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Abstract: This machine learning study aims to identify - prior to treatment - the patients who are not likely to respond to 

drug therapy - with α-blockers - of Benign Prostatic Hyperplasia (BPH). Medical records of 310 BPH patients are used. 

The data set is divided into two classes, namely positive and negative-response groups, with respect to the change in the 

patient’s International Prostate Symptom Score (IPSS) after drug therapy. Age, IPSS, Prostate Volume, Post Void Residual 

Urine (PVR), Prostate Specific Antigen (PSA), free-PSA, and Creatinine are examined as baseline clinical factors, along 

with our novel synthetic features in order to propose a decision tree to classify a new patient. Our learning scheme, which 

uses synthetic variable generation and selection routines along with the C4.5 Decision Tree Algorithm correctly classifies 

71.5% of patients, with sensitivity 71.3%, and specificity 71.6%. Synthetic variables do enhance its performance. Our 

prototypical classifier’s success rate reveals that failure is predictable prior to medical treatment of BPH.   

Keywords: Machine Learning, Benign Prostatic Hyperplasia, alpha-Blockers, Medical Treatment Decision, Decision 

Trees, Synthetic Variables. 

 

1. Introduction 
 

BPH is defined as the non-cancerous enlargement of the prostate gland. It is the most frequent urological problem among 

men, which primarily results in lower urinary tract symptoms (LUTS). The prevalence of BPH among men over 60 is over 

50%. LUTS are not classified as a disease; rather, they are characterized as bothersome voiding. The tolerance limit to these 

symptoms differs from one individual to another and from one community to another [2].  

 

BPH has a significantly worsening effect on a patient’s quality of life. If left untreated, BPH and associated LUTS may 

progress toward bladder infections, bladder calculi, and more serious complications such as acute urinary retention (AUR), 

which usually necessitates invasive treatment. 93% of urologists believe that BPH is a progressive disease [6].  

 

The treatment choice of BPH would vary from patient to patient. The patient has to consider the severity of his symptoms 

and be aware of the possible benefits and risks of each treatment option.  The urologist is responsible for guiding the patient 

to choose the most beneficial treatment. A survey conducted among practicing urologists revealed different preferences for 

the treatment of BPH [8]. Almost all urologists use Digital Rectal Examination (DRE) and PSA tests to diagnose BPH as 

recommended in the guidelines while preferences vary for optional tests. Beside emerging technologies in the treatment of 

BPH, there is an increasing tendency to use drugs. There are many articles in the literature comparing the efficacy of two 

classes of drugs, α-adrenergic blockers (a.k.a. α-blockers) and 5-α reductase inhibitors, while some researchers focus on the 

effect of combination drug therapy [9]. On the other hand, few studies examine the efficacy of every single drug for 

different categories of patients segmented according to baseline clinical factors. In one of the studies in identifying factors 

that predict the outcome of medical therapy, IPSS and prostate volume are reported to be useful predictors of medical 

treatment response [1]. Another study reveals that among men with large prostate, employing Finasteride is the most 
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effective medical treatment [10]. Our aim is to identify the baseline factors for predicting the medical treatment failure of 

BPH and propose an easily interpretable decision tree to help urologists predict whether a patient will respond to α-blocking 

therapy, or not. This way, correctly classified negative-response group patients would be saved from facing the unnecessary 

trouble of treatment with α-blockers, by proceeding directly with surgical treatment, or choosing another medical treatment 

option.  

 

2. Set Up 
 

Medical records of 310 patients who visited Istanbul Haydarpaşa Numune Training and Research  Hospital’s Urology 

Clinic between 1999 and 2006 and were diagnosed with BPH were used in this study.  

 

2.1. Data Set 
 

BPH patients with LUTS, over 50 years of age, and who received at least two months of medical treatment with α-blockers 

were eligible for our study. It is widely accepted that two months are enough to determine whether a patient responds to this 

kind of treatment, or not. Exclusion criteria from the study were previous prostate surgery, history of AUR, prostate 

malignancy, urinary bladder malignancy, neurogenic bladder, PSA > 10ng/ml, patients with significant hepatitic, renal or 

cardiovascular dysfunction [1]. 

