
1 
 

Original Research Article  
A Machine Learning Algorithm  

Based on Inverse Problems  
for Software Requirements Selection 

 

Software requirements selection is one of the main software engineering processes ​which have to be               
taken into account by software companies to determine what will be included in the next release of a                  
product in such a way that the highest possible number of stakeholders get satisfied while the cost is kept                   
at a minimum for the company. Minimizing the total cost of adding a new feature in the next release of a                     
package and maximizing overall customer satisfaction are contradictory objectives. In this paper, first, an              
adaptive multi-objective prioritization model is discussed. Then we describe how discrete inverse            
problems ideas can in fact be formulated to obtain an “Added Degree of Importance” (ADI) function of                 
client requirements which could be used to classify and prioritize the software requirements for next               
release. The numerical implementation of the proposed model with a case study on software              
requirements selection shows the effectiveness of the multi-objective inverse model (IM) approach. The             
results of the implemented model have been compared with some of the recent relevant models. Main                
future of the model is that it has been designed by the assignment of a real score for each of the                     
requirements unlike just classification provided in the literature. 

Keywords: Software requirements prioritization; multi-objective evolutionary algorithm; next release 
problem; inverse problems; machine learning 

1. INTRODUCTION 

Software has become ubiquitous in present society and thus it has become important to avoid and detect 
any development disruptions. New software product development is commonly risky, judging by the 
number of high-profile failures that continue to occur-especially in software engineering. We can trace 
many of these failures back to requirements-related issues. Software requirements selection is a very 
challenging topic in software engineering and has been the subject of active research for many years. We 
can observe exponential growth of complexity in software systems in the last decade. Moreover software 
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products have to be developed on time and on schedule. Thus, one of the first issues which have to be 
taken care of by the software companies is to determine the requirements for the next release and 
prioritize requirements, in such a way that the highest number of customers get satisfied with minimum 
cost for the company. In most of the cases, it is not possible to develop all the features requested by the 
client. So prioritization of requirements is an important task in software engineering with agile 
methodologies. In agile development, the software product is developed in incremental releases which 
have to be produced and delivered to customer in a short time frame. A new set of requirements is 
proposed for each iteration. Therefore it is very important to establish the priority of the requirements 
based on many criteria. For this purpose, we use a multi objective inverse approach algorithms as it can 
manage conflicting objectives and eliminates the need of artificial adjustments included in traditional 
single objective optimization models.  

Due to increased complexity and constraints such as limited resources, limited time, and limited technical 
capabilities on software products, minimizing production effort when implementing large amount of 
requirements   becomes very crucial step in software development. In some cases all the new features 
suggested by the clients may not be possible to develop ([1] and [2]). Therefore software requirements 
prioritization is especially important with the incremental approaches of software development, such as in 
the agile methodologies [3], [4], and [5].  

Software requirements represent a way of interconnecting any pair of requirements by means of some 
links of interactions. Thus, it is quite natural that interaction structure of software requirements can be 
represented in a simplified form. When we have a problem of choosing next requirement to implement 
from a set of requirements, it is desirable to work with a number of known requirements that has been 
already implemented as core part of software since the software requirements may be very large and its 
interaction structure too complicated [6]. 

2. PROBLEM DEFINITION 

The aim of this project is to present an efficient approach for software requirements evaluation and                
scoring. It is a crucial part for software project development because the highest possible number of                
stakeholders must be satisfied while keeping the cost at a minimum for the company. The high margin of                  
accuracy in the system is very necessary and quite beneficial for stakeholders. This paper analyses the                
software requirements data and provides a framework which prioritize the requirements in two phases as               
shown in Figure [1]. This project focuses on the use of knowledge discovery methods thru inverse                
machine learning algorithms with soft computing methods to suggest a solution.  
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Fig. 1. Two phases of IML Model 

Objective of the process must be to maximize the number of stakeholders who are satisfied and minimize                 
the cost for the company. To minimize loss from the company's point of view, the company needs a                  
choice lead with respect to what to give endorsement of the advance for implementation and what not to.                  
A software requirement’s attributes are considered by developers before a choice is taken in regards to its                 
implementations. The literature review indicates that the following attributes need to be considered:             
requirements’ dependencies, requirements’ quality, stakeholder’s preferences, development risk,        
development cost, business value, resources, and time restrictions. 

