy in predicting patient outcomes, demonstrating 

that the model in training and testing is reliable and clinically valuable. Additionally, ROC curve analysis 

and model possesses a robust capacity to accurately classify  and has fit statistics confirmed ,the strong 

performance and significant improvements in F-score, indicating that RBF is an effective approach to 

enhance the predictive power and clinical relevance of machine learning models in kidney disease 

classification ,The research participation is good RBF in predicting  with risk factors for kidney 

transplantation and achieved higher accuracy compared to traditional methods. 
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 الملخص

جرى عمليات زراعة الكلى لمساعدة المرض ى المصابين بأمراض الكلى المزمنة أو الفشل الكلوي في مرحلته النهائية
ُ
، عندما ت

تعجز الكلى عن تصفية الفضلات بشكل صحيح، مما يتطلب إما غسيل الكلى أو زراعة الكلى. استخدمت هذه الدراسة 

مريضًا يعانون من  150، للتنبؤ بنتائج (RBFالشبكات العصبية الاصطناعية، وتحديدًا طريقة دالة الأساس الشعاعي )

كلوي من مستشفى في إقليم كردستان، بمن فيهم أولئك الذين خضعوا لعمليات زرع أو كانوا يستعدون لها. تم الفشل ال

تحليل ستة عوامل خطر رئيسية تؤثر على عملية زرع الكلى، حيث اظهرت النتائج عن طريق تحليل المتغيرات الطبيعية 

كثر أهمية، تليها أمراض الكلى المتعددة التكيسات، والذئبة كانت  أمراض الكلى الخلقية على أنها الأ ,المستقلة المهمة 

الحمامية الجهازية، وتضيق الشريان الكلوي، والسكري، وارتفاع ضغط الدم المزمن غير المنضبط. أظهر تحليل التصنيف 

يريًا. بالإضافة إلى دقة عالية في التنبؤ بنتائج المرض ى، مما يدل على أن النموذج قيد التدريب والاختبار موثوق وقيم سر 

والنموذج قدرة قوية على التصنيف الدقيق وقد أكدت إحصائيات الملاءمة الأداء القوي  ROCذلك، يمتلك تحليل منحنى 

هو نهج فعال لتعزيز القوة التنبؤية والأهمية السريرية لنماذج  RBF، مما يشير إلى أن Fوالتحسينات الكبيرة في درجة 

كانت جيدة في التنبؤ بعوامل الخطر لزراعة الكلى  RBF أمراض الكلى. النتائج البحثية لطريقةالتعلم الآلي في تصنيف 

 وحققت دقة أعلى مقارنة بالطرق التقليدية.
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The term Artificial Intelligence (AI) presents prospective methods to improve the identification and 

administration of several aspects within the different sectors [12]. Machine learning (ML), Machine 

learning models have been extensively utilized for predicting disease, with performance evaluated using 

diverse measures[22]. 

 structures consist of three layers: input layer, hidden layer and output layer.

(regression 

algorithms  Both can be employed for prediction in machine

The researcher show in result  RBF is better for predicting with risk 

factors for kidney transplantation and achieved higher accuracy compared to traditional methods as 

(logistic regression) we describe that in practical aspect, hence facilitating clinical decision-making and 

targeted interventions.

in a sequence
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This study aims using RBF for Prediction the risk Factors caused Kidney Transplant  throw Classification, 

and Normalized independent variables Importance.

Author(s) Year Sector Method Result 

Murat Kirişci[17] 2019 Neonatal health (birth 

weight) 

ANN and Logistic Regression Both models complement decision-making; 

assist clinicians in understanding and 

estimating birth weight risks. 

Dong Chen[8] 2021 Physical education Swarm Optimization Neural 

Network (RBFNN-PSO) 

Faster convergence and lower training error 

compared to traditional RBF neural network. 

Md. Imam Hossain 

& Mehadi Hasan 

Maruf[16] 

2023 Cardiovascular disease Data mining, AI, Random Forest 

(selected features) 

Achieved 90% accuracy using selected 

features; outperformed other models; useful 

for early heart disease prediction. 

Zhao, A. et al.[29] 2024 Control systems RBF Neural Networks with 

Gaussian activation, HJB equation, 

Transfer learning 

Effective optimal control, trajectory tracking, 

and system stabilization in dynamic systems. 

