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Abstract — Intelligent computer programs were implemented to aid physicians and other medical professionals in making 

difficulty medical decisions. In this paper, a computer aided detection (CAD) system is designed that classifies prostate 

neoplasia into two classes (cancer and hyperplasia) for supporting urologist. Early detection of Prostate Cancer (PCa) is 

crucial for patient survival. Automated diagnostic method could reduce diagnostic complications, financial and human 

resources. In presented system, data from 360 patients were used who diagnosed after biopsy with cancer and benign 

hyperplasia of prostate. In order to design present CAD, we have used; Bayesian regulation Backpropagation Neural networks 

(BRBNN). Performance of selected algorithm in detection of prostate cancer was evaluated by calculating sensitivity, specificity 

indicators and areas under receiver-operating characteristics (ROC) curve. The result of present study shows that, CAD based 

on BRBNN could serve as a strong diagnostic tool with 92.88% specificity, 90.62% sensitivity, 91.67% accuracy for early 

automatic detection of prostate cancer from benign prostate hyperplasia
1
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I. INTRODUCTION 

Medical diagnostic decision support systems have become an 

established component of medical technology. Computers 

could have a role in supplementing patient assessments, 

diagnosis and treatment in a variety of clinical settings. A 

number of software tools are being designed and are already in 

use. These tools are found useful in administrative, data 

management and in clinical experiments. These tools reduce 

time and minimize errors in medical practice. The clinical 

decision support system synthesizes and Integrates patient 

specific information, perform complex evaluations and present 

the results to clinicians in a timely fashion [1-3]. Computers 

may be of immense benefit to them. Decision support systems 

may enable the doctor to assess his performance and improve 

his diagnostic accuracy. Prostate Neoplasia problems  

including benign hyperplasia and cancer of prostate are very 

common and cause significant delay in recovery and often 

require costly investigations before coming to its diagnosis[4-

6]. Adenocarcinoma of the prostate is now the most frequently 

diagnosed male malignancy with 1 in every 11 men developing 

the disease[7]. It is the second most common cause of cancer 

deaths in men. Each year in the UK more than 25,000 men are 

diagnosed with prostate cancer and approximately 10,000 die 

from the disease. The equivalent incidence and mortality 

numbers in the USA are approximately 239,900 and 32,400, 

whilst the world wide numbers are approximately 679,000 and 

221,000, respectively [8-11]. Historically, DRE was the 

principle method of prostate cancer detection. The technique is 

limited and subject to inter-observer variation. The sensitivity 

of DRE in predicting organ-confined disease is approximately 

50%. Since its introduction into clinical practice in 1987, PSA 

testing has become a mainstay in the management of cancer of 

the prostate[12]. There appears to be a linear relationship 

between increasing PSA levels and extra prostatic tumor 

spread; 64% of those with a PSA of <4 ng/ml had organ-

confined disease, the proportion falling to 9% for those with a 

PSA of >50 ng/ml[13]. However, PSA values may not yield 

conclusive results about existence of prostate cancer because 

PSA levels can be increased by inflammation of prostate and 

benign prostate hyperplasia (BPH) and there are  a grey area in 

the range 4–10 ng/ml, partly due to the overlapping between 

prostate and benign prostatic hypertrophy (BPH). About half 

the men with prostate cancer fall into this PSA group and 

serial measurements or supplementary investigations may be 

required. Therefore, patients are also given rectal examination. 

If anomalies are observed at the end of the rectal examination, 

even if PSA results may seem normal, it is recommended that a 

prostate biopsy be performed and definitive diagnosis be 

made[14, 15]. prostate cancer is a disease that can be 

diagnosed with prostate biopsy in accordance with the 

suspicions that arose as a result of PSA test, rectal 

examination, and transrectal findings[16, 17]. Prostate cancer 

diagnosis is complicated by the biological heterogeneity of the 

disease. There are a lot of treatment options, which has 

different short and long term risks and complications. These 

make difficult to choice the treatment for the individual. The 

patient dilemma has gained increased awareness among 

urologist. There is an obvious need for decision-making tools 

that individual patients and physicians can apply to the specific 
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parameters of disease to reach an informed decision[4]. There 

is a need for biopsy and definitive diagnosis besides transrectal 

ultrasonography and rectal examination for diagnosis of 

prostate cancer. Despite the need for biopsy for conclusive 

diagnosis, patients with low cancer risk avoid this process due 

to possible complications that may arise, the risk of biopsy are 

rectal mucosa being damaged, Hematuria and its high 

costs[14, 18, 19].Because there is need to Medical diagnostic 

systems to help doctors and patients. 

