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Abstract – Neural Network has been used in a number of scientific fields including medical diagnosis. It is clear that 

classification is one of the main challenges in any medical diagnosis. However, the drawbacks of conventional neural network 

classifier are summarized as slow convergence and tendency to be trapped in local minima. The aim of this study is to present 

a hybrid Back-Propagation algorithm with a variable adaptive momentum (BPVAM) and particle swarm optimization (PSO) 

(BPVAM-PSO). The PSO is an efficient training algorithm as it does not require any complex calculations. The BPVAM 

variable momentum, in this case, will start with a high value, which increases the convergence rate; the momentum value will 

decrease as the error rate is decreased. The best weights of the BPVAM are passed to the PSO. The PSO uses the weights to 

determine the best set of parameters and as a result, the number of hidden neurons is reduced. This will improve performance 

further. To verify the efficiency of the BPVAM-PSO algorithm it will be used for the classification of a number of different 

medical datasets. The results of the proposed algorithm are compared against the performance of the conventional BP Neural 

Networks and BPVAM algorithm.   
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I. INTRODUCTION 

With the increased variations in the stream of medical data 

flowing into the system with time, it becomes important for 

medical experts to utilize some of the newly developed 

special-purpose Intelligent Algorithms [1]-[3]. The use of 

such tools and algorithms will increase the accuracy and 

efficiency of the prediction and or diagnosis process [4]-[5]. 

There are two such techniques available for use these are 

machine learning (ML) and predictive modelling [6]-[7]. In 

this work we will use ML to achieve the task in hand. ML is 

an area of computer science which uses cognitive learning 

methods to program their systems without the need of being 

explicitly programmed [9].  

Back-propagation Neural Network (BPNN) has been 

researched and applied in many scientific fields, including 

medical and nitration applications, to solve different 

problems [10]-[14].  However, conventional BPNN 

techniques suffer from some inherent problems which affect 

the performance of the algorithm which includes, slow 

convergence, and high steady-state error (SSE) [15]. 

The addition of some momentum to the adjustment 

expression is used to overcome the problem of slow 

convergence and high SSE. In this case, the momentum term 

is used to smooth out the descent path by removing changes 

in the gradient resulted from local anomalies. It suppresses 

any oscillations ace due to changes in the slope of the error 

[16]-[17]. 

Different versions of varied momentum algorithms have 

been proposed for different applications by researchers. In 

this study, the methodology employed by the recently 

developed Robust Back Propagation with Varied Adaptive 

Momentum RA-BPVAM will be employed [18].  

PSO is applied as an optimization tool in numerous areas 

coupled with other existing algorithms such as neural 

networks and fuzzy logic [19]-[21]. The PSO performs the 

search to obtain the optimal solution referred to as particles, 

the trajectories are adjusted by a stochastic and deterministic 

component. Particles are influenced by its ‘best’ achieved 

position and group ‘best’ position otherwise it moves 

randomly. Particle i is expressed as both a position vectorxi 

and velocity vector vi  [22]. The advantages of PSO 

parameter tuning method over other known methods is that it 

requires fewer parameters to achieve its acceptable 

solutions [23]. 

This work will investigate the efficiency of utilizing ML 

algorithms namely Robust Back Propagation with Variable 

Adaptive Momentum “RA-BPVAM” coupled with a well-

known optimization method namely Particle Swarm 
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Optimization “PSO” to generate an efficient medical 

Diagnosis Algorithm. 

II. BP ALGORITHM 

D. E. Rumelhart et al [24], introduced the traditional BP 

algorithm, which was considered as a significant contribution 

to the neural network. The initial W0 in the weight formula, in 

the iterative increment formula for the weights takes the form 

 

∆w(n + 1) = ηδoy(n)       n = 0,1, …          (1) 

 

Where ƞ >0 is the learning rate which indicates how far to 

go along the negative direction of the gradient. However, in 

BP the convergence speed is very slow due to the saturation 

behavior of the activation function in the network, which, is 

usually worse for a network with multi-hidden layer 

networks. This is due to the fact that output unit saturates 

with small decent gradient value, even in the case large 

output error, resulting in no significant progress in the weight 

adjustment. The second disadvantage is the difficulty in the 

choice of learning rate ƞ to achieve both fast learning while 

and maintaining stable the learning procedure [16].  

