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Abstract 
People have access