 

310 patients were appropriate for these criteria. IPSS, Prostate Volume, Post Void Residual Urine (PVR), PSA, f-PSA, and 

Creatinine data were evaluated. Prostate Volume and PVR were measured with a transrectal USG. Standard ellipsoid form 

[11] was used for the measurement of Prostate Volume (width x length x height x 0.5236), and chemo-luminescence, for 

PSA measurement [12]. 

 

All patients were prescribed with an α-blocker. The dosage of the α -blocker was Doxazosin (4 mg), Terazosin (5 mg), 

Tamsulosin (0.4 mg) and Alfuzosin (10 mg), once daily. IPSS was re-measured after 2 months of medical treatment. We 

define medical treatment failure (or negative response) as the less than 30% decrease in IPSS at the end of two months. We 

ended up with a set of 310 instances satisfying the above criteria. 167 of them were tagged as “positive-response”, while 

143 as “negative-response”. The negative-response rate was 46.1%. Related studies have a smaller failure rate, such as 

22.9% [1]. We believe that medical treatment failure rate of the patients who come to Haydarpaşa Numune Training and 

Research Hospital is above average due to the fact that it is a well-known state tertiary referral center in Istanbul, whose 

population is 12 million.  Furthermore, Istanbul is easy to access from other cities of the enclosing Marmara Region. 

 

2.2. Features 
 

We included in our analysis the factors, or features, that predict the progression of BPH. Even though there is no consensus, 

The American Urological Association (AUA) Symptom Index, a.k.a. IPSS [4], Serum Creatinine [2], PVR [22], PSA [13], 

Urinary Flow Rate [9] (Qmax and Qmin) are considered to be among strong predictors. In light of these, all the features 

relevant to the progression of BPH are considered as relevant for the prediction of medical treatment failure and are 

included in this study. However, we had to exclude Qmax and Qmin values since urinary flow rate data are missing for most 

of our patients.  Being a state hospital accommodating middle and lower-income-level people with or without health 

insurance, Haydarpaşa urologists do not prescribe the Urinary Flow Rate measurement, which is an optional test. 

 

3. Method 
 

Machine Learning is the process of discovering patterns in data. Useful patterns allow us to make nontrivial predictions on 

new instances of data. In our specific case, we try to discover rules that would classify patients who would benefit from 

medical treatment of BPH, prior to medical treatment (with α -blockers.) 

 

3.1. The C4.5 Decision Tree Algorithm 
 

Decision trees have been popular in machine learning applications due to their simplicity, short decision evaluation time, 

and high interpretability. We employed the C4.5 Decision Tree Induction Algorithm [14], which is a successor to ID3, 

another well-known algorithm in the same field. Note that C4.5 can handle numerical attributes as well as discrete valued 

ones, whereas all attributes have to be discretized prior to training with ID3.   



 

3.2. Performance Metrics 
 

The usual confusion matrix is a 2x2 matrix consisting of the numbers of testing data instances classified by the classifier as 

either true positive (TP), or false negative (FN), or false positive (FP), or true negative (TN). The overall classification 

success rate is simply given by 
FNFPTNTP

TNTP

+++

+  . Other well-established performance metrics are sensitivity, 
FNTP

TP

+

, 

and specificity, 
FPTN

TN

+

. Obviously, the classifier’s performance has to be measured on test data independent from the 

data with which the classifier is trained.  

 

General practice is to reserve 1/3 of the original data as test data and the remainder as training data. However, it is not very 

efficient to use only 2/3 of the data in the training phase. Therefore, we employ the Leave-One-Out Validation Method, 

which is simply an n-fold cross-validation method, where n is the number of instances in the original data set [15]. This 

way, (n-1) data instances are used for training and only one is left out for testing. Of course, this procedure is repeated n 

times, until each data instance gets tested exactly once using the classification method at hand. Note that the Leave-One-

Out Method validates a given classification method and not a given classifier produced by this method since there are 

always n (possibly distinct) classifiers produced in this validation method. However, since validating the classification 

method using testing data independent from the training data is enough for all practical purposes, we believe that this 

validation method is the most efficient one.  

 

4. The Machine Learning Process 
 

4.1. Motivation 
 

While the general practice is to evaluate the overall symptom score, IPSS, where IPSS = I + F + H + U + A + S + N (See 

Table 1 for the definitions of these seven IPSS subscores), a BPH study conducted among Japanese men reports that the 

“Nocturia [sub]score of IPSS behaves differently in the symptom complex.” [16] This study, along with our initial findings 

listed in Table 1, encouraged us to handle the components of IPSS separately. 