Evaluating a requirement is an important challenge in software engineering. In some mid-sized projects,              
we can get quite a large number of requirements [7]. It is a very complicated task to decide whether                   
signing off on a requirement for implementation would be beneficial or not [8]. The aim of every method is                   
to classify the bad requirements with the good ones. It becomes very hard for the manager to decide just                   
by inspecting the application form with some details [9], [10]. Therefore, software requirements             
prioritization is one of the main phases in software development. 

The advancement in the information technology has led companies and developers to electronically store              
all the details of the requirement. This led to the urgency of making a system which can automate                  
software requirements prioritizing decision so that the stress on managers can be reduced and efficiency               
could be improved. There are lots of methods which have been proposed and covered in the literature                 
([11], and [12]) using supervised and unsupervised learning. Most of these methods have used different               
classifying techniques with reasonable accuracy but no one has explained the details of the classification               
procedures. As it plays a crucial role in the prioritizing procedures so there must be a proper justification                  
of the approval and rejection of a specific requirement.  

Similar problems have been previously studied by a number of researchers in the domain of the 
reconstruction of classification ([13], [14], [15], [16], [17], [18], [19], and [20]). But these studies did not go 
beyond classification. In this study, we associate each requirement with a real score which gives richer 
interpretation. It enables managers to take effective decision and prioritize the   requirements. 
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3.​ ​MAIN ANALYSIS 

As we implemented the algorithm in a multi-objective decision support system framework, the parameter              
recovery of our proposed Inverse Machine Learning (IML) model, described below, is established with              
respect to the quality of the ADI parameter in each experiment. In this study, we did use the Aggregated                   
Degree of Importance (ADI) indicators in such a way that we may conduct a comparative study with other                  
recently published papers. The model measures the aggregated degree of importance indicator of each              
requirement with respect to the two objectives which are low development cost and high overall clients’                
satisfaction. Note that requirement interactions are taken into consideration in the IML model as well. 

IML is based on a non-linear learning function. In most models, the time to train the data is relatively long                    
and also susceptible to local minimum traps. But this can be removed or mitigated by doing multiple                 
rounds and picking the best learned model.We use “createDataPartition​” function in "caret" R-package to              
split original data into training data and testing data by informing the ratio of training data. The package                  
make training process for complex regression and classification problems easier for users. We built a               
model for software requirements prioritization as described in Algorithm 1 by using our IML algorithm,               
while 80% of the data are training data, and the other 20% of the data as testing data.  
 
 
 
 
 
 
Algorithm 1: 
1:  generateRandomInitialRequirements(R –training set)IRR  
3: ​ADI ​  (Initialize the ADI function)∅  
4: ​while​ not stop condition satisfied do 
5: for​  to ​R_Size​ ​doi = 1  
6: ⇐Rxtarget i  
7: /* ​Select 80 random requirements from ​ R. 

*/≠x ≠…≠xxr1 r2 r80  
8:  select random requirements (R),  x , …,  ⇐xr1  r2  xr80  
10: for​ each requirements  in  ​do   ​( )xtraining  g ( )Fσ = n

1
 n
K  

12: [r] ⇐ g [x ,  x , x ]σtraining  r1  r2  r80  
16: end for 
17:   evaluateIndividual ( )σtrial σtrial  
18:   IM( ) Ri ,σtarget σtrial  
19: end for 
20: 
21: 
22: ​end while 
23:  ​ADI function​  σ target  
24: for ​ ≠xxtarget trial  
25: if​ ​ADI ​[ ] <  ​ADI​[ ]xtrial xtrial+1  
26: temp​     ADI[ ]  xtrial  
28:  ADI[ ]         ADI[ ]xtrial   xtrial+1  
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29:   ADI[ ]  tempxtrial+1   
30: end if 
31: end for 
33: ​return​ xtarget  
 
