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ABSTRACT 

A key feature of knowledge discovery based systems is the 
ability to keep into account the knowledge that users own about 
the application fields (domain knowledge). Such kind of ability 
needs a strong multidisciplinary approach to ensure the novelty 
of discovered knowledge and its understandability in terms of a 
user meaningful model.  
Traditional strategic marketing decision support systems, in 
order to provide trustful results, are usually founded on sound 
economic theories that represent their background domain 
knowledge. 
However, KDD-based marketing applications, aiming at 
exploiting enterprise information asset, are designed 
understating the role of business background knowledge. It 
leads to build, despite their accuracy, models that aren’t able to 
explain market dynamics, in which strategic marketing users are 
mainly interested. The inability of KDD systems to 
accommodate domain knowledge limits their application fields. 
In order to effective combining KDD and economic modeling in 
building a strategic marketing support system that exploits 
enterprise data,   we have designed a methodology that 
integrates contributions from both Microeconomic and Data 
Mining fields.  
In this paper we present our framework in terms of inter-
disciplinary associations and an application to the churn 
analysis in the Italian telecommunication market. 
 
Keywords: Data Mining, Background Knowledge, Economic 
Modeling, Strategic Marketing, Demand Analysis. 

1. INTRODUCTION 

Even the large number of industrial data mining applications 
devoted to solve business and marketing problems, the 
relationship between KDD and Economic Sciences tools 
adopted in the same contexts hasn’t gained a lot attention. Here 
we will show how is possible to effectively combine 
contributions from both fields to investigate more deeply the 
customer behavior and build tools to support strategic 

marketing with the sound economic foundation, generally 
missing in traditional data mining solutions. 
Most of the available methodologies and tools that support 
decision making activities, especially for marketing and 
enterprise applications, aim to predict the behavior of a system. 
One of the common goals of an Analytical Customer 
Relationship Management application, for example, is to predict 
whether a customer will buy a particular service/product or not. 
In effect, one of most significant industrial field applications of 
KDD research results is the exploitation of Data Mining 
techniques in the building of CRM tools [19]. Such tools take 
into account the knowledge about the organization and its 
surrounding environment to simulate the impact of decisions 
taken in order to optimize the return for the enterprise itself. 
Often the data stored in operational and warehousing systems of 
an organization itself contains the “knowledge” that CRM tools 
could exploit to make their predictions. 
A bit different and more ambitious goal, than customer behavior 
prediction, is to understand which are the main characteristics 
that drive the customer’s behavior, when they make a 
consumption choice. This modeling problem is relevant in many 
other fields like Sociology and Ethology where behavior is 
analyzed. In Economic Science this issue has been largely 
studied from a theoretical point of view. At a practitioner level, 
these theories need a large amount of information and data 
about the addressed phenomenon that are usually gathered by 
soundings and processed using statistical and econometric 
techniques [8]. 
The same data and KDD techniques used by CRM tools can be 
employed, in conjunction with economic theories, to analyze 
consumers’ choices and augment the comprehensions of their 
behavior. The Microeconomic theories provide us the adequate 
background domain knowledge that allows understanding 
results in terms of meaningful model. In this paper we present 
our contribution in combining theoretical economic approach 
and data mining techniques. 
From the economic theory we select a consumer choice model 
that belongs to the family of the Discrete Choice Models [14], 
since they are able to accommodate the customer decision 
process in a large number of different scenarios [5]. From the 
KDD research field we inherited a wide set of techniques 



(demographic clustering, sequence analysis, neural network) 
and the key role played by enterprise data.  
The combined approach we propose has been applied in real 
case study in conjunction with TELECOM Italia, the main 
Italian telecommunications company. A summary description of 
results of this study has been already published in [7]. In this 
paper we present, in more details, how the combined approach 
has been realized and how it could be generalized. 