Xin Zhang & 

Weihua Luo[27] 

2024 Predictive modeling PSO-based RBF network diffusion 

velocity function optimization; 

PSO-RBF intelligent coupling 

Improved large-scale search efficiency and 

prediction accuracy at displacement increment 

mutation points. 

Nguyen V. T. et 

al.[20] 

2025 Robotics (ballbots 

control) 

Adaptive nonlinear PID controller 

with RBFNN (NPID-RBFNN) and 

BCMO 

Reduced chattering, strong robustness, 

smoother stable motion, verified stability, 

effective under disturbances. 

 [12]
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In the field of mathematical modeling, a radial basis function network is an artificial neural network that 

uses radial basis functions as activation functions. The output of the network is a linear combination of 

radial basis functions of the inputs and neuron parameters. Radial basis function networks have many 

uses, including function approximation, time series prediction, classification, and system control. They 

were first formulated in a 1988 paper by Broom head and Lowe, both researchers at the Royal Signals and 

Radar is one of the simplest form of ANN consisting of exactly three layers, namely, input, hidden, and 

output layer. The restriction of only three layers makes it simplest and somehow efficient ANN 

architecture. The idea of RBFNN has been derived from function approximation. An RBF network 

positions one or more RBF neurons in the space described by the predictor variables. This space has as 

many dimensions as there are predictor variables. The Euclidean distance is computed from the point 

being evaluated to the center of each neuron. The RBF is so named because the radius distance is the 

argument to the function. Output of RBFNN depends on the distance of the input from a given stored 

vector.

Appendix  

4.5.1

4.5.2 Kernel Radial Basis Function  

https://en.wikipedia.org/wiki/Mathematical_modeling
https://en.wikipedia.org/wiki/Artificial_neural_network
https://en.wikipedia.org/wiki/Radial_basis_function
https://en.wikipedia.org/wiki/Activation_function
https://en.wikipedia.org/wiki/Linear_combination
https://en.wikipedia.org/wiki/Function_approximation
https://en.wikipedia.org/wiki/Time_series_prediction
https://en.wikipedia.org/wiki/Statistical_classification
https://en.wikipedia.org/wiki/Control_theory
https://en.wikipedia.org/wiki/Royal_Signals_and_Radar_Establishment
https://en.wikipedia.org/wiki/Royal_Signals_and_Radar_Establishment
https://www.sciencedirect.com/topics/engineering/artificial-neural-network
https://www.sciencedirect.com/topics/computer-science/approximation-algorithm
https://www.sciencedirect.com/topics/computer-science/radial-basis-function
https://www.sciencedirect.com/topics/engineering/predictor-variable
https://www.sciencedirect.com/topics/computer-science/euclidean-distance
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The Gaussian kernel is widely used in probabilistic models such as Gaussian Processes [21], where it plays 

a key role in defining the covariance structure of the distribution. 
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RBF networks are typically trained from pairs of input and target values 𝑋(𝑡). 𝑦(𝑡). 1.2. … 𝑇  by 

algorithm of simply fits a linear model with coefficients 𝑤𝑖  to the hidden layer's outputs with respect to 

some objective function. A common objective function, at least for regression/function estimation, is the 

least squares function: 

𝐾(𝑤) ≝ ∑ 𝐾𝑡(𝑤)𝑇
𝑡=1                                                                                             

Where  

𝐾𝑡(𝑤) ≝  [𝑦(𝑡) − 𝜑(𝑋(𝑡). 𝑤)]2                                                                              

There are occasions in which multiple objectives, such as smoothness as well as accuracy, must be 

optimized. In that case it is useful to optimize a regularized objective function such as 

 𝐻(𝑤) ≝  𝐾(𝑤) + 𝜆𝑆(𝑤) ≝ ∑ 𝐻𝑡(𝑤)𝑇
𝑡=1                                             …(13) 

Where 𝑆(𝑤) ≝ ∑ 𝑆𝑡(𝑤)𝑇
𝑡=1   And    𝐻(𝑤) ≝  𝐾(𝑤) + 𝜆𝑆(𝑤) 𝑆(𝑤) ≝ ∑ 𝑆𝑡(𝑤)𝑇

𝑡=1                            

where optimization of S maximizes smoothness and  𝜆is known as  a regularization parameter [23]. 
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RBFN can be presented as a three-layer feed for-ward structure) see Fig. 2  ( The input layer serves only as 

input distributor to the hidden layer. Each node in the hidden layer is a radial function, its dimensionality 

being the same as the dimensionality of the input data. The output from the jth function for the input object 

xi has the following form[23]. 