IML is a supervised learning problem, where we use the training data sets to predict a target function. 
The basic and detailed frame work for the IML model is provided in Figure 2 and Figure 3 respectively. In 
IML supervised learning we predict an outcome based on a set of inputs provided by the user or 
mentioned in the data file. For example, a common model is a linear model, where the prediction is given 
by a linear combination of weighted input features. The output from the prediction might have different 
importance and value based on the task at hand. For example, it can also be used as a ranking score 
when we want to rank the outputs. The target function σ (ADI) are the undetermined part that we need to 
learn from data. We need to find a way to find the best target function, ADI, with best parameters given 
the training data. In order to do so, we need to define a so-called ADI indicator function, to measure the 
performance of the model given a certain set of parameters for the target function. ADI indicator function 
σ is computed by solving an inverse problem with similar software requirements on the next release of 
agile development. Therefore the value of ADI indicator σ returns known software requirements when 
substituted into Eq. (1). That is, each software requirement has a corresponding ADI indicator which can 
be used to find approximate a new set of Software requirements for next release.

 

Fig 2. Basic Architectural framework of IML Model 
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Fig. 3. Detail Architectural framework of IML Model 

In the next release problem, one has to answer the question of “how to identify which requirements 
should be developed and delivered taking into consideration multiple complex factors and assuming that 
a relationship between a clients’ requirements and some of its attributes exists”. To achieve this 
sufficiently early in software development, it is essential to count on a solid model that can allow early 
detection of disruptions to the software development. The problem of producing best possible 
requirements can be translated into a suitable supervised inverse problem. The applied tool that we 
consider is based on the use of discrete version of adaptive machine learning approach in which a 
network of software requirements consists of interconnecting any pair of requirements by means of some 
links. The problem of discovering the prioritized software requirements of all the possible software 
requirements from a collection of implemented requirements for the next release problem can be seen as 
a type of inverse problem, analogous to those arising in tomography, but in a discrete form.   Chung and 
Bernstein’s work [21] led to a key result in the domain of discrete inverse problem which proves the 
uniqueness of weights (or connectivity) under certain monotonicity conditions. This problem may be 
considered as an inverse problem of finding the  σ = σ(x) >0 in  

f  A = F (1) 

where   and  be two Hilbert spaces in ℜ​2​, ​  ​,  a linear bounded operator, and , ​σX Y f  f  Α =  X→Y  A :  ∈X  F   
is a reconstruction of ADI of the software requirements function. The solution u(​x​, ​y​) is given for ​x ​, ​y∈X    
Є Y, ​ ​ and   ∩   =  . The formulation of Eq. (1) is given in [22].  In Eq. (1), u is the softwarel(X)  c l(Y )  c  ∅  
requirements for the next release problem. That is what we are trying to determine in X based on known 
implemented requirements in in . A value of  σ  is required before Eq. (1) can be used.   ADIsubset of   Y    
indicator is computed by solving an inverse problem with similar software requirements. Therefore ADI 
indicator is that the value of ​σ​, when substituted in to Eq.  (1), yields known software requirements. 
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Therefore each software requirement has an associated  ADI indicator, and one such value can be used 
to determine the best possible approximation of a software requirements on the same underlying.  