2. MICROECONOMIC CONTRIBUTION: CUSTOMER 
AND MARKET MODELING 

Neoclassic Microeconomic market theories rely on the analysis 
of two main functions: demand and supply functions that, due 
their interactions, determine, w.r.t. the selected model, the 
market equilibrium in terms of consumption of goods, their sale 
prices, profit levels, etc.. 
The economic decision theory, on which demand functions are 
modeled, relies on the fundamental assumption of the 
consumer’s instrumental rationality. Under this hypothesis, a 
consumer takes a decision in order to maximize its own interest 
assessing costs and benefits. 
Given a market made up of n goods, we define a basket as the 
n-uple of their consumption levels nz ℜ∈ . We express the 
utility that a consumer gains from the consumption of a basket 
through an utility function ℜ→ℜnu : . Despite the fact that 
the absolute utility value of a basket does not have any intrinsic 
meaning, the comparison of the utility values of two or more 
baskets defines an order relation on the space of the baskets. In 
fact, every consumer selects the basket that maximizes its own 
utility given its liquid assets (budget constraint). The 
consumption levels obtained as solution of the utility 
maximization problem define the so-called demand functions 
for each good. We can define a demand function for each 
consumer and, by means of aggregation, for the whole 
market [8]. 
We are mainly interested in the modeling of a demand function 
that concerns the decision of buying a whole product/service 
instead of another (a car, a subscription, etc.). The economic 
literature suggests adopting a Discrete Choice Model (DCM) to 
deal with this class of problems [3]. However, the devised 
solution adequately adjusted, can be extended to other kind of 
demand function. 
From a theoretical standpoint, we do not know which factors are 
involved in the consumer’s selection process and we are also 
not able to know them exactly, but we argue that there are some 
non-monetary aspects involved. To cope with this issue we have 
selected a random component hedonic DCM that aims to 
capture the effect of consumer’s specific characteristics in its 
selection process bringing accordingly them into the utility 
function. The utility function, consequently, represents the 
specific consumer’s satisfaction level. The unobservable 
characteristic contribution on the consumer’s utility can be 
modeled as a random variable that we are able to estimate (see 
[5], [14] and [15]). 
Given jx , the j-th consumer’s vector of observable features, 

and jε , the vector of unobservable ones that are random 
variable realizations, the utility of the i-th good for the j-th 
consumer is expressed as: 
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where: k is the number of goods in the market, iw  and iξ  are 
two vectors of coefficients that express the degree of influence 
of each consumer’s characteristic (the observable and 
unobservable ones respectively) on the utility of the i-th good, 
and je  is the j-th consumer’s idiosyncratic vector concerning 

the k goods. 
The i-th good demand function depends on the observable 
consumer’s characteristics x and its own idiosyncratic e and can 
be expressed as: 
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Since it is a Linear Random Utility Model (LRUM) function, 
the i-th good market share is the expected value of the 
corresponding demand function given variable probability 
distribution functions of the features [3]. 

3. DATA MINING CONTRIBUTION: THE ROLE OF 
ENTERPRISE DATA ASSETS 

A key hypothesis on which econometric approaches lay is that 
the market is mainly observable. But in a Data Mining context, 
where there is a strong aim to exploit only enterprise 
information assets, this requirement is hard to fulfill. In fact 
enterprise data, despite of their correctness and accuracy, are 
subject to two unavoidable sampling distortions: 
1. data are incomplete; they represent the observed customer 

behaviors from the enterprise perspective only, since there 
are no data about the customer behavior in relation to other 
concurrent operators; 

2. data are partial; they keep track only of the customer 
features relevant to the business, since rarely an enterprise 
collects data about customer characteristics not directly 
concerning its business. 

Consequently, they do not offer a complete view of the market 
and of customers. We argue that a standard employment of 
KDD techniques to strategic marketing DSS design is quite 
inadequate, and, on the other hands, the traditional techniques, 
which rely on market soundings, do not fully exploit the 
enterprise information asset. To cope with these issues, we have 
devised a strategy that exploits the most relevant contributions 
of both KDD and economic modeling approaches. Specifically, 
the foundations of our methodology are the following ones: 
1. to rely on Microeconomic theories to model the system; 
2. to employ unsupervised Data Mining learning techniques 

and aprioristic knowledge to compensate, at least partially, 
sampling distortions; 

3. to exploit supervised Data Mining learning techniques to fit 
a Microeconomic model, in order to exploit their scalability 
features. 

The design of a DSS for strategic marketing requires the ability 
to infer the preferences of each customer, since this information 
is generally not available to an economic operator. It is a very 
delicate issue and its solution is generally very complex, but 
under suitable hypotheses, we can address it in a satisfactory 
way, by relying on the peculiarities of the market structure. 