The basic requirement of BP is to minimize the overall 

output error during the learning process. The BP input layer 

training sets are estimated iteratively to predict correct 

outputs. The BP process is divided into two sub-processes the 

forward and backward process. In the forward process there 

are a number of parameters which includes the input  xi 

which are the inputs to the neural network with 𝑖 neurons, wij 

are the weights of interconnections between inputs and 

hidden layers, and j neurons for the hidden layer. Assuming 

that the hidden transfer function is a sigmoid function, and 

the output transfer function is a linear activation function. 

 

f(Hj) =
1

1 + e−(bin+∑ xiwij
N
i=1 )

,                      (2) 

 

Where bin is a bias input layer; hidden layer will pass 

through the activation function (f). After calculating the 

overall output by multiplying the output of the hidden layer 

neurons with the hidden layer weights wjk, the results, then, 

pass through a sigmoid function (called threshold) as shown 

below in equation (3). 

 

yk = bn + ∑ wjkf(Hj)

m

j=1

                          (3) 

 

Where bn is the bias of hidden layer and k output neurons. 

To predict the correct output it is intended to obtain 

minimum error E for each pattern (p) by subtracting the 

overall output o from the target t; as shown in equation (4). 

 

E =
1

2
∑(tj − oj)

2

p

j=1

                       (4) 

 

In the backward process, weights on the connections 

between all layers will be updated to minimize the error 

between the target (or desired) and output until finding the 

optimum weights with minimum E.  

Now by adding the learning and momentum coefficients to 

equation (1), the hidden layer equation with the updated 

weights will be defined by the following equation 

 

∆wji(n + 1) = ηδyxi(n) + α∆wji(n)            (5) 

 

And the output layer equation with the momentum 

coefficient will be defined as 

 

∆wkj(𝑛 + 1) = ηδoyi(𝑛) + α∆wkj(𝑛),    𝑛 = 0,1, …    (6) 

 

Where 𝑛 represents the number of iterations and η is the 

learning rate.  

III. BPVAM  ALGORITHM  

The BPVAM was introduced by Hameed et al [18], where 

α (the adaptive momentum) is controlled by the learning rate 

parameter η. The BPVAM proposes a variable momentum 

which is expressed as: 

 

α(n) =
λ

1 − βn
                            (7 ) 

 

Where λ <
2−2β

max eigenvalue of Rxx
  and this case β is the 

forgetting factor (0 ≪ β < 1), 

The initial value of β is expected to be large. This will lead 

to the term 1 − βn being close to unity. Therefore, the initial 

α(n) will be relatively large. However, its estimated that fast 

convergence of the weights update can be achieved through 

fewer number of iterations. This will further enhanced as the 

value of λ become small enough, as a result it provides low 

performance error for the weights update in (5) and (6). This 

means that equations (5) and (6) can be rewritten as 

∆wji(n + 1) = ηδyxi(n) + (
λ

1 − βn
) ∆wji(n)        (8) 

  

∆wkj(n + 1) = ηδoyi(n) + (
λ

1 − βn
) ∆wkj(n),

n = 0,1, …                                                  (9) 

 

Where 𝑛 represents the number of iterations and ∆w is 

defined as updating the weights. 

IV. PSO ALGORITHM 

The PSO algorithm is initialized with a group of random 

particles (candidate solutions). This is followed by a search 

for an optimal solution by updating its individual variables. 

Figure 1 shows the updating procedure of a particle by 

vectorial representation. In each generation, each particle is 

updated based on 2 special particles: pbesti,j(n) is the 

personal best solution of each particle found so far, and 

gbestj(n) is the global best solution found so far by any 

particle in the swarm (population). The detailed algorithms of 

various methods are described below for completeness.  