The linear inverse problem associated to (1) can be stated as “Recovering the function  satisfying thef  
eq. (1), given  and  “. In general, this problem is ill-posed. One may achieve existence andA  F  
uniqueness by introducing the generalized solution defined as  f   

 ‖Af ‖  min f∈X − F 2
Y (2) 

Answer to the question of existence of the generalized solution  depends on the condition   Rangef F∈  T  
( ), where  is the projection on the range of . Since the generalized solution  does notA T operator Ậ   f  
depend continuously on the , so is not known, but only a    is given, whereF   oisy  n ∈Y  F σ ‖F ‖ ≤σ   − F σ Y
, one may use well known regularization model to find a  solution depending continuously on the data by 
replacing (2) with the following  

 {‖Af ‖ },min  f∈X − F σ
2
Y + ‖f‖2

X  (3) 

and  

A A ) A F  f  σ = ( * + I −1 *
σ (4) 

where .   > 0  

An important issue is the crucial choice of the regularizations parameter  as a function of the noise. The    
reconstruction error  

 ‖f f‖ 
σ −  X (5) 

must be made small by selecting proper   as a function of the noise level . By assuming that the   σ    
generalized solution exists we may end up with the following measuring tool for learning process 

 ‖Af TF‖ 
σ −  Y = ‖Af f‖ 

σ −  Y  (6) 

which will be used in our analysis of learning. Here notice that the generalized solution may not exist. 

Notice that we can easily extend this to the case of a noisy operator  where X⟶Y  Aσ :    

,A ‖≤σ  ‖ − Aσ  

and  is the operator norm. To deal with the problem of learning in the framework of ill-posed inverse·‖  ‖  
problems we have to define a direct problem. Also the nature of the noise  in the context of machine σ  
learning is not clear. First, we need to show how to deal with the problem of learning in the ill-posed 
inverse problem setting. To do this, we have to define a direct problem by means of suitable operator 

 such that X→M⊂X  A :    

,Af )(x)  ( = 〈f , 〉XM Y  

where  is the Riesz type  kernel of . Since   is bounded,  is a bounded linear operator as wellK X K A  
[IS]. That is simply  
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,Af )(x) (x)   ∀x∈M , f∈X  ( = f   

It is easy to check that  

(f (x ) )n
1 ∑
n

i=1
i − yF i

2 = ‖A f F ‖x − y i
2
X  

Therefore the  is the Tikhonov regularized solution ofstimatorfunction f  e  
σ  

.f  Ax = F (7) 

This is easy to show by considering the operator  defined by  and→R  Ax : H n A f ) (x ), i , ,  ( x i = f i  = 1 … n   

 

    (8)(F , (x )) (yF x ))L i f i =  ∑
n

i=1
i − f i

2  

 

In such a way that  

   (9)(F x ))‖A ‖x − y 2
n = n

1 ∑
n

i=1
i − f i

2  

 

where the norm is  times the Euclidean norm on  and . This shows that the solution/n  1  Rn y , , )  y = ( i … yn
T  

 of the minimization problem (4) with the function (8) is equal to the Tikhonov regularized solution of the f  σ  
linear  discrete inverse problem .f  Ax = y   

Now one can define the explicit form of the solution   as follows: f  σ  

 

  (10)(x) K(x, ),     σ K  I) y,f  σ =  ∑
n

i=1
∝i xi  = ( + n −1   

 

where  is the kernel  defined by  and  is identitiy, K  I  K) (x , ), y F( ij = K i xj  = A*  ∝ , , ) .  ∝ = ( 1 … ∝n
T   

The parameter  is used to better control stabilization of  the inversion operation in (10). This problem is    
not stable. By following the generalizations approach provided in [22], we may define  

        (11)(x) K(x, ),     σ g ( )Ff  σ =  ∑
n

i=1
∝i xi  = n

1
 n
K  

where . Notice that   represents the set of   matrices with real entries. Since M (R)→M (R)  g :  n n (R)  M n xn  n  
this inverse problems is “ill-posed”, the choice of    can very much affect the sensitivity of    
computations. A better approach is to think of ADI function    as a function rather than a constant. An σ  
inverse problem of best requirements prediction is to determine the distribution of expected client 
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requirements implied by implemented client requirements in the previous releases.  In order to compute 
the aggregated degree of importance indicator of a requirement, a weighted sum of individual 
requirement’s goodness indicators is computed. Importance of each indicator can be determined 
according to the results of empirical studies on practical importance of different requirement selection 
criteria. The model presented below uses multiple requirement selection criteria although other criteria 
mentioned in literature can be incorporated, if necessary. The main difference of the proposed model from 
the traditional requirements selection models is that ADI indicator is not specified by discrete data points 
and these data points are not assigned to the specific location. Instead of that the ADI indicator 
approximates the ADI indicator parameter around the implemented requirements, and requirements with 
ADI indicator are picked for the next release. In this study, we propose a multi-objective decision support 
system presented in Figure 4 and 5 for software requirements selection for next release problem based 
on a machine learning regularization of an inverse problem. 