In order to address the problem of sampling compensation, we 
need to introduce some hypotheses on target market. More 
specifically, we can assume that: 
1. the market is composed of different services with their own 

consumption level; 
2. the market is undertaking a strong transition (e.g., : market 

structure transitioning from monopolistic to oligopolistic, 
new provider entering, rate deregulation, new cost reducing 
technology adoption, merging cost synergy, etc.); 

3. a service provider could not observe its own customer 
preferences (i.e., a customer choices a different provider) 
since there is no formal contract resolution; 

4. the overall service consumption levels are quite stationary or 
there is the evidence of specific trends; 

5. the product differentiation does not rely on the rates only, 
even when there is an aggressive rate policy from some 
service providers. 

The 2nd requirement is not too hard to fulfill as it seems, 
especially in service markets: in fact it holds, at least, in a large 
number of European commodities markets (telco, energy, 
insurance, bank, etc.). The 5th one is present in every market 
where the product differentiation is applied and it can be easily 
taken into account by hedonic models. 
To correctly model the relationship between the service demand 
and the customer features, consumption profiles included, we 
need to compensate in a suitable way the incompleteness of 
available data. In fact, since the data belong to only one 
supplier, even if it is the ex-monopolistic one, they lack 
information about two critical facts: 
1. it is unknown whether and which of customers employ 

competitor services and whether we observe the whole 
consumption profiles;  

2. it is unknown what are the consumption profiles w.r.t. 
competitor offering. 

Such kinds of information are indeed mandatory in order to 
build any type of consumption model. 

4. THE PROPOSED APPROACH 

Considering the requirements of a strategic marketing DSS and 
the characteristics of enterprise data, we have proposed a new 
approach in order to fit the customer utility function 
interpolating missing data. To accomplish this task we need to 
include accordingly marketing specific knowledge.  
Under the aforementioned hypotheses on market structure, we 
can devise a strategy to employ data mining tools to estimate 
the more likely customer preferences, even if we can observe it 
directly, since we are able to observe behavior of at least of a 
number of similar customers. The customer model can be, at 
least, extended to the main market segment of the supplier. 
Under a special, but not rare, case, when a transition from a 
monopolistic to an oligopolistic structure is occurring, our 
approach is able to infer the preference model of the whole 
market. 
In fact, if we can observe the customer behaviors for a long 
enough time period we can, from a theoretical perspective, 
reconstruct the preferences of customers at regular time 
intervals from the analysis of their service usage profile.  
Since the underlying phenomenon is very complex, it is very 
hard to summarize the whole consumption behavior in a set of 
measures on which we can impose some discrimination criteria 
without introducing aprioristic and arbitrary hypotheses.  

Another approach, alternative to the introduction of a 
consumption level measure, is based on a behavioral 
partitioning of customers into homogeneous groups according 
to their usage profiles. Since the number and features of each 
group are unknown and since we would like to minimize the 
number of aprioristic hypotheses, we have adopted a clustering 
algorithm to discover the most relevant behavioral patterns. 
We propose the adoption of the demographic clustering 
algorithm [10], because it is able to automatically detect the 
optimal number of groups w.r.t. a partition likelihood criterion 
and to adequately accommodate categorical and numerical 
feature mixture. To increase the result quality, we have to select 
a minimal set of maximally independent features and we have 
statistically normalized them through ad-hoc variable 
transformations. Any other clustering algorithm can be used if it 
feasible. 
More generally we build a graph with a node for each relevant 
customer behavioral pattern, labeling edges with the customer 
preference likelihood related to such behavioral change. On the 
other hand, we cannot rely on formal contract resolutions by the 
customer only, since it could be delayed respect to the 
consumption preference or it could not be mandatory; moreover 
we need to accommodate customer life time expiration that is 
not directly related to consumption choice. Anyway, we are able 
to model such event introducing apposite nodes in our model. 
By quite similar reasons, we need to adequately take into 
account new customer contract signings, even ignoring them, 
since we do not have enough information about them. 
Once we have built the graph model we have to estimate a 
proxy of whole customer consumption profile. The discovered 
usage patterns of each group can be interpreted in terms of 
corporate marketing with support of business analyst: 
behavioral patterns have been partitioned w.r.t. their usage of 
services subject to competition and, consequently, the churning 
likelihood. This approach enable to focus business analyst’s 
effort on automatic discovered patterns from, potentially, the 
whole market, instead that on an aprioristically selected control 
set. This is a key step in order to exploit tacit domain 
knowledge, usually owned by marketing analyst, and 
conversely to help him avoiding the introduction of arbitrary 
hypotheses on underlying phenomenon. Automatic clustering 
enables also to detect outliers that can be processed apart to 
reduce the noise in data. 
On this basis, the customer placements in the consumption 
space can be periodically evaluated, by the means of event 
sequence analysis [1], to detected abnormal behavior changes 
that, under the hypothesis of quite stationary consumption 
levels, provide good evidences, by example, of a churning 
behavior in act.  
In such way, we are able to reconstruct the consumer 
preferences. This preference is easier to interpolate for higher 
consumption level customers that represent the most 
profitability market share, but also the riskiest one from the 
enterprise perspective. 
Using the reconstructed consumer preferences we can fit the 
behavior analytical model. The fitting of the model is reducible 
to a classification problem, since the demand function is a 
typical classification function that maps points from a 
multi-dimensional space into a finite set of values. 
Given a training set composed of pairs >< jj ix , , where the 