𝜙𝑗𝑖 = 𝜙𝑗(𝑥𝑖) = 𝜙 (‖𝑥𝑖 − 𝑐𝑗‖)                                                      

 𝑤ℎ𝑒𝑟𝑒 ‖… ‖  is a distance measure and 𝑐𝑗  describes the center of the jth radial basis function and j=1, 

. . . , K. 

At this point the notation of the centers of RBFs has been changed to stress that they are no longer 

constrained to be defined by the input data vectors 

Architecture of radial basis function network 

 

The output is calculated by a linear combination (i.e. a weighted sum. of the radial basis functions plus 

the bias, according to: 

𝑦(Χ𝑖) = [∑ 𝑤𝑗𝑖=1:𝑘 𝜙(‖𝑥𝑖 − 𝑐𝑗‖) + 𝑤0]                                        
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in matrix notation:      𝑦 = 𝜙𝑤                                                      …(16  ) 

where 

For multiple y the Eq. 15. has the following form: 

𝑦𝑏(Χ𝑖) = ∑ 𝑤𝑏𝑗𝑖=1:𝑘 𝜙(‖𝑥𝑖 − 𝑐𝑗‖) + 𝑤𝑏0                                          

In matrix notation: 

 𝑌 = 𝛷𝑊                                                                         

In the RBFN, all basis functions have the same width parameter 𝜎. In the more general case the width 

parameters can be tuned for each basis function individually. In the so-called hyper radial basis functions 

each argument is scaled by the matrix Q: 

[‖𝑥𝑖 − 𝑐𝑗
𝑖‖]

2
= [𝑄𝑖𝑗

𝑗
(𝑥𝑖 − 𝑐𝑗)]

𝑇
[𝑄𝑖𝑗

𝑗
(𝑥𝑖 − 𝑐𝑗)

𝑗
]                                    

[8] 

https://www.sciencedirect.com/topics/computer-science/activation-function
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[28]. 

Typically, the input weights are uniformly initialized 

to the value of ‘1’.
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Specialized algorithms   

Normalized architecture[6].   

RBF networks can be normalized. In this case the mapping is 

where 𝑢(‖𝑋 −  𝑐𝑖‖) =≝
𝜌(‖𝑋− 𝑐𝑖‖)

∑ 𝜌(‖𝑋− 𝑐𝑖‖)𝑁
𝑖=1
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is known as a normalized radial basis function. 

There is theoretical justification for RBF architecture in the case of stochastic data flow. Assume 

a stochastic kernel approximation for the joint probability density 

 𝑃(𝑋 ∧ 𝑦) =
1

𝑁
∑ 𝜌(‖𝑋 − 𝑐𝑖‖)𝑁

𝑖=1 𝜎(|𝑦 − 𝑒𝑖|)                              

where the weights 𝑐𝑖  and 𝑒𝑖  are exemplars from the data and we require the kernels to be 

normalized         ∫ 𝜌(‖𝑋 − 𝑐𝑖‖) 𝑑𝑛𝑋 = 1 

And∫ 𝜎(|𝑦 − 𝑒𝑖|) 𝑑𝑦 = 1 

The probability densities in the input and output spaces are 

 ∫ 𝑃(𝑋 ∧ 𝑦)𝑑𝑦 =
1

𝑁
∑ 𝜌(‖𝑋 − 𝑐𝑖‖)𝑁

𝑖=1  

And  the expectation of y given an input X is 

 𝜑(𝑥) ≝ 𝐸(𝑌|𝑋) = ∫ 𝑦𝑃(𝑌|𝑋)𝑑𝑦 

where  𝑃(𝑦|𝑋) 

is the conditional probability of y given X The conditional probability is related to the joint probability 

through Bayes' theorem 

𝑃(𝑦|𝑋) =
𝑃(𝑋∧𝑦)