 The conventional approach to build medical diagnostic system 

requires the formulation of rules by which the input data can 

be analyzed. But the formulation of such rules is very difficult 

with large sets of input data. Realizing the difficulty, a number 

of quantitative mathematical and statistical models including 

pattern classification technique such as artificial neural 

networks (ANN), rolled based system, discriminant analysis 

and regression analysis has been applied as an alternative to 

conventional clinical and medical diagnostic. Among the 

mathematical and statistical modeling techniques used in 

medical decision support, artificial intelligence (AI) and 

artificial neural networks attract many attentions in recent 

studies and in the last decade, the use of neural networks has 

become widely accepted in medical applications. This is 

manifested by an increasing number of medical devices 

currently available on the market with embedded AI 

algorithms, together with an accelerating pace of publication in 

medical journals, with over 500 academic publications year 

featuring Artificial Neural Networks (ANNs). Neural networks 

are being used in medical diagnostic support systems to assist 

human decision-makers in disease diagnosis. ANN can be 

trained without encapsulating the knowledge derived from 

these rules. Hence ANN has been found to be more helpful 

than traditional medical expert system in the diagnosis of 

diseases [15, 20-26]. 

ANN is better for prediction of patients’ prostate biopsy 

results than traditional statistics and assess large numbers of 

variables ranging from non-linear relationships to logical 

regression[14]. The purpose of this study is to develop a model 

that can detect and diagnosis whether patients have prostate 

cancer or benign prostate hyperplasia on the basis of data 

about their tPSA, fPSA, ratio (fPSA/tPSA) and age prior to 

prostate biopsy. In this study, we designed a medical decision 

support system in order to avoid unnecessary biopsy and 

reduce diagnostic costs. 

II.  MATERIALS AND METHODS 

Data  

The data from 300 men were collected at the Urology 

Department of Imam Khomeini Hospital, Tehran, Iran since 

January 2008 to March 2011. The distribution of the patients 

into pathology classes was prostate Adenocarcinoma (100), 

chronic prostatism or benign prostatic hyperplasia (200). 

The data set is a two-class problem either positive or negative 

for prostate cancer disease. Laboratory data belonging to 181 

cancerous patients and other 179 patient were diagnostic to the 

BPH, their diseases found by biopsy performed in different 

urology clinic between years of 2008 and 2011 and the results 

of the definitive diagnosis after biopsy indicating whether they 

had cancer or not were used in the study. The Data including 

laboratory data like PSA, freePSA, result of disease and 

demographic data like Age. Thereafter, the ratio (fPSA/tPSA) 

calculated and database was formed. The above dataset 181 

patients are having prostate cancer, which can be interpreted as 

“1” and the remaining patients are not having prostate cancer 

and can be interpreted as “0”. MATLAB Neural Network 

Toolbox software version 2012 was used in order to devise an 

ANN and conduct analyses. The descriptive statistics of 

preoperative parameters are given in Table 1: 
TABLE 1 PRO DISEASE DATABASE DESCRIPTION OF ATTRIBUTES

* 

 

NUM ATTRIBUTE 

DESCRIPTION 

VALUES OF  

ATTRIBUTE 

MEAN Standard 

DEVIATION 

1 AGE 45-91 69 9.89 

2 TOTAL PSA 0.1-100 13 17.15 

3 FREE PSA 0.07-49.9 2.84 4.74 

4 RATIO 0.018-2.9 0.2549 0.2 

* N = 360 OBSERVATIONS INCLUDING 181 MALIGNANT AND 179 BENIGN. 

 

In order to observe the distribution Prostate neoplasia data set 

including prostate cancer and benign hyperplasia of prostate, 

the data has presented in two figures. Figure 1 presents the 

distribution of raw cancer and benign hyperplasia of prostate 

dataset according to the first three features (Age, PSA, and 

freePSA attributes). 