observable feature vector of the j-th consumer is combined with 
its own preference, we can train a classifier that is able to 



approximate and to generalize the function ),( exi  even 
without the unobservable components. The problem can be 
stated as a search for a classification function )(xi  agreeing 

with the ),( exi  on the largest number of examples. Let 

hhh xwxy δ+⋅=)( , the classification function can be 
expressed as: 

( )xyxi h
kh ..1

maxarg)(
=

=  

The model fitting problem is an instance of robust multi-
category linear classification problem. This kind of problems is 
widely investigated in mathematical programming research [4] 
and exists a large number of solution techniques that can be 
usefully adopted in different contexts. 
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where e  is the unit vector. We can compute a solution, in terms 
of parameters kiw ii ,...,1, =σ , that minimizes the 
number of misclassified samples (robust linear classification) 
solving the following program: 
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Given our requirement of minimization of the classification 
error, a neural network based approach is highly suggested [16]. 
This kind of classification function is implemented by a neural 
network known as linear machine [18], that we have adopted to 
fit our model. This network is composed of as many perceptrons 
as classes, and its output is the index of the perceptron with the 
maximum output level. 
In fact, if we bind each model variable to a network input, we 
bind each network weight to the corresponding model 
coefficient [22].  The network is able to predict the possible 
customer behavior from its own consumption pattern by 
classifying it as a possible churner or a faithful customer. In 
addition, the Microeconomic theory provides us a way to give 
an interpretation to the trained network and to analyze the 
customer’s selection process in more details. We recall that the 
feature variables are both continuous and categorical, so they 
must be encoded accordingly (e.g., dummy variables). If the 
classes of the training set are linearly separable we have that 
each example >< hx,  is such that hexixi == ),()( . The 

mean utility of each class can be stated as the )(xyh  mean 
value, so: 

hhhhhh xwexwxyexu δ+⋅≈+⋅⇒≈ )(),(  

Under the hypothesis that x  and e  are statistically independent 

we have that hh e≈δ . We argue that the bias value hδ  of each 
perceptron approximates the mean of the customer idiosyncratic 
w.r.t. the h-th choose and it captures the influence of 
unobservable characteristics. We suggest, in order to increase 
the model robustness, the employ of the thermal perceptron 
algorithm to train the linear machine [9], that can be minimized 
exploiting a variable elimination technique [21]. 

5. DOMAIN KNOWLEDGE GAINS KNOWLEDGE 

Our approach does not mainly address computational 
complexity or model accuracy issues involved in data mining 
(these topics are extensively covered in literature), but we pay 
attention to the epistemological problem or, in other words, to 
the ability to give a more meaningful semantic to inferred 
theories. Anyway, a key point is to get the right trade off 
between the accuracy and the understandability of the model. In 
order to achieve our goal, we introduce a new form of 
exploiting domain knowledge. 
Generally speaking, the domain knowledge in KDD 
applications plays a significant role in order to assure the 
novelty of the produced results, since, exploiting the formalized 
representation of knowledge, they may be “filtered” against the 
previous information w.r.t. the logical deduction relation. This 
is an interesting research topic ([13] and [2]), but the problem is 
far to be adequately solved, excepting in some restricted cases. 
In our situation, we devise an approach to exploit domain 
knowledge in order to drive the discovery process according to 
relevant field theories (i.e., Microeconomic theory) and user 
experience. This approach pursues two main goals: avoid re-
discovering previously known decision making process and 
providing an epistemological base of discovered knowledge. 
According to KDD approach, our formulation can be considered 
as a filter over the model class, or from a machine learning 
perspective is a form of analytical learning. 
The domain knowledge is employed also to give an 
interpretation of result of unsupervised learning tasks. Since we 
know that such kind of phenomena are taking place we can 
explain some evidences inferred from clustering and label the 
clusters with a meaningful classification and on such base train 
the model in order to investigate these phenomena. 
The proposed methodology is divided in four subsequent steps: 
1. Problem analysis and model selection, that requires field 

