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Abstract. With intense increase in number of competing service providers in 

the information and communication sector, companies must implement 

mechanisms for forecasting consumer interest in new services. Common growth 

models provide the mechanisms for modelling and predicting acceptance of a 

certain service. However, they have two shortcomings: i) limited precision; and 

ii) a short, but yet existing, time delay. By using semantic reasoning for 

detecting similarities between services already on a market and ones that are 

just to be introduced, it is possible both to increase forecasting precision and 

eliminate the time delay caused by the need to collect a certain amount of data 

about the new service before a prediction can be made. The proposed semantic-

aware prediction model is elaborated on a case of forecasting YouTube clip 

popularity. 
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1   Introduction 

Considering the increasing number of competing service providers and services on the 

information and communication market, companies must focus on maintaining 

consumer satisfaction. In order to do so, service providers must observe their 

consumers individually, rather than seeing them just as a part of a certain market 

niche. Such individual and personalized approach can be recognized on the market 

through two most common concepts: Consumer Relationship Management (CRM) 

and Consumer Managed Relationship (CMR) [1][2]. These two concepts reside on 

three basic ideas: i) consumer experience management (CEM), ii) real-time analysis, 

and iii) technology used for cost decreasing and creating a consumer-oriented 

environment [3][4][5].  

 Most companies react only when a number of consumers decreases (i.e. churn rate 

dominates over growth rate). However, by then it is usually too late to intervene. On 

the other hand, using Predictive Analysis (PA) can lead to a proactive consumer 

retention strategy [4]. By analysing consumer habits, expenditure and other behaviour 
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patterns, forecasting models can determine the probability of a decrease in 

consumers’ interest in a certain service, or even the potential interest in a service that 

has yet to be introduced in the market [6]. Additionally, predictions could be 

improved with the use of Semantic Web technologies which enable detection of 

similar services already on the market.  

 In this paper, we will first make an insight in the common forecasting models and 

state-of-the-art technologies for semantic service profiling (Section 2). Then we will 

present our proposed system through key processes (Section 3) and its architecture 

(Section 4). In Section 5 we will conduct an evaluation of our ideas on YouTube clip 

popularity forecast. Section 6 concludes the paper and presents the future research 

planned to result in original scientific contribution of a doctoral candidate. 

2   Related Work 

After a long era of easily predictable fixed voice telephone services, information and 

communication industry has come to a period of intensive introduction of a very wide 

spectrum of numerous new services [8]. Rapid technological development and 

liberalisation have made the information and communication market a very dynamic 

environment where forecasting is becoming increasingly important. By understanding 

data patterns during information and communication services’ life-cycles, a service 

provider can perform optimal business planning of its capacities, investments, 

resources (e.g. human potentials and equipment), marketing and sales. However, there 

is always the problem of bridging the gap between collected historical data and the 

anticipated value in the future due to the lack of reliable input data for forecasting. 

2.1   Service Growth Models 

Every service's life-cycle (SLC) consists of phases shown in Fig. 1 [9]: development, 

introduction, growth, maturity and decline. A typical service during its life-cycle 

passes through specific phases of market adoption, which can be observed through the 

number of service users. Understanding these phases in a SLC is especially important 

for highly competitive market environments and particularly for services based on 

emerging technologies. Numerous researches have resulted in a conclusion that these 

phases can be described by mathematical models which will be briefly explained here. 

 Growth models mathematically describe patterns of growth in nature and economy, 

illustrate how a certain environment reflects on the growth, as well as enable future 

growth forecasting. Particularly, diffusion of new ideas and technology, market 

adoption of new products and services, as well as allocations of restricted resources has 

characteristic S-shaped (sigmoidal) growth. Two most commonly used S-shaped 

models for initial phases of a SLC (i.e. development, introduction, growth) are the 

Logistic and the Bass models. Later phases of a SLC require more complex models 

(e.g. Bi-Logistic growth model) [8]. This paper will be focused on the services in their 

initial SLC phases. 
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The logistic model is a widely used growth model with numerous useful properties 

technological and market development forecasting. During the first phase

of the logistic model is exponential, but later negative feedback slows the gradient of 

the number of consumers approaches the market capacity limit M. Individual 

impact of each parameter can be seen in Fig. 2. 
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Interest in a service described by the Bass model with different parameters

The Bass model is widely used for the long-term forecasting of a new service 
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which knowledge is organized into conceptual spaces according to meaning, and 

keyword-based searches are replaced by semantic query answering. Semantic Web 

languages, such as Resource Description Framework (RDF), RDF Schema (RDFS) 

and the Web Ontology Language (OWL), are used to provide structure for resource 

description (i.e. service profiles) [7].  