 
Fig1. Distribution of row prostate neoplasia dataset including prostate 

cancer ‘.’ And benign hyperplasia of prostate ’+’, according to three 

feature 

In addition figure 2 presents raw cancer and benign 

hyperplasia of prostate dataset according to main feature to 

detection of cancerous and benign prostate organ. It can from 

conclude figure 2 that there is much overlapping between 

benign and cancerous patient. 
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Fig2. Distribution of row prostate neoplasia dataset including prostate 

cancer ‘.’And benign hyperplasia of prostate ’+’, and overlapping 

between two class according to two feature. 
 

From 360 cases, 80% were randomly selected as training 

group and remaining 20% as validation group. Cases of 

training group (n=228) were used in development of the neural 

network model. The validation group (n=72) was used to test 

the performance of these models. 

Many applications tried to help human experts, offering a 

solution. Artificial neural networks (ANNs) have been used in 

a great number of medical diagnostic decision support system 

applications because of the belief that they have greater 

predictive power. ANNs are computational architectures 

composed of interconnected units (neurons). Its name reflects 

its initial inspiration from biological neural systems, though 

the functioning of today’s ANNs may be quite different from 

that of the biological ones. Sometimes the term neural network 

also refers to the corresponding mathematical model, but 

properly speaking a network is architecture. In modern 

medicine, artificial intelligence has been used for diagnosis, 

treatment selection, and prediction of outcome in many clinical 

scenarios[27, 28]. The ability to exploit nonlinear relationships 

between variables makes ANN suitable particularly for 

analysis of complex cancer data and for prediction of treatment 

outcome. It has been demonstrated that neural networks can 

predict survival in patients with breast, lung, prostate, and 

colorectal cancer [29-32]. There are many types of neural 

networks; the back propagation neural network (BPNN) is one 

of the most popular algorithms used for prediction. Back 

propagation training technique uses a gradient-descent 

approach for adjusting the weights of ANN. A multi-layer 

feed-forward neural network typically has an input layer, an 

output layer and one or more hidden layers. Feed-forward back 

propagation neural network is used as a classifier to 

distinguish between infected (cancerous tissue) and no infected 

(noncancerous tissue) person in both cases. In multilayer feed-

forward networks, neurons are arranged in layers and there is a 

connection among the neuron of other layers. The feature as 

inputs are applied to the input layer and the output layer 

contributes to the output directly. Other layers between input 

and output layers are called hidden layers. Inputs are 

propagated in gradually, modified form in the forward 

direction, finally reaching the output layer[33, 34]. As 

algorithm's name implies, errors (and therefore learning) 

propagate backwards from output nodes to the inner nodes. So 

technically speaking, back-propagation is used to calculate 

error’s gradient of network with respect to network's 

modifiable weights. Then, this gradient is almost always used 

in a simple stochastic gradient descent algorithm to find 

weights that minimizing the error. Often the term "back-

propagation" is used in a more general sense, to refer to entire 

procedure encompassing both the calculation of the gradient 

and its use in stochastic gradient descent[35]. There are many 

algorithm based Backpropagation concept that have different 

convergence speed and is very difficult to know which training 

algorithm will be the fastest for a given problem[36]. In this 

study, back-propagation based multi-layer perceptron (MLP) 

network was used. Bayesian regulation back propagation 

algorithm was tested. 

A.  Bayesian regulation back propagation (BRBNN)  

Bayesian regulation back propagations are composed of 

interconnecting artificial neurons (programming constructs that 

mimic the properties of biological neurons).Artificial bayesian 

regulation back propagations may either be used to gain an 

understanding of biological bayesian regulation back 

propagations, or for solving artificial intelligence problems 

without necessarily creating a model of a real biological 

system. The real, biological nervous system is highly complex: 

artificial bayesian regulation back propagation algorithms 

attempt to abstract this complexity and focus on what may 

hypothetically matter most from an information processing 

point of view. The original inspiration for the term Artificial 

Bayesian regulation back propagation came from examination 

of central nervous systems. In an artificial bayesian regulation 

back propagation, simple artificial nodes, variously called 

"neurons", "neurodes", "processing elements" (PEs)  or 

"units", are connected together to form a network of nodes 

mimicking the biological bayesian regulation 

backpropagations hence the term "artificial Bayesian 

regulation back propagation". A Bayesian regulation back 

propagation (NN) is a computer software (and possibly 

hardware) that simulates a simple model of neural cells in 

animals and humans. The purpose of this simulation is to 

acquire the intelligent features of these cells. In this document, 

when terms like neuron, bayesian regulation back propagation, 

learning, or experience are mentioned, it should be understood 

that we are using them only in the context of a NN as computer 

system[37].  