specific and econometric knowledge to select the appropriate 
model; 

2. Data acquisition and sampling compensation, that involves 
typical data warehousing issues, and the use of unsupervised 
learning in order to compensate sampling distortion; 

3. Model fitting, based on supervised learning techniques; 
4. Model analysis, according to model specific quality 

assessment and result interpretation. 
Each step exploits specific theoretical and software tools 
according to the context, but some results can be generalized to 
other ones where similar hypotheses hold. From a KDD 
perspective this methodology can be thought as an attempt to 



improve learning result understandability through domain 
knowledge (i.e., economic models) [11]. Another proposal to 
exploit KDD in strategic marketing is presented in [12], where 
the problem of the discovered knowledge profitability is 
addressed. 
In this scenario, despite there is a number of more complex 
approaches beyond linear models that can easily take into 
account non linear features of target system (e.g., SVM, RBF 
network, multi-layer network), we can not interpret them in 
terms of microeconomic theory unless there is a feasible one. 
The consumer’s utility function fitted by the linear machine 
training can be analyzed by a large number of techniques 
specific of the economic literature ([3] and [8]), but we have 
focused on the followings [21]: 
• Internal analysis, that aims at establishing for each 

preference the relative significance of each feature; 
• Comparative analysis, that is used to point out the most 

relevant features w.r.t. the overall selection process. 
The internal analysis orders the model features according to 
their absolute weight values, where the absolute value 
approximates the feature relevance and the weight sign states 
how the feature is related to the utility level. 
The comparative analysis relies on the weight dispersion that 
measures the relevance of each feature on the overall selection 
process, because it is more affected by features that have greater 
difference between homologous coefficients in different utility 
functions. In other words, the most relevant features have the 
most dispersed weights. Besides, with a suitable normalization 
of the coefficient values it is possible to express relative 
relevance of each feature on the selection process. 

6. CASE STUDY 

In the following section we present an application of our 
methodology to the churn analysis of telecommunications 
residential services performed in TELECOM Italia during the 
deregulation of Italian market. 

The scenario 
The Italian deregulation process of telecommunications market 
in the last years has produced a large economic impact since it 
has altered equilibriums that were established for a long time. In 
particular, TELECOM Italia (TI) was mainly interested in 
analyzing the residential telecommunications market demand in 
Italy during this transition from the monopolistic market to the 
oligopolistic one. 
The deregulation process has been structured in various steps: 
during the period that we have analyzed (2000/01) every 
customer was enabled to use different carrier providers that 
supplied telecommunication services to specific destinations 
(e.g., international, long distance). In any case, the customer has 
to subscribe a contract with TI because it was the only provider 
of wireline base services (e.g., local-loop, local area calls). 
Since we addressed an econometric problem rely only on 
enterprise information assets we needed to compensate the 
sampling distortion. From our preliminary analysis of the 
business problem, we were able to assume that: 
• the market is composed in terms of different call destinations 

(services with their own consumption level); 
• the market is undertaking a transition from a monopolistic 

structure to an oligopolistic one; 

• TI is still the only basic services provider (every customer is 
a TI customer), but since there is no formal contract 
resolution, it cannot observe its own customer preferences 
(i.e., a customer choices a different provider); 

• the overall service consumption levels were assumed to be 
quite stationary; 

• the product differentiation does not rely on the rates only, 
because otherwise, since each competitor is cheaper than TI 
on at least a service, then no customer should use TI as a 
provider for these kind of services. 