 

Fig. 4. A general approach of requirements evaluation using mathematical modeling 

Figure 4 show the general approach that is followed before assessing the IML method. The training                
dataset which consist of different features and attributes about a requirement like technical precedence,              
conflicting priorities, stakeholder priorities are fed to the network, before the data is processed (line               
1-line 8 in  Algorithm 1). 
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Fig. 5. ​ ​Core architecture of the system 

For computational reasons, we suggest to approximate this nonlinear problem by a linear one so that we                 
may split the inverse problem into two parts. First part is a simpler, ill-posed problem (an integral equation                  
with a Riesz-type kernel) problem and the second part is a well-posed problem. This way we can control                  
the propagation of errors due to the ill-posedness.  

(α​I ​+Θ ) σ (y)  =  A*F  (12)  

where A*F(y) = , y Є Y for some regularization parameter α > 0 . Notice that the   (x)/|x |∫
 

Ωk
F − y 2                 

linearization method led us to a Fredholm integral equation of first kind with Riesz kernel. Since this                 
equation represents an ill-posed problem, we needed some kind of regularization method to overcome              
this difficulty. We used the Tikhonov regularization method and, by discretizing the regularized equation              
(12), ended up with the system of linear equations.  

4. PROPOSED SOFTWARE SYSTEM  

The aim of every method is to classify the bad requirements with the good one. It becomes very hard for                    
the software manager to decide just by inspecting the requirement form with some details.              
A variety of soft computing methods are being adopted for it. Svahnbergan and Goreschek in 2010[23]                
used GA to program the models. In 2014 Sagrado & Aguila[24] and Svensson & Groschek[25] in 2011                 
used NN for prioritize the requirements, which gives reasonable accuracy rates. Kumari and Shrinivas              
[26] in 2013 used adaptive neuro-fuzzy models for the analysis of software requirements system and               
shows its significance as compared with other techniques. There is indeed a need of an automatic system                 
which can assist the developers to help them in requirement approval.  

As the modern business deals with lots of complexity like rapidly changing situations, sudden crises,               
managers are trying to assist additional tools to help them in predicting and managing the situation                
effectively. Hence soft-computing methods like neural network, fuzzy, genetic and their hybridizations like,             
adaptive neuro fuzzy are being used efficiently. These methods are being used for clustering, modeling,               
forecasting, and classifying the available data. The aim of the study is to develop a requirements                
prioritizing system using inverse machine learning algorithms developed here so that all requirements are              
prioritized and implemented based on multiple criteria as part of a system. The component diagram of                
the system is shown in Fig. (6).  
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Fig. 6. Component diagram 

The whole sytem is depicted in Fig. 7. ​The first phase of the whole system is the business understanding.                   
That emphasizes on understanding the project objectives and requirements from a business point of view,               
and converting this knowledge into a software requirement prioritization problem definition, and an initial              
plan designed to achieve the objectives.  
The data preparation phase may include some specific activities to make sure data is ready for                
implementation phase and this may be performed in an iterative fashion. Attribute selection needs to be                
performed at this level.  
In the phase of modeling, the inverse problem modeling techniques are selected and applied, and their                
parameters are adjusted to optimal values. As seen in Fig. 7, this phase is also iterative in nature. 
At the evaluation phase, we built a required model that satisfies the key objective of software                
requirements prioritization and decision on the software requirements prioritization results should be            
reached. 
The last phase is the deployment. ​Since the purpose of the model is to prioritize the requirements, the                  
knowledge gained on requirements will need to be organized and presented in a way that is useful to the                   
stakeholders. It is important for the stakeholder to understand the steps that need to be carried out in                  
order to actually make use of the models developed. 
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Fig. 7. Business model diagram 