 

𝑣i,j(n + 1) = w. 𝑣i,j(n) + 𝑐1𝑟1 (𝑝𝑏𝑒𝑠𝑡i,j(n) − 𝑥i,j(n))

+ 𝑐2𝑟2 (𝑔𝑏𝑒𝑠𝑡𝑗(n) − 𝑥i,j(n))               (10) 
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      xi,j(n + 1) = xi,j(n) + vi,j(n + 1)                    (11) 

The 𝑣i,j(n) and 𝑥i,j(n) variables in Figure 1 are respectively 

the 𝑗𝑡ℎ velocity component and the 𝑗𝑡ℎ   (𝑗 =  1, 2, . . . , 𝐷) 

position component of the 𝑖𝑡ℎ  (𝑖 =  1, 2, 3, . . . , 𝑁) particle at 

generation  . 𝑁 is the size of the initial population (swarm). 𝐷 

is the dimension size of the search space. 𝑤 is the inertial 

weight used to balance the global and local search. For the 

basic PSO, calculating the velocity updating and the position 

updating by Equations (10) and (11), respectively. 𝑟1 and 𝑟2 

are two randomly generated numbers at each iteration 

ranging from 0 to 1. 𝑐1 and 𝑐2 are the acceleration constants 

with positive values. 

 

 

 
 

Fig. 1: the velocity and position updating of a particle 
 

V. BPVAM-PSO ALGORITHM 

The BPVAM-PSO is an optimization algorithm 

combining both the BPVAM and PSO into one 

algorithm. Both the BPVAM and the PSO algorithm 

have a high convergence speed ability and global search 

capabilities, hence the combination of the two 

complement each other. There are common features 

betwwen BPVAM and PSO, hence by using the PSO to 

optimize the weights of the BPVAM can further  

improve the learning and convergence abilities. 

The fundamental idea for this hybrid algorithm is that at 

the initial stage the BPVAM algorithm will run. Due to 

the Adaptive momentum, it will converge very quickly 

and obtain acceptable weights with high accuracy and 

low SSE. These related weights are then passed to the 

PSO algorithm to find optimal weights values based on 

the values received from the BPVAM algorithm. Once 

the new and optimal weights are found by the PSO, the 

new values are fedback to the BPVAM to further 

improve its output results. The process is implemented in 

this manner to guarantee that even if the weights found 

by the PSO cause divergence rather than convergence, 

the BPVAM will overcome this problem with its 

adaptive momentum. This process is highlighted in the 

flow chart in Fig. 2. As it is seen the BPVAM-PSO 

algorithm’s searching process is initialized by the 

BPVAM weights rather than random particles. All the 

particles are then updated according to the Equations 

(12) and (13). 

The structure of the Pi particle is given by Eq. (13). 

𝑀𝑆𝐸 =
1

2𝑆
∑ 𝑒𝑖

2                                                            12

𝑆

𝑖=0

 

𝑃𝑖

= [𝑤111
𝑖  𝑤112

𝑖 … Ѳ11
𝑖 … 𝑤211

𝑖  𝑤212
𝑖 … Ѳ211

𝑖 … .  𝑤311
𝑖 … Ѳ11

𝑖 ]  13 

 

 
Fig. 2 BPVAM-PSO Flowchart of the testing and training process 

 

The flowchart given in Figure 2 shows the training and 

testing processes of the BPVAM-PSO. Artificial neural 

networks begin the training operation with the initialization 

of random weights and biases. This indicates the numerical 

values associated with the layers of the artificial neural 

network. These weights and biases are individuals to each 

𝑣𝑖𝑔𝑏𝑒𝑠𝑡 

𝑣𝑖𝑝𝑏𝑒𝑠𝑡 

𝑔𝑏𝑒𝑠𝑡(n) 

𝑥i(n + 1) 

𝑣i(n) 

𝑣i(n + 1) 

𝑝𝑏𝑒𝑠𝑡i(n) 