𝑃(𝑋)
                                                                            

which yields       𝜑(𝑋) = ∫ 𝑦
𝑃(𝑋∧𝑦)

𝑃(𝑋)
𝑑𝑦 

This becomes 

𝜑(𝑋) =
∑ 𝑒𝑖𝜌(‖𝑋− 𝑐𝑖‖)𝑁

𝑖=1

∑ 𝜌(‖𝑋− 𝑐𝑖‖)𝑁
𝑖=1

= ∑ 𝑒𝑖𝑢(‖𝑋 − 𝑐𝑖‖)𝑁
𝑖=1                              

https://en.wikipedia.org/wiki/Stochastic_kernel
https://en.wikipedia.org/wiki/Bayes%27_theorem
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In statistical analysis pertaining to binary classification and information retrieval systems, the F-score, also 

referred to as the F-Measure  as Eq.(27), serves as an indicator of predictive efficacy. This metric is derived 

from the precision and recall associated with the evaluation, wherein precision is defined as the ratio of 

true positive results to the total number of samples predicted to be positive, encompassing those 
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incorrectly classified while recall is characterized as the ratio of true positive results to the total number of 

samples that should have been accurately classified as positive [19]. 

𝐹1_𝑠𝑐𝑜𝑟𝑒 =
2

𝑟𝑒𝑐𝑎𝑙𝑙−1+𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛−1
= 2

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛.𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
=

2𝑇𝑃

2𝑇𝑃+𝐹𝑃+𝐹𝑁
                    …(27)    

 Where 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃
+  𝐹𝑃        ,   𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃

𝑇𝑃
+  𝐹𝑁                                                                                                                                                                

Since both precision and recall are rates (ratios) between 0 and 1 . This ensures that a low value in either 

precision or recall has a significant impact on the overall F1 score,  

The highest possible value of an F-score is 1.0, indicating perfect precision and recall, and the lowest 

possible value is 0, if the precision or the recall is zero. 

 

The ROC curve is an analytical method, represented as a graph, that is used to evaluate the performance 

of a binary diagnostic classification method. The diagnostic test results need to be classified into one of the 

clearly defined dichotomous categories, such as the presence or absence of a disease[19].  

Area under the curve (AUC)  

The area under the ROC curve (AUC) represents the probability that the model, if given a randomly 

chosen positive and negative example, will rank the positive higher than the negative. The perfect model 

above means there is a 100% probability that the model will correctly rank a randomly chosen positive 

example higher than a randomly chosen negative example, In general, an AUC of 0.5 suggests no 

discrimination (i.e., ability to diagnose patients with and without the disease or condition based on the 

test),but (0.7 to 0.8) is considered acceptable,( 0.8 to 0.9) is considered excellent, and more than (0.9 )is 

considered outstanding. A ROC curve shows the relationship between clinical sensitivity and specificity for 

every possible cut-off. The ROC curve is a graph with[9]. 

The  x − axis showing (1 –  specificity =  false positive fraction =
𝐹𝑃

(𝐹𝑃+𝑇𝑁)

 

The    y − axis showing (sensitivity =  true positive fraction =
TP

(TP+FN)
 

https://developers.google.com/machine-learning/glossary#AUC
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5.2   Analysis 
5.2.1 Data Description  

The researchers contacted several institutions specializing in kidney disease, including the Shar hospital in 

Sulaimania governorate in Kurdistan, 267 patients were registered with kidney disease only the data from 
150 patients  in that hospital enrolled between February 2015 and May 2022 were eligible for this analysis, 

The (150 patients) is reasonable for this research , but it is important to point out that the results are 
preliminary and larger studies are needed to generalize them. 