Knowledge discovery is finding the patterns from a large set of requirements and extracting useful               
knowledge and information from it. It involves discovering patterns form the large set of requirements               
using different mathematical models. It is formally the intersection of Machine learning (ML) and artificial               
intelligence with statistics and data base system. There are different mathematical models available like              
Neural networks, fuzzy, genetic algorithm, support vectors along with their hybridizations extract            
knowledge from the data bases ([27], [28], [29]). These soft computing methodologies are widely              
accepted for classification, clustering and predictions. 

5. RESULTS AND DISCUSSION 

First, we start by describing the approach used in the experiments and the data sets used to measure the                   
performance of the proposed algorithm. Next, we discuss the obtained results by using different quality               
measures and compare them with some of the results obtained by other studies. To show practicability of                 
the approach, we study a sample software project with 100 requirements. In Classification phase 100               
data points were used for training and 20 for testing. Each requirement is associated with a data point that                   
consists of four real-valued attributes; cost, stakeholder preference, effort, and dependencies.  
Each requirement has an associated effort estimate score between 1 and 10. Effort sizes may be different                 
for different increments. Five stakeholders were used to score the 100 requirements with priority scores               
from 1 to 5. These scores are shown in Fig 7. As we can see, different stakeholders in some cases assign                     
more or less the same priority to requirements. . Each requirement has a list of all the clients that rated                    
the requirement with the associated rating score. In a similar way, each stakeholder assigns a value to                 
each requirement based on the contribution to the business value of the product by that requirement.  
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Fig. 8. Relationship between average client weights and requirements 

The main model of IML is tree ensembles which differ from decision trees, where the leaf only contains 
decision values. In IML, a real score is associated with each of the leaves, which gives us richer 
interpretations that go beyond classification. Regularization is used internally by IML for parallel execution 
of the training model.

 

Fig. 9. Iterations vs error rate 
The IML way of solving the problem will split the input dataset into training data and test data. The IML                    
package will build and use the train data and it also uses the test data to find the accuracy with which it                      
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can predict the priority status for those inputs. This incremental learning approach makes the adaption to                
new evidence possible instead of starting from scratch each time. The approache involve a key decision:                
when to change or adapt the model by incorporating fresher data. Our approach to come up with a best                   
decision involves estimating accuracy by checking if the performance of our current model is starting to                
degrade. If we observe a sudden decrease in this performance, then we can take this as a good                  
indication of some form of regime shift. The matching error rate is the ratio of wrong match to the total                    
number of matches. As the number of iterations increases the error rate is going to converge to a                  
constant. This is what has been represented in the above graph where the error tend to converge to a                   
constant values after 30 iterations (Fig. 9). 
The implementation of the IML method was evaluated using 100 requirements. The IML method was 
designed with special focus on scalability and the ability to prioritize a large set of requirements. To 
achieve this objective, the IML method prioritizes requirements in two phases. During the first phase, 
requirements are quickly prioritized albeit with low accuracy, essentially focusing on dividing the 
requirements with respect to the cutoff threshold. The first phase accounts (Fig. 10) for uncertainty and 
does not carefully prioritize the requirements that are close to the cutoff threshold.  
 

 
Fig. 10. First phase – Classification 

The requirements with assigned real scores are prioritized for increased accuracy in the second phase by 
using the ADI indicator parameter around the implemented requirements (Fig. 11). 
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Fig. 11. Second phase – Prioritized requirements for next release problem with scoring 

  
To verify effectiveness of suggested IML model for requirements prioritization in mid-sized systems, we              
have implemented and compared the results of running the IML model with MWS and AHP models. We                 
compare our model IML with the AHP and WHS multi-criteria decision-making methods for requirements              
prioritization in the Table 1. Misclassification rate for each set of requirements for each model indicates                
that proposed IML algorithm performs much better. We also compared the accuracy of the models with or                 
without classification in Table 2. The accuracy of IML is higher than the accuracy of AHP and WHS with                   
classification. On the other hand, without classification, accuracy of IML is almost same as AHP, but                
lesser than WHS. 