We used standard ANN package contained in the MATLAB 

2012 Version 7.14 software for implementing Scaled 

conjugate gradient Back propagation Algorithms. The key 

design decisions for neural networks used in classification are 

architecture and training process[38]. Research has shown that 

the most important factor in MLP structure is the choice of 

hidden neurons number. In present study, after several trials it 

was seen that a single hidden layered network achieved the 

task in high accuracy. Different transfer functions (Purelin, 

Tansig, Logsig, etc.) were used and tried in the neurons in 
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hidden and output layers and hyperbolic tangent sigmoid 

(Tansig) was selected as transfer function for hidden layer and 

output layers, that selection was yielded the best result. 

Research has shown that another parameter in success of 

neural network is number of nudes in hidden layers. It will 

significantly influence network’s ability to generalize from the 

training data to unknown examples but there are no general 

rule for selection of appropriate number of hidden layers 

units[39-44]. The network with small number of neurons in 

hidden layers may not be sufficiently powerful to model a 

complex function. On the other hand, a neural network with 

too many neurons may lead to overfitting the training sets and 

lose its ability to generalize which is main desired 

characteristic of a neural network. The most popular approach 

to findings the optimal number of hidden layers is trial and 

error[39]. In this study the neural network was trained by 

changing the number of neurons among 1 and 100 in hidden 

layers for all algorithms in order to determine the artificial 

neural network algorithm that yielded the best result and 

optimum structure. 

In applications, the number of nodes in input layers and in 

output layers change according to the number of samples and 

class labels in used dataset, respectively. Figure 2 shows the 

structure of ANN with Scaled conjugate gradient.  

 
Fig2: The structure of ANN with Scaled conjugate gradient. 

B.  Result 

In this section, the performance measure criteria to test the 

performance of proposed method have been given. Later, the 

subsection of results and discussion are explained. 

 After designing the ANN structure, diagnosis is an essential 

step in medical care. Usually this involves ‘diagnostic tests’ of 

some description. A health check is also a group of diagnostic 

tests. Decisions about medical treatment are made on the basis 

of test results. These tests are sensitivity, specificity, positive 

and negative predictive values[45]. In this research we use 

Confusion matrix and ROC analyses in order to calculate the 

success rate of DSS that was carried out. 

C.  Performance measurement criteria 

In order to test the performance of proposed method, the 

classification accuracy and sensitivity specificity values were 

used on the predicting of prostate neoplasia of Urology 

department of Imam Khomeini hospital in Tehran, Iran. These 

measures were shortly explained on a confusion matrix. After 

constructing our model and testing it using 300–60 train–test 

samples, we build the confusion matrix for the dataset. 

Confusion matrix is shown in Table 2 (actual vs. predicted) 

and other parameters which are computed using confusion 

matrix are shown with the following equations. The entries in 

the confusion matrix have the following meaning in the context 

of our study: 
TABLE 2 REPRESENTATION OF CONFUSION MATRIX 

 
      Actual 

      Predictive 

Positive Negative 

Positive  TP = 29 FP =3 

Negative FN = 2 TN =26 

 

When the diagnostic test conducted on all of data, the 

following results are obtained: For sensitivity and specificity 

analysis, we use the following expressions. 

Sensitivity is the ability to distinguish the patient with Prostate 

Cancer from the true Cap's cases.                                                        

                 (1) 

From Eq. (1), sensitivity was found to be: 90.62% 

Specificity is the ability to distinguish the patient with BPH 

from the true BPH cases.                                                 

              (2) 

From Eq. (2), specificity was found to be: 92.85 
Classification accuracy: accuracy is the likelihood of correctly 

predicted total number of modules and it is computed using Eq. 

(3) :  

              (3) 

From Eq. (3), accuracy was found to be: 91.67 

III.  CONCLUSION AND DISCUSSION 

We have presented a medical decision-support system with 

purpose of aiding medical specialist in their classification and 

diagnosis of prostate neoplasia disorders. The decision support 

system contains a classification system, and this system can 

help doctors in making accurate decision about prostate cancer 

and benign hyperplasia of prostate. By using such system, 

doctors can remove unnecessary biopsy and reduces cost. In 

addition this system can speed up diagnostic time.  