5.2.2 Variables Description 

Dependent Variable (Y): defined as binary variable [ patients  with Kidney transplanted  , Kidney 
prepare for transplant patients] 

Independent Variables : In this paper we have deal with common risk factors caused Kidney transplant 

as independent variables for this purpose of the paper, many doctors specialized in kidney diseases were 
consulted, and  confirmed that those variables are six risk factors caused Kidney transplantation (X1 

,X2,X3,X4,X5 ,X6) they explained in table(3) 
5.2.3 Statistical Analysis 

5. 2.3.1: first: Descriptive Statistics of Kidney dataset 

Table (3): Shows descriptive statistics of Kidney transplantation dataset 
Variables Frequency Percent 
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Dependent   Y Kidney transplanted 88 58.7% 

Kidney prepare for transplant 62 41.3% 

 

 

 

 

 

 

Independents 

X1: Renal Artery Stenosis Semi Control 54 36.0% 

Out Control 96 64.0% 

X2: Polycystic Kidney Disease Semi Control 57 38.0% 

Out Control 93 62.0% 

X3:: Diabetes Semi Control 62 41.3% 

Out Control 88 58.7% 

X4: Congenital Kidney Diseases Semi Control 48 32.0% 

Out Control 102 68.7% 

X5 : Chronic, Uncontrolled High Blood 

Pressure 

Semi Control 62 41.3% 

Out Control 88 58.7% 

X6: Systemic Lupus Erythematosus  Semi Control 56 37.3% 

Out Control 94 62.7% 

dependent variable

 independents variables Semi Control

X1=64.0% , X2= 62.0%  ,  X3=58.7%  ,   X4=  68.7%     ,  X5= 58.7%     ,   X6=62.7%]  

it indicate that every risk factors has effect  and the 62% of  patients affected by 

risk factors 

 Numbers Percent 

Sample Training 115 76.7% 

Testing 35 23.3% 

Excluded  0  

Total  150 100.0% 

Table (4) gives information about the datasets used to build the RBF neural network model The Case 

Processing Summary shows that the training sample has 115 cases it equal to 76.7% was used it ensure to 

76.7% is larger portion designed the model by the effect of risk factors on Kidney Transplantation The 

testing sample has 35 case it equal to 23.3% of sample  used a smaller part of the dataset, used to estimate 

how well the model generalizes to new hidden cases. It means it’s sufficient portion was used for testing to 

a generalization. But excluded has zero because no data records, this means the full dataset was used. 



 
 
             

 

 
 Prediction by Normalized Radial Basis Function Artificial Neural Network and model Selection for the Risk Factors Most 

Affected on Kidney Transplantation  

 

  351 

2-Network Information figure(4) The neural network is structured to classify kidney transplant status 

based on 6 clinical input variables risk factors considered by the model to predict the kidney transplant,  It 

has one hidden layer with 12 neurons.  The output layer uses Identity activation with 2 units, reflecting 

binary classification output (e.g., transplanted vs. prepare for transplant). 

 

 

 

 

Figure (4): Network Information Diagram 

  

 

 

Table (5): The relative importance of each factor affecting Kidney transplant 

3–The Normalized Important Independent Variables  
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Figure (5): Feature Normalized importance of each factor affecting Kidney transplanted 

 

Independent Variables Importance Normalized Importance 

Renal Artery Stenosis 0.158 74.4% 

Polycystic Kidney Disease   0.179 84.4% 

Diabetes 0.152 71.7% 

Congenital Kidney Diseases 0.212 100.0% 

Chronic, Uncontrolled High Blood Pressure   0.128 60.4% 

 Systemic Lupus Erythematosus  0.171 80.4% 
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From table (5) and the figure (5) and the relative normalized importance of each independent 

variables(risk factor affecting on the dependent variable Kidney transplant by using the RBF model, The 

model identifies "Congenital kidney diseases" (X4) as the most significant factor, with a normalized 

importance of 100%, the highest relative effect on the dependent Kidney transplanted variable it’s more 

than (polycystic kidney disease)which has 84.4%,then(Systemic lupus  erythematosus) with 80.4%,  then  

(Renal artery stenosis) 74.4%, Diabetes71.7% , (Chronic, uncontrolled high blood pressure) 60.4%.  So, 

these values reflect how much each variable contributes to predicting the Kidney transplant in the RBF 

model 

4- The Performance of Diagnostic Tests 

a  
 Table (6): Classification 

 Observed Predicted for the dependent variable: Y 

sample Kidney 

transplanted 

Kidney prepared 

 for transplant 

Percent Correct 

         