 

In order to put together Table 1, we performed an independent two-sample t-test and generated a confidence interval for all 

of the features included in this study. (Only 202 data instances were used in this step since these 202 instances did not have 

any missing data fields in them.)  Notice that even though the means of IPSS for the two groups are significantly different, 

there is enough reason to suspect that adding the seven subscores to form the overall IPSS would result in a loss of useful 

information.  This is because only three subscores pass the significance test. Note that up till here, what we have done is to 

discuss what motivated us to do research in this direction. In other words, the training stage of machine learning has not 

started as of now. Since training has not started yet, we need not to worry about separating testing data from training data. 

 

4.2. Synthetic Feature Generation & Selection Among Many 
 

Note that we use the Leave-One-Out Validation Scheme to validate the synthetic feature generation and selection step and 

at every step after this one. Since training starts at this point in the game, we are fine. That is, since we do not use the 

results from Table 1 in this step or in any one of the remainder of the training process, our testing instances are independent 

from our training instances. 

 

Feature generation and selection is a very important step of the representation problem in machine learning. This is because 

useless attributes deteriorate the performance of learning schemes. For example, adding a perfectly arbitrary binary attribute 

(by tossing an unbiased coin) to a standard data set deteriorates the performance of C4.5 by 5 to 10% [15]. This seems 

meaningless at the first glance since at each step, C4.5 chooses the “best” attribute to split with respect to minimizing 

“entropy” and thus maximizing information value. However, when proceeding down the tree, as less data are available to 

choose the best attribute, an irrelevant attribute may accidentally seem the best to split the tree further.  

 

Synthetic feature generation explicitly reveals feature dependencies that may not have been recognized by the learning 

scheme using existing features [17]. We employed a genetic-algorithm-like method to generate synthetic features [17] using 

only the discrete valued variables, namely, the IPSS subscores and QoL. We represented each IPSS subscore and QoL as a  



Table 1 

Comparison of the Baseline Clinical Factors for Positive & Negative Response Groups 

µ = sample mean, σ = sample standard deviation, CI = Confidence Interval 

All Patients Positive Negative   

Factors µ σ µ σ µ σ p-value 95% CI 

IPSS Subscores          

I ncomplete    

  emptying 2.8 1.8 2.7 1.8 2.9 1.8 0.350 -0.262 0.738 

F requency 3.0 1.6 2.9 1.7 3.2 1.4 0.177 -0.135 0.729 

H esitancy 2.3 1.7 2.2 1.7 2.5 1.7 0.180 -0.148 0.781 

U rgency 0.7 1.1 0.4 0.8 1.1 1.3 0.000 0.380 0.986 

A weak Stream 3.2 1.6 3.0 1.7 3.4 1.4 0.082 -0.050 0.822 

S training to initiate     

   urination 2.5 1.6 2.1 1.5 2.9 1.6 0.000 0.432 1.310 

N octuria 3.2 1.2 3.0 1.2 3.4 1.3 0.017 0.074 0.758 

          

IPSS 17.8 6.1 16.2 6.2 19.4 5.6 0.000 1.571 4.844 

Quality of Life (QoL) 3.7 1.0 3.4 1.0 4.0 0.9 0.000 0.330 0.838 

Creatinine 1.0 0.3 1.0 0.2 1.0 0.3 0.131 -0.124 0.016 

PSA 3.4 3.0 3.2 2.6 3.7 3.3 0.184 -0.265 1.373 

f-PSA 0.8 0.8 0.7 0.6 0.9 0.9 0.175 -0.064 0.350 

Prostate Volume 57.5 41.7 51.8 24.5 63.3 53.2 0.051 -0.035 23.025 

PVR 76.9 67.1 62.0 53.8 91.8 75.6 0.002 11.549 47.996 

Age 65.0 7.6 64.6 7.8 65.4 7.5 0.435 -1.280  2.963 

  

“gene” and applied the (+) and the (^2 + ^2) operators to (some, but not all of the) “gene combinations” having at most four 

genes. The motivation behind this choice of operators is as follows: The sum of IPSS subscores of 3 + 3 + 3 for a positive-

response patient would be considered identical to that of a patient belonging to the negative-response group with subscore 

values 1 + 3 + 5. However, the (^2 + ^2) operator identifies the distinctness of the two patterns observed with (9 + 9 + 9) 

and (1 + 9 + 25). In this study, we have not done anything near an exhaustive search of operators, or of the optimal number 

of operands, because of the obvious computational burden. That is why we call this study “a machine learning prototype”. 