 Using various query languages, based on Structured Query Language (SQL) syntax, 

it is possible to perform semantic data extraction, thus enabling efficient matchmaking 

of service profiles once they have been created according to a certain standard. Such 

matchmaking enables service comparison to be performed according to true, semantic 

similarities, rather than keyword matchmaking (i.e. YouTube clip tags).  

3   Service Modelling System 

In order to perform new service growth forecasting it is necessary to ensure 

mechanisms for four basic processes: i) creating semantic profiles based on service 

description, ii) mapping existing services’ historical data into growth models (i.e. 

Bass or Logistic model), iii) comparing newly introduced service with existing 

services, and finally, iv) calculating newly introduced service growth model and 

corresponding parameters.  

Semantic Profiling  

First, it is necessary to create an ontology that relates information and communication 

service descriptions (e.g. tags, multimedia clip reproduction quality and length, etc.) 

to semantic profiles that can be autonomously processed by computers [7]. It is not 

possible to create comprehensive service ontology because the number and variety of 

services on the market increase on an hourly basis. Therefore, it is necessary to ensure 

a simple ontology upgrade process to enable description of new services, as well 

matchmaking of new services with those already in the market. 

Modelling Existing Services 

Number of consumers of a certain services, when observed through time, forms a 

rather irregular set of discrete data points. Our system must transform this stochastic 

set of data into a smooth S-curve that approximates the actual numbers with a 

satisfactory degree of deviation (Fig. 4). Finding the correlation is performed in two 

steps: recognizing the correct model (e.g. Bass or Logistic model) and calculating the 

corresponding parameters. For a data model defined by k parameters it is necessary to 

have at least k known data points. When there is exactly k known data points, the 

parameters are the solutions of a system of equations. System is usually nonlinear, so 

iterative numerical methods need to be performed for its solution. When there are 

more than k data points known, the weighted least squares method is the most 

commonly used. The objective is to minimise sum of squared differences between 

actual data points from a real world and evaluated points from a model [8]. 
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Modelling Newly Introduced Services  

The final goal of our system is to forecast consumer interest in newly introduced 

by calculating its growth model. In order to achieve that it is firstly 

the newly introduced service fits in the existing set of services

. We propose using semantic matchmaking to detect most similar services

Once we have identified similar services it is possible to choose the most appropriate 

(i.e., the most common growth model among similar services) 

chosen model parameters based on parameter values of the similar 

services, taking corresponding semantic similarities as weight factors (i.e. the most 

similar services are the most important while calculating parameter values

 

The process of predicting consumer interest in newly introduced service

System Architecture 

The system we propose in this paper consists of three main entities: 

semantic repository, and iii) agent-based application (Fig.

YouTube) offers its consumers information and communica

. multimedia clips) via Internet. Each service is characterised with

. identification, category, author, resolution, tags) and data that defines 

defined as Y(t) 

ly introduced 

firstly necessary 

fits in the existing set of services on the 

. We propose using semantic matchmaking to detect most similar services [7]. 

choose the most appropriate 

(i.e., the most common growth model among similar services) and 

based on parameter values of the similar 

i.e. the most 

similar services are the most important while calculating parameter values). This is 

est in newly introduced service 

The system we propose in this paper consists of three main entities: i) service 

Fig. 6). The 

information and communication 

is characterised with its 

. identification, category, author, resolution, tags) and data that defines 



the number of its consumers (e.g. multimedia clip viewers) from the moment it was 

introduced on the market. 

 The Semantic Profiling Agent transforms service descriptions into semantic 

profiles. The Service Modelling Agent recognizes the adequate growth model 

for each existing service with sufficient data and calculates the parameters 

accordingly. The semantic profile and growth model information (for each service) 

are then stored into a semantic repository so they can later be used for semantic 

matchmaking with newly introduced services, as well as calculating growth model of 

newly introduced services. The New Service Modelling Agent uses the 

information stored within the semantic database and calculates the model when a new 

service is introduced and there is none or insufficient data to calculate the model from 

its data points. 

 

 

Fig. 6 - Architecture of an agent-based system for predicting consumer interest in 

newly introduced services 

5   Proof-of-Concept Scenario: Calculating a Growth Model for a 

Newly Introduced YouTube Clip 

In this section we will present the functionalities of our proposed system. We will use 

YouTube as a proof-of-concept service provider and multimedia clips as a proof-of-

concept information and communication services. YouTube clips are divided into 

categories (i.e. music, film & animation, education, etc.). Also, each clip has a short 

description and a set of tags suggested by the author. This information is translated 

into a semantic profile as described in Section 4. An example of a complete service 

profile is shown in Fig. 7. The profile consists of four main parts: identification (i.e. 

name, author, URL, etc.), technical characteristics (i.e. video clip resolution, frames 

per second, duration, etc.), keywords retrieved from tags (i.e. actor names, director 

name, content keywords, etc.), and calculated growth model information (i.e. model, 

parameters).  