Training 

Kidney transplanted 67 2 97.1% 

Kidney prepare for transplant 9 37 80.4% 

Overall Percent 66.1% 33.9% 90.4% 

Testing Kidney transplanted 19 0 100.0% 

Kidney prepare for transplant 5 11 68.8% 

Overall Percent 68.6% 31.4% 85.7% 

 

Table(6)  displays a classification table or. confusion matrix for dependent variable Kidney transplant 

defined if the predicted probability is greater than 0.5 of the ratio of the correct prediction In the Training 

Sample the Kidney transplanted and Kidney prepared for transplant the results in  the diagonal  are  (67 , 

37 with overall accuracy: 90.4%, which is very strong for a medical prediction task and in the Testing 

sample Kidney transplanted and Kidney prepared for transplant the results in  the diagonal are (19 , 11 

with overall Percent 85.7%) still very acceptable it predict that the both kinds of patients affected by the 

risk factors. In general High overall accuracy (90.4% and 85.7%) suggests the model is reliable and 

clinically valuable. 

        F1_𝑠𝑐𝑜𝑟𝑒=2 [
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑟𝑒𝑐𝑎𝑙𝑙
] =

2TP

2TP+FP+FN
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𝐹1_ 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 =
2(67)

2(67) + 9   + 2
=

134

145
= 0.9241 

𝐹1__𝑡𝑒𝑠𝑡𝑖𝑛𝑔 =
2(19)

2(19) + 5   + 0
=

38

43
= 0.8837 

So in both analyses the values are ( 0.9241  𝑎𝑛𝑑 0.8837 ) it refer to perfect precision and to best 

predictive..   

b -ROC curve (Receiver Operating Characteristics) : 

Table (7): Area Under the Curve(AUC) 

   Dependent Variable Area Under the Curve(AUC) 

 

Y 

Kidney transplanted 0.835 

Kidney prepare for transplant 0.835 

 

                 
                        Figure (6) ROC curve 

In both Table (7) and Figure (6), the area under the ROC curve (AUC) for both outcomes is 0.835, which is 

classified as "best" since an AUC in the range of 0.8 to 0.9 is deemed excellent, signifying that the model 

possesses a robust capacity to accurately classify whether a kidney is suitable for transplantation or is 

prepared for transplant. 

5- Model Selection 

a-Model Fitting Information 

Table (8): Model Fitting Information 
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Model 

Model Fitting Criteria Likelihood Ratio Tests 

AIC BIC Log Likelihood Chi-Square df Sig. 

Intercept  167.097 171.312 127.666    

Final Model 162.836 196.553 99.090 28.576 6 .000 

This table presents the validation plan and appropriate Model Fitting Information, indicating that the chi-

square test for AIC, BIC, and the likelihood ratio yields a P-value of 0.000, which is less than 0.05. This 

encapsulates model fit statistics, demonstrating the final model's improvement over the simpler model 

and assessing its statistical significance 

 

 

. 

b-Model Fitting Criteria 

Table (9): Model Fitting Criteria Likelihood Ratio Tests of Reduced Model 
Likelihood Ratio Tests 

Effect Model Fitting Criteria Likelihood Ratio Tests 

AIC BIC -2 Log Likelihood Chi-Square df Sig. 

Intercept 119.695 149.197 99.090 .000 0 . 

Renal Artery Stenosis 
125.803 151.091 108.579 9.489 1 0.032 

Polycystic Kidney Disease   
121.929 147.217 106.509 7.419 1 0.041 

Diabetes 
122.803 146.091 104.792 6.702 1 0. 046 

Congenital Kidney Diseases 
123.929 149.217 111.891 12.801 1 0.000 

Chronic, Uncontrolled High 

Blood Pressure   

124.803 150.091 104.168 5.078 1 0.049 

 Systemic Lupus 

Erythematosus  

120.295 144.583 105.924 5.834 1 0.043 
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The chi-square statistic represents the disparity in log-likelihoods between the final model and a 

constrained model. The reduced model is created by excluding an effect from the final model. The null 

hypothesis posits that all effect parameters are equal to zero. The reduced model is equivalent to the final 

model, as the exclusion of the effect does not augment the degrees of freedom. As the p-values for all 

predictor variables (six risk factors) are >0.05, it demonstrates that the specified clinical variables 

significantly enhance the model fit compared to the intercept-only model. The statistical tests validate that 

these elements are crucial predictors in the model. 