Therefore, the next step in our line of research will be to make use of the high performance computing facility at the 

Informatics Institute of Istanbul Technical University for synthetic feature generation (and selection) by searching over a 

larger space of operators and operands. 

 

At the end of synthetic feature generation, we employed a “wrapper approach” to select the relevant features, starting with 

all the features - the original fifteen along with all the synthetic ones. The wrapper approach often outperforms the “filter 

approach”, because only the former optimizes feature selection for the particular learning algorithm at hand [18].  

 

Table 2 shows the results when we did a greedy reduction in the number of features included in the tree, initially containing 

all the features. In every iteration, a randomly selected feature that was close to the lowest level of the tree was put aside, 

and the tree was created from scratch. If and only if the new tree had a higher success value, the aforementioned feature was 

removed from the model forever. As seen in the bottom row of Table 3, we acquired the highest performance using only the 

following three features, (S + U + A + N), (S
2
 + U

2
 + (QoL)

2
), and PVR. We call this set of features the “Relevant Feature 

Set”. Up till here, we have been using 202 instances, none of which had any missing data fields. As we have just decided 

that the four IPSS components, S, U, N, and A, along with QoL, are among the most relevant discrete valued fields, we also 

excluded fro the study the 12 instances, out of the initial 310, because they had missing values for at least one of these five 

fields. Furthermore, we removed the features Age, I, F, H, PSA, f-PSA, and IPSS from the model. At this point, we filled in 

missing values for the fields of PVR, Volume, and Creatinine using Amelia, a software package that uses the Expectation 

Maximization Importance Sampling (EMis) algorithm [19, 20], ending up with 298 instances, 96 of whose one or more 

missing data fields have been imputed. 

 



Table 2   

The performance of the classifier with various feature sets 

Number of Candidate Features Performance (%)* 

39 57.4 

29 61.4 

19 63.3 

9 65.9 

3 70.8 

* measured as percentage of correctly classified instances out of 202. 

  

 

5. Results 
 

Using the new data set with n = 298 instances, the best performance out of C4.5 decision tree algorithm was acquired using 

only the Relevant Feature Set while restricting the minimum number of instances in a leaf to 5 and allowing pruning of the 

tree at the end. (See Table 3.)  WEKA-3-4 was used for all classification tasks [21]. The confusion matrix elements are: TP 

= 112, TN = 101, FP = 40, and FN = 45. As mentioned before, these are results from the Leave-One-Out Validation 

Method.  We noticed that adding features to the Relevant Feature Set deteriorates the performance, in accordance with our 

findings summarized in Table 3. The decision tree structure that we propose is shown in Figure 1. It can be employed as an 

easy-to-interpret guideline by urologists to determine if a BPH patient would benefit from medical treatment with α-

blockers, or not. Each path to the leaves is interpreted as a rule. For example, the rightmost path means: If (S)
2
 + (U)

2
 + 

(QoL)
2
 > 25 and PVR > 76, then the patient will not benefit from medical treatment, with a certain probability. This 

probability is not the success rate of the classifier because the success rate, 71.5%, is just a prior probability. The posterior 

probability that the patient will not benefit from medical treatment, given the classifier predicted a negative response, is 

FNTN

TN

+

, which equals 69%. On the other hand, following the leftmost path, If (S)
2
 + (U)

2
 + (QoL)

2 
≤  25 and (S + U + A 

+ N) ≤ 4, then the patient the patient will benefit from medical treatment, with a certain probability. In this case, the 

posterior probability that medical treatment would be beneficial is 73.7%.  Obviously, it is not preferred practice to give 

point estimates of probabilities as they exclude the effect of the size of the testing data set. Therefore, it is more appropriate 

to give a window for the future performance of the classifier. The upper and lower boundaries for the probability of a 

certain future performance are calculated by the equation in [15], 



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Note that f is our point estimate of the aforementioned probability, which is also the observed rate of the aforementioned 

performance, n is the number of instances in the testing data set, and z is the value satisfying the equation  

[ ] czXzyprobabilit =≤≤−  for a normally distributed random variable X, where c is the specified confidence level. This 

approach is based on the assumption that we have n independent and identically distributed Bernoulli experiments each of 

which having an observed success rate of f.  This is a sound assumption for our case.  Employing this equation, along with 

the Leave-One-Out validation scheme results (n = 298), we get the window of [67.6%, 75.1%] for success probability, 

which means that we can be 85% sure (z = 1.44) that our proposed decision tree will correctly classify a new patient with 

the success ratio falling into this interval.  