Since all the hypotheses mentioned in the above paragraph hold, 
we could apply our methodology to compensate the sampling 
distortion in order to build the required economic model. 
In the following sections, we show the application of our 
methodology to the analysis of the customer churn phenomenon 
in telecommunications market. A more traditional approach to 
churn analysis with KDD techniques is illustrated in [17]. 

The model  
According to TI marketing division, the selected economic 
model was an hedonistic DCM with linear random utility 
functions (LRUM). In particular this model has two utility 
functions: one representing the utility of customer selecting TI 
as telecommunications provider (TI), and the other representing 
the utility of the churner (COMP). 
The model has been fitted using data provided by the TI 
Enterprise Data Warehouse; we do not address data 
management issues (see [6], [20]), but we briefly present the 
available information taken into account as the observed 
characteristics of the model, or, in other words, the input 
variable of utility functions. 
These information are grouped into three main categories: 
• features describing the usage pattern of telephone service in 

terms of: number of calls, call destination (to mobile, long 
distance, etc.), call duration, temporal distribution, charging 
rates (peak, off peak), ISP usage (distinguish between TI ISP 
and other ones), international calls, line activity (days per 
month); 

• features describing the contract characteristics like: 
subscription age, discount/special offer subscriptions, type of 
service (PSTN, ISDN, etc.); 

• features describing the customer observable characteristics 
like: age, job, city population, birth place. 

The utility function is the weighted sum of the determination of 
variable associated to the mentioned features and of the bias 
representing the contribution of the unobservable ones. All 
these characteristics are not been used in the clustering task, that 
instead has been performed mainly on monetary valued 
features. 

The results 
We briefly show the resulting model in order to depict the kind 
of support information that a marketing division expects from 
an economic model, even it was fitted by the means of KDD 
tools. The trained model exposes the following confusion 
matrix that has been considered completely adequate to our 
purposes. 

Table 1. Model confusion matrix. 

Predicted class  
TI COMP n.c. 

TI 76,1% 23,7% 0,2% Actual 
class COMP 30,4% 69,6% 0,0% 



 
We have observed that, among the 27 features employed in the 
model fitting step, it is sufficient to take into account only the 
bias and the 6 features with highest dispersion values to 
statistically explain more than 90% of demand determination 
(see Table 2). We have also found that high consumption levels 
and enhanced service subscriptions (e.g., ISDN) are deterrent to 
churn, that is, instead, joined to presence of Internet access 
services. 

Table 2. Model feature dispersions. 

Rank Feature Dispersion 
(%) 

Cumulative 
dispersion (%) 

1 Unobservable 
characteristics (bias) 35.36 35.36 

2 ISDN service 31.36 66.72 
3 Total charge 11.63 78.35 

4 No. of long-distance 
off-peak calls 3.57 81.92 

5 No. of mobile peak calls 3.15 85.07 

6 Use of TELECOM 
Italia ISP 3.00 88.07 

7 Use of another ISP 2.53 90.60 
 
A key feature of this kind of model is that the economic 
theoretical framework enables us to simulate the market 
aggregated behavior as response to operator initiative (i.e., 
loyalty campaign). 

7. CONCLUSIONS 

Starting from our experience in design a DSS for strategic 
marketing, we have pointed out several limitations of the KDD-
based approaches; so we have devised a methodology that 
exploits some Microeconomic theory elements as previous 
domain knowledge and KDD techniques to leverage on 
enterprise information assets. In terms of Economics Sciences, 
we have introduced a new set of tools to induce a model of an 
observed system and to compensate some kind of sampling 
distortions that usually avoid to adequately use enterprise data 
in strategic marketing tasks. 
We have experienced our methodology by analyzing the 
deregulated Italian telecommunications market. The obtained 
model is able to explain a substantial part of consumer’s 
selection process since it accordingly exploits domain 
knowledge. This is a very interesting result in term of 
intelligence capabilities of marketing department. Despite 
deeper investigations are always possible including new kind of 
data, such information should not be easily and timely available 
especially during market transition. 
We aim to build a more consistent and rigorous formal 
framework to accommodate the exploiting of field specific 
knowledge in a KDD application, since this approach has 
shown interesting value points for business. We also believe 
that to gain enough expressive power we need to go forward 
RDM and analytical learning approach. Given the strong 
requirements in terms of computing performance, model 
understandability and knowledge significance, this is a very 
promising and interesting investigation topic. 
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