REFERENCES 

1. Weiner MG, Pifer, E. Computerized decision support and the quality of 

care. . Managed Care Magazine. 2000;9(5):302–8. 

2. Hunt DL, Haynes, R. B., Hanna, S. et al. ffects of computer based clinical 

decision systems on physician performance and patient outcomes. Journal of 

American Medical Association. 1998;280:1339–45. 

3. Bremer J, Beresin, E. V. Computer in psychiatry today. Academic 

Psychiatry. 2000;24(3):168–72. 

4. Anagnostou T, Remzi, M., Lykourinas, M. Artificial Neural Networks for 

decision-making in urologic oncology. European Urology. 2003;43:596–603. 

5. Borque AS, G.Allepuz, C.Plaza, L. Gil, P.Rioja, LA. The use of neural 

networks and logistic regression analysis for predicting pathological stage in 

men undergoing radical prostatectomy: a population based study. The Journal 

of urology. 2001;166(5):1672-8. 

6. Botoca C, Bardan R, Botoca M, Alexa F. Prostate cancer prognosis 

evaluation assisted by neural networks. WSEAS Transactions on Computers. 

2010;9(2):164-73. 

7. Hayward S, Cunha, G. The prostate: development and physiology. Radiol 

Clin North Am. 2000;38(1):1-15. 

8. Landis SH, Murray, T., Bolden, S., et al. Cancer statistics. CA Cancer J 

Clin. 1999;49: 8-31. 



A Computer-Aided Detection System           5 

9. UK CR. 2004, Accessed July 2005; Available from: 

<http://www.cancerresearchuk.org/aboutcancer/statistics/cancer-statsreport/>. 

10. Research CC.  2005; Available from: 

<http://www.kwfkankerbestrijding.nl/research/researchSummary.jsp?projectI

d=00003141>. 

11. GLOBOCAN.  2002, 2005; Available from: <http://www.dep.iarc.fr/>. 

12. Han M, Gann, P.H., Catalona, W.J. Prostate-specific antigen and 

screening for prostate cancer. Medical Clinical journal of North Amirican. 

2004;88:245-65. 

13. Partin AW, Kattan, M., Subong, E.N.P., et al. Combination of prostate 

specific antigen, clinical stage and gleason score to predict pathological stage 

of localized prostate cancer. JAMA 1997;277:1445–51. 

14. Saritas IO, Ilker Ali Sert, Ibrahim Unal. Prognosis of prostate cancer by 

artificial neural networks. Expert Systems with Applications. 

2010;37(9):6646-50. 

15. Yanong Zhu SW, Reyer Zwiggelaar. Computer technology in detection 

and staging of prostate carcinoma: A review. Medical Image Analysis 

2006;10:178–99. 

16. Nguyen HP, & Kreinovich, V. . Fuzzy logic and its applications in 

medicine. International Journal of Medical Informatics,. 2001;62:165–73. 

17. Seker H, Odetayo, M., Petrovic, D., & Naguib, R. N. G. A fuzzy logic 

based method for prognostic decision making in breast and prostate cancers. 

IEEE Transactions on Information Technology in Biomedicine. 2003;7(114-

122). 

18. Emil AT, J.M.A. Jack, W. Smith's general urology. NewYork: The 

McGraw-Hill Companies Inc; 2008. 

19. Remzi MA, T. Ravery, V. Zlotta, A. Stephan, C.Marberger, M.Djavan, 

B. An artificial neural network to predict the outcome of repeat prostate 

biopsies. Urology. 2003;62(3):456-60. 

20. R. Dybowdski VG. Artificial neural network in pathology and medical 

laboratories. Lancet 346. 1995:1203–7. 

21. H.P Selker JLG, S. Patil, et al. A comparison of performance 

ofmathematical predictive methods for medical diagnosis: identifying acute 

cardiac ischemia among emergency department patients. Invest in Med. 

1995;43(5):468–76. 

22. Bishop. CM. Neural Networks for Pattern Recognition. New York 

2004. 