No 

Yes 

PSO 

Initialize all weights and biases with 

random values 

Present training dataset to 

BPVAM 

Adjust BPVAM 

weights according to 

PSO output 

Calculate the gradient 

of Error 

If Particle fitness > Global 

best fitness, Update global 

best 

Terminate the training 

Save the BPVAM weights 

with gbest particle 

Assign weights and biases 

according to the gbest particle 

Present test dataset to 

BPVAM 

Calculate output and 

evaluate the result 

Stopping 

criteria 

 

  

Training 

Testing 

If Particle fitness > Particle 

best fitness, Update particle 

best 

Update particle velocity 

and position 
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particle, as given in Eq. (13). The number of connections 

among layers indicates the population size or search space 

dimension. A stopping criterion that is selected as the 

maximum number of generations or fitness value is the target 

of the gbest particles as in Figure 2. 

VI. Results and Simulations 

In this study, it is proposed to carry out the test and 

simulation on two different data sets which are Diabetes and 

Lung cancer data sets. The performance of the proposed 

method is compared to the conventional BP and the BP with 

Variable Adaptive Momentum algorithms. The testing and 

training process is described by the flow chart as in Figure 3 

below. 

In this study, a normalization process was carried out on 

the data sets using a Min-Max normalization between 0 and 

1. All the simulation codes were written and executed using 

Matlab on a Dell computer Intel core i7, 2.10 GHz. 

The results of each of the tests will be considered 

separately and will be tabulated accordingly 

A. Lung Cancer Dataset 

The Lung Cancer dataset was obtained from the UCI 

repository “https://archive.ics.uci.edu/ml/datasets/Lung 

Cancer”. The dataset consists of 32 instances, 56 attributes, 

and 3 classes of pathological lung cancers. In this test, the 

results of both conventional BP and the modified BPVAM 

were compared against the performance of the proposed 

hybrid BPVAM-PSO algorithm. The algorithms related 

parameters are highlighted in table 1. The test results are as 

shown in table 2. From the results, it can be seen that the 

Hybrid BPVAM-PSO algorithm obtained better accuracy 

than the other two algorithms. It can also be seen that the 

performance of both the BPVAM and the Hybrid BPVAM 

obtained much better accuracy than the BP algorithm during 

at the initial run time (60% accuracy at iteration 100 for both 

algorithms). However, as the number of iterations is 

increased the hybrid BPVAM-PSO algorithm outperformed 

the BPVAM algorithm by obtaining higher accuracy at 

iteration 300 (accuracy 70% for BPVAM-PSO, accuracy 

60% for BPVAM). the results also show that the hybrid 

BPVAM-PSO outperformed the other two algorithms by 

obtaining a lower steady-state error SSE. It should be noted at 

the initial stages the BPVAM obtained a better accuracy than 

the hybrid BPVAM-PSO (SSE = 0.033 for BPVAM while 

SSE=0.035 for BPVAM-PSO at iteration 100). This situation 

changed as the number of iteration increased (SSE=0.001 for 

BPVAM-PSO and SSE=0.003 for BPVAM at iteration 300). 

This is due to the fact that the PSO requires a number of extra 

iterations to obtain optimized weight values to achieve the 

required task. The SSE behavior of the Lung Cancer Dataset 

is as shown in Figure 3. 

 

B. Diabetes Dataset 

The Diabetes Dataset was obtained from the Kaggle 

repository “https://www.kaggle.com/uciml/pima-indians-

diabetes-database/data”. This dataset is originally from the 

National Institute of Diabetes and Digestive and Kidney 

Diseases. 

The objective of the dataset is to diagnostically predict 

whether or not a patient has diabetes, based on diagnostic 

measurements included in the dataset. Several constraints 

were placed on the selection of these instances from a larger 

database. In particular, all patients here are females at least 

21 years old of Pima Indian heritage. The dataset consists of 

768 instances, 8 attributes, and 2 classes. In this study, 70% 

of the data was used for training and 30% for testing. In this 

test, the results of both conventional BP and the modified 

BPVAM were compared against the performance of the 

proposed hybrid BPVAM-PSO algorithm. The algorithms 

related parameters are highlighted in table 3. 