  



 

Fig. 7 - Semantic profiling of a YouTube clip1 

Service Matchmaking 

Comparison of YouTube clips is based on semantic matchmaking that is performed 

by the New Service Modelling Agent [7]. Each semantic profile consists of 

attributes and joint values. Semantic matchmaking is based on numeric evaluation of 

categories clips belong to, basic data type attributes (i.e. resolution, duration), and 

class instance attributes (i.e. actors, director). Such numeric evaluation results in a 

final similarity level between 0 and 1.  

 Semantic matchmaking is first performed between clips’ categories. For example, 

two YouTube clips from Sports category are more likely to have similar parameter 

values than two clips from different categories. After that each common attribute is 

compared. Numeric value comparison is the quotient of the smaller and the larger 

number. For example, if we compare clips with durations of 150 and 300 seconds, 

their similarity is 0.5. String and binary value comparison result is 1 if the values are 

identical and 0 otherwise. Class instance attributes are compared observing classes’ 

positions in the ontology class hierarchy, where the result is 1 divided by the number 

of steps between them [7]. For example, if we compare two clips where one has Ballet 

in the Keyword section, and the other has Opera in the same section, with both Opera 

and Ballet representing instances of class Entertainment, their similarity will be 0.5. 

 Once all the attributes have been compared, final profile similarity is calculated 

using weighted arithmetic mean method where weight factors are custom values that 

represent the importance of each attribute. For example, clip category should have a 

much higher weight than Frames per Section attribute. More detailed insight in 

semantic matchmaking is presented in [7] and [13]. 

                                                           
1 The information was retrieved from: http://www.youtube.com/watch?v=5jaI1XOB-bs 

(accessed: December 19th, 2011) 



Growth Forecasting for Newly Introduced Services  

If we were to look back at the time when the Black Swan Trailer had just been 

uploaded, a whole different modelling process would have occurred. When a new 

video clip is introduced it is compared to all existing clips in the system by the New 

Service Modelling Agent. After semantic matchmaking results are obtained we 

choose a certain number (e.g. five) of clips most similar to the newly introduced clip. 

An example of calculated similarities and Bass model parameters for most similar 

clips is shown in Tab. 1. 

Tab. 1 - Sample clip data 

 
 

Parameters for the newly introduced clip are calculated as follows (according to the 

rule from the Fig. 5): 
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where si represents the semantic similarity between the new clip and YouTube clip i, 

while Mi, pi and qi are Bass model parameters of clip i. Once parameters M, p and q 

are calculated it is possible to approximate the number of viewers the new clip should 

reach in near future. As was mentioned earlier, basic Bass model works best if used 

on initial growth modelling. Latter stages of SLC require more complex models.   

6   Conclusion and Future Work 

In this paper, we propose a multi-agent system for forecasting consumer interest in 

new services. The innovativeness of our proposal can be recognized in using semantic 

reasoning for enhancing newly introduced service growth modelling. The semantic 

reasoning is particularly helpful when insufficient data about new service popularity 

is available – semantic reasoning enables us to substitute missing data for parameter 

Semantic similarity M p q

YouTube Clip 1 0.754 2 050 200 0.125 0.132

YouTube Clip 2 0.726 2 433 150 0.139 0.078

YouTube Clip 3 0.719 1 510 220 0.105 0.112

YouTube Clip 4 0.698 2 601 500 0.098 0.102

YouTube Clip 5 0.695 1 896 000 0.117 0.087

YouTube Clip 6 0.631 2 100 500 0.058 0.051

YouTube Clip 7 0.624 4 300 400 0.133 0.035

YouTube Clip 8 0.523 1 500 000 0.081 0.125

YouTube Clip 9 0.496 500 000 0.048 0.193

YouTube Clip 10 0.478 215 000 0.052 0.032

... ... ... ... ...



calculation with the data from similar services already on the market. Such approach 

should enable service provider to perform pre-market forecasting in order to 

determine whether the service has its place in the market or it is destined for failure. 

Our future research will be focused on the following three challenges. The first 

challenge is improving the implemented semantic reasoning mechanism. Key tasks 

which correspond to this challenge are improving scalability of semantic matchmaking 

algorithm and creating mechanisms for automated service profiling (e.g. automated 

transformation of YouTube clip tags into semantic profiles). The second challenge is 

implementing a more generalized model that will be applicable over complete service 

life-cycle (not just for the initial life-cycle phases). The final challenge is verification 

of our proposed system on various information and communication services (e.g. 

forecasting consumer interest in news based on news diffusion through a social 

network). 
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