 

6. How to Assess Our Proposed Method 
 

We need a benchmark to measure our proposed method against. We decided not to use the success statistics related to 

medical treatment decisions that were previously made by urologists at Haydarpaşa, for two reasons: 

(a) There is no way to find out whether the patients who have undergone surgery would actually have benefited from  

      medical treatment with alpha-blockers. 

(b) There is a lot subjectivity involved in making this decision: Urologists at Haydarpaşa first use a combination of the      

      IPSS and the QoL index to choose between applying medical treatment with alpha-blockers and  

      proceeding with invasive surgery. These are subjective scores by construction. Second, they consult with the patient and  

      get the patient’s subjective assessment of the situation before finally making a decision. 

 



Table 3 

The performance of C4.5 with various feature sets and different minimum number of instances 

allowed in a leaf. The maximum element in each row is written in bold font. 

Minimum Number of Instances Allowed in a Leaf Included Features 

2 3 4 5 6 7 8 9 10 

Relevant Feature Set (RFS) 64.1 64.1 64.1 71.5 70.1 69.5 64.8 64.8 64.8 

RFS + Volume 60.8 60.8 60.8 60.8 61.1 61.4 62.4 62.4 61.4 

RFS + Volume + QoL 66.1 65.8 60.1 63.1 59.7 60.7 62.4 62.8 60.1 

RFS + Volume + QoL + Creatinine 64.8 64.1 58.7 57.1 54.7 56.0 57.7 57.7 55.7 

RFS (Without Pruning) 57.1 57.1 57.1 65.4 70.1 69.5 64.8 64.8 64.8 

 

 
 

 

Figure 1. Our proposed decision tree classifier 

 

 

Therefore, in order to make a fair comparison between the success of our proposed decision tree method and that of current 

practice at Haydarpaşa Numune Hospital, we compared our own method to two well-known Machine Learning methods, 

Fisher’s Linear Discriminant Analysis (LDA) and Logistic Regression (LR) [15] each of which uses, as input, only the 

IPSS and/or the QoL scores.  We chose these two variables since these are the only variables whose values have been 

clearly logged and used by the Haydarpaşa urologists when they make their decisions. In other words, patients’ subjective 

assessments of their own situation were not logged even though they were part of the decision making process.  

 

The machine learning results for LDA and LR came out to be almost identical. Using the Leave-One-Out validation 

method, we found the following success ratios from LDA. QoL alone: 63.2%, IPSS and QoL together: 62.4%, IPSS alone: 

61.7%. Since these results come from the Leave-One-Out validation scheme (n = 298), we get the window of [59.1%, 

67.1%], which means that we can be 85% sure (z = 1.44) that QoL alone, when used with LDA, will correctly classify a 

new patient with the success ratio falling into this interval.  It also means that at the confidence level of 85%, our proposed 

method is superior to the benchmark since the lower end of the window of success rate of our decision tree is above the 

higher end of that of the benchmark. 

 

 

 

 

 

 



7. Conclusions 
         

Synthetic variables do enhance the performance of our classifier in this problem. Our decision tree, which uses PVR along 

with synthetic variables that were created using the Quality of Life index along with the subscores that comprise the IPSS, 

is statistically superior, at the 85% confidence level, in predicting the failure to respond to the medical treatment of BPH 

with α-blockers than when one uses either the IPSS, or the Quality of Life index, or both in well-known machine learning 

techniques such as Discriminant Analysis and Logistic Regression. This comparison is meaningful because urologists 

generally use IPSS and/or the Quality of Life index in making such decisions. Further research needs to be done in order to 

enhance the performance of the classifier that we propose here. That means, more efficient algorithms for generating and 

selecting synthetic variables will need to be utilized. This research may end up needing a high performance computing 

platform due to the computational complexity of the search for useful synthetic variables. Finally, the performance of our 

prototypical classifier indicates that failure to respond to medical treatment of BPH using α-blockers is predictable, to a 

certain degree, for new patients, prior to treatment.     
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