 

Table 1: Algorithms related parameters 

Lung Cancer 

Dataset 

Parameters 

BP 

 

BPVAM BPVAM-PSO 

Hidden layer 

neurons 

20 20 20 

Learning rate 

(η) 

0.7 0.7 0.7 

Momentum (α) 0.3 - - 

Speed control 

(λ) 

- 0.05 0.05 

Forgetting 

factor (β) 

- 0.97 0.97 

No of particle - - 20 

C1 - - 1.2 

C2 - - 1.2 

Inertia weight 

(w) 

- - 0.9 

 

Table 2: Lung cancer test results according to the consumed time 

Lung 

Cancer 

Dataset 

Accuracy             

(%) with 

100 

Iterations 

SSE 

 

Accuracy             

(%) with 

300 

Iterations 

SSE 

BP 40.00 0.05 60.00 0.005 

BPVAM 60.00 0.03 60.00 0.003 

BPVAM-

PSO 

60.00 0.035 70.00 0.001 

 

 

Fig. 3: Lung cancer dataset SEE behavior 

The test results are as shown in table 4. From the results, it 

can be seen that the BPVAM-PSO algorithm obtained better 

accuracy than the BPVAM and the conventional BP 

algorithms during the first 300 iterations (BP=79.49%, 

BPVAM=80.77%, and BPVAM-PSO=82.05). However, as 

the number of iterations increased both the proposed hybrid 
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BPVAM-PSO and the BPVAM obtained the same accuracy 

82.05% which is much better than the conventional BP at 

80.77%. As far as the SEE is concerned the result shows that 

the hybrid algorithm maintained a better performance all the 

way through the execution time of the algorithm by attaining 

a SEE equivalent to 36.26, it was noticed in this case the the 

proposed algorithm obtained a low SEE rate and maintained 

that rate for the rest of the execution time, while the other two 

algorithms showed a variation in the value during the 

execution of the algorithm. It can be concluded that the 

proposed algorithm achieved the required accuracy and lower 

SEE much faster than the other algorithms and maintained 

this achievement. The SSE behavior of the Diabetes Dataset 

is as shown in Figure 4. 

Table 3: Algorithms related parameters 

Diabetes 

Dataset 

Parameters 

BP 

 

BPVAM BPVAM-PSO 

Hidden layer 

neurons 

8 8 8 

Learning rate 

(𝜂) 

0.01 0.01 0.01 

Momentum (𝛼) 0.01 - - 

Speed control 

(𝜆) 

- 0.1 0.1 

Forgetting 

factor (𝛽) 

- 0.8 0.8 

No of particle - - 9 

C1 - - 0.2 × 10−10 

C2 - - 0.2 × 10−10 

Inertia weight 

(w) 

- - 0.9 

 

Table 2: Diabetes test results according to the consumed time 

Diabetes 

Dataset 

Accuracy             

(%) with 

300 

Iterations 

SSE 

 

Accurac

y             

(%) 

with 500 

Iteratio

ns 

SSE 

BP 79.49 40.28 80.77 36.63 

BPVAM 80.77 39.07 82.05 36.46 

BPVAM-

PSO 

82.05 38.13 82.05 36.26 

 

 

Fig. 4: Diabetes dataset SEE behaviour 

 

 

 

VII. CONCLUSION 

In this work, the proposed hybrid BPVAM-PSO and both 

the conventional and BPVAM algorithms were tested under 

the same conditions. The Results showed that the BPVAM-

PSO performed more efficiently than both the conventional 

and BPVAM algorithms in both tests using two different 

medical datasets namely lung cancer and diabetes datasets 

obtained from UCI and Kaggle data repositories respectively. 

It was noticed that the BPVAM algorithm due to the initial 

high momentum rate performed as expected with high 

efficiency. However, as the number of iterations increased 

the proposed hybrid BPVAM-PSO algorithm made a good 

recovery and managed to outperform the BPVAM. This is 

expected as the PSO is initialized with the best weights of the 

BPVAM to further improve the results. It can be concluded 

that the hybrid algorithm shows good enough performance 

which needs to be investigated further against big datasets 

before a final conclusion can be made. 
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