Description R² MSE RMSE 

IML 
Training  0.9717 0.009 0.0951 
Testing 0.7105 0.0648 0.2543 

AHP 
Training  0.8991 0.0312 0.1766 
Testing 0.7953 0.0315 0.1775 

WHS 
Training  0.9082 0.0271 0.1646 
Testing 0.6596 0.0779 0.2792 

Table 1. Performance analysis of the improved IM, AHP, and WHS models for software 
prioritization 

 

 

Table 2. Accuracy 

Decision class Method Accurac
y 

Coverag
e 

Real 
Accuracy 

YES IML 0.978 0.946 0.925 
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AHP 
WHS 

0.952 
0.962 

0.932 
0.992 

0.957 
0.954 

NO 
IML 
AHS 
WHS 

0.633 
0.644 
0.862 

0.740 
0.850 
0.890 

0.468 
0.823 
0.767 

All Classes 
(YES + NO) 

IML 
AHS 
WHS 

0.964 
0.961 
0.958 

0.935 
0.942 
0.987 

0.901 
0.932 
0.945 

  

 

Table 3. Learning time 

Method Learning time 
Size of 

requirement
s 

IML 
AHP 
WHS 

801 seconds 
616 seconds 
647 seconds 

100 
100 
100 

 

Table 3 shows the learning time of each model. One can see that the learning time for AHP and WHS is 
shorter than for IM. The results demonstrates that the IML method is reliable and it could be used for 
requirements prioritization problem. 
Even though the obtained results are promising and indicate that it performs well, the implementation 
could be improved in a number of ways. Some of those improvements may be an increasing number of 
software requirements and the software requirements attributes used in IML, adding an intermediary step 
between phase 1 and 2 to the IML to improve classification of requirements, and a better way of gathering 
input from stakeholders for prioritization. Therefore, future work should pay closer attention to making 
system modular and flexible. The implementation of IML should be converted to an expert system by fully 
optimizing the whole process. 
 

5. CONCLUDING REMARKS AND FUTURE WORK 

In this study we presented a clear connection between regularization theory for inverse problems and               
machine learning to introduce a new machine learning regularization based on an inverse problem              
approach. Unlike traditional classification approach, in the proposed approach, a real score is associated              
with each of the leaves, which gives us richer interpretations that go beyond classification. Then we apply                 
the proposed model to a software requirements prioritization problem.  
The new multi-phase approach showed to be promising for the complex software requirements             
prioritization problem. Experimental results are showing advantages of this new approach in comparison             
to the standard proposed approaches. 
Although we have some promising preliminary results with the proposed approach, this is definitely the               
beginning of more general mathematical/theoretical studies. Several other issues need to be further             
addressed, in particular we intend to test our algorithm with different types of software requirements. We                
think this study implies a new method of software design. Therefore, our long-term goal is to design and                  
build an intelligent, accurate, flexible software prioritization system with distributed and real time             
characteristics. This analytical engine can be used to identify the most important requirements in              
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prioritized format. 
Previously proposed software requirements prioritization models (e.g., collaborative cloud         

computing and grid computing) lead to low efficiency and high overhead or are ineffective in locating                

satisfying resources in an environment with a multiple number of resource attributes. In addition, most               

models exhibit limited flexibility by relying on a predefined attribute list for resource description and               

offering only limited help. This project presents an efficient and high-fidelity IML based resource              

Information Service (IIS).IIS constructs IML functions and relies on them to cluster the data of resources                

with similar attributes for efficient requirements prioritization. More importantly, it is effective in locating              

satisfying resources in an environment with an enormous number of resource attributes.  
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