The bellows tables of comparison between RBF and logistic regression for showing which model is better  

Table (10): comparison of Classification between RBF and logistic regression 
Model Observed Predicted for the dependent variable: Y 

Kidney 

transplanted 

Kidney prepared 

 for transplant 

Percent Correct 

Logistic regression Kidney transplanted 73 15 83.0% 

Kidney prepare for transplant 15 47 75.8% 

Overall Percent                                   80.0 %                

 RBF Kidney transplanted 19 0 100.0% 

Kidney prepare for transplant 5 11 68.8% 

Overall Percent                                     85.7% 

the RBF model performs better overall in predicting 85.7% the correct status of kidney transplant patients, 

especially with perfect accuracy for the "Kidney transplanted" group, while logistic regression has slightly 

lower accuracy but more balanced performance across both groups. This suggests RBF may be more 

effective for this classification task. 

Table (11):  comparison of Model Fitting Criteria Likelihood Ratio Tests  between RBF and logistic 

regression  
               Likelihood Ratio Tests 

Effect Logistic regression  RBF 

Chi-Square Sig. Chi-Square Sig. 
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Renal Artery Stenosis 
1.846 .174 9.489 0.032 

Polycystic Kidney Disease   
9.045 .003 7.419 0.041 

Diabetes 
2.253 .133 6.702 0. 046 

Congenital Kidney Diseases 
14.749 .000 12.801 0.000 

Chronic, Uncontrolled High Blood 

Pressure   

4.401 .036 5.078 0.049 

 Systemic Lupus Erythematosus  
.946 .331 5.834 0.043 

The Radial Basis Function (RBF) model better describes the influence of the risk factors on the outcome in 

this table RBF model identifies more statistically significant relationships (with lower significance values) 

for key risk factors compared to the logistic regression model, indicating greater sensitivity and capacity 

to capture complex, nonlinear patterns in the data. Additionally, the higher Chi-Square values in the RBF 

model for many factors suggest stronger effects being detected. Therefore, for this dataset, RBF provides a 

more comprehensive of the risk factors' impact. 

6.Conclusion  

this study confirms that the Radial Basis Function (RBF) classifier, coupled with normalized importance 

of risk factors, effectively identifies critical predictors influencing kidney transplant outcomes. The model 

demonstrates strong predictive performance with high accuracy and a robust AUC, emphasizing its 

capability to distinguish between transplanted and prepared-for-transplant kidneys. Key risk factors such 

as Congenital Kidney Diseases, Polycystic Kidney Disease, and Systemic Lupus Erythematosus were 

validated as statistically significant predictors, enhancing the reliability of transplant risk forecasting. The 

significant improvement in model fit over baseline confirms the value of integrating these normalized risk 

factors with RBF classification. Overall, this approach provides important insights to support clinical 

decision-making and targeted interventions, highlighting the advantages of advanced machine learning 

techniques in kidney transplant risk assessment ,RBF model better describes the influence of the risk 

factors on the outcome from a traditional methods. 

Recommendations: 

Recommendations: 
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1. Integrate the RBF-based prediction model incorporating normalized variable significance into clinical 

workflows to enhance pre-transplant risk assessment and optimize post-transplant patient 

monitoring. 

2. Utilize key identified risk factors, such as congenital kidney disorders, polycystic kidney disease, and 

diabetes, to tailor individualized treatment plans and follow-up protocols for transplant patients. 

3. Explore combining the predictive model with other clinical tools and biomarkers to develop a 

comprehensive kidney transplant risk management system. 

4. Foster interdisciplinary collaboration among clinicians, data scientists, and researchers to 

continuously improve and update predictive models as new clinical data emerges. 

5. Align this approach with advances in machine learning applications for kidney transplantation, which 

have demonstrated improved graft survival predictions and support targeted therapeutic 

interventions, leading to better long-term patient outcomes. 

6. Conduct broader multi-center studies to validate and generalize findings beyond single-hospital data 

while incorporating survival analysis techniques for more dynamic and long-term risk predictions. 

7. Emphasize early screening and proactive management by healthcare providers and nephrologists to 

enhance patient outcomes and investigate additional factors influencing transplant success. 
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