23. Kordylewski H, Graupe, D., & Liu, K. . A novel large-memory neural 

network as an aid in medical diagnosis applications. IEEE Transactions on 

Information Technology in Biomedicine,. 2001;5(3):202-9. 

24. Kwak N, Choi, C.-H. Input feature selection for classification problems. 

IEEE Transactions on Neural Networks. 2002;13(1):143-59. 

25. Suhasini.A PS, Ramalingam.V. Multimodel decision support system 

for psychiatry problem. Expert Systems with Applications. 2011;38:4990–7. 

26. Gant V, Rodway, S.,  Wyatt, J. . Artificial neural networks: Practical 

considerations for clinical applications. .329–56. 

27. . Kakar M NH, Aarup LR, et al. Respiratory motion prediction by using 

the adaptive neuro fuzzy inference system. physics Medical biology. 

2005;59:4721–8. 

28. Ramesh A KC, Monson J, et al. Artificial intelligence in medicine. Ann 

R Coll Surg Engl. 2004;86:334–8. 

29. FE. A. Artificial neural networks for diagnosis and survival prediction 

in colon cancer. Mol Cancer. 2005;4(29). 

30. De Laurentiis M RP. Survival analysis of censored data: Neural 

network analysis detection of complex interactions between variables. Breast 

Cancer Res Treat. 1994;32:113-8. 

31. Gulliford SL WS, Rowbottom CG, et al. Use of artificial neural 

networks to predict biological outcomes for patients receiving radical 

radiotherapy of the prostate. Radiother Oncol. 2004;71:3-12. 

32. Jones AS TA, Helliwell TR, et al. An artificial neural network improves 

prediction of observed survival in patients with laryngeal squamous 

carcinoma. Eur Arch Otorhinolaryngol. 2006;263:541-7. 

33. Das R. A comparison of multiple classification methods for diagnosis 

of Parkinson disease. Expert Systems with Applications 2010;37:1568–72. 

34. Das R, Turkoglu, I., Sengur, A. Diagnosis of valvular heart disease 

through neural networks ensembles. Computer Methods and Programs in 

Biomedicine. 2009;93(2):185-91. 

35. Chaudhari MJC. DESIGN OF ARTIFICIAL BACK PROPAGATION 

NEURAL NETWORK  FOR DRUG PATTERN RECOGNITION  

International Journal on Computer Science and Engineering (IJCSE). 2010. 

36. MathWoks I, Matlab. Neural Networks Toolbox, V.7.14.0.739. MATH; 

2012. 

37. Kaur M, Gobindarh R-IM, Garg S. Using Bayesian regulation back 

propagation algorithm for Software effort estimation and comparing with 

COCOMO. 

38. Derya U beyli E. Implementing automated diagnostic systems for breast 

cancer detection. Expert Systems with Applications. 2007;33:1054–62. 

39. Inan Guler EDU. Feature saliency using signal-to-noise ratios in 

automated diagnostic systems developed for ECG beats. Expert Systems with 

Applications. 2005;28:295–304. 

40. Murat Çınar ME, Erkan Zeki Engin,et al. Early prostate cancer 

diagnosis by using artificial neural networks and support vector machines. 

Expert Systems with Applications. 2009;36:6357–61. 

41. Fausett L, 1994. Fundamentals of Neural Networks: Architectures, 

Algorithms, and Applications. Prentice-Hall, Inc., Upper Saddle River, NJ, 

USA. 

42. Hagan MT, Demuth, H. B., & Beale, M. (1996). Neural network 

design. Boston, USA: PWS Pub Co. 

43. Haykin S. Neural networks: a comprehensive foundation: Prentice Hall 

PTR Upper Saddle River, NJ, USA; 1994. 

44. Kavzoglu T. An investigation of the design and use of feedforward 

artificial neural networks in the classification of remotely sensed images: 

Nottingham; 2001. 

45. Keles. Ali KA, Yavuz. Ugur. Expert system based on neuro-fuzzy rules 

for diagnosis breast cancer. Expert Systems with Applications. 2011:5719–

26. 

 

 

http://www.cancerresearchuk.org/aboutcancer/statistics/cancer-
http://www.kwfkankerbestrijding.nl/research/researchSummary.jsp?projectId=00003141%3e
http://www.kwfkankerbestrijding.nl/research/researchSummary.jsp?projectId=00003141%3e
http://www.dep.iarc.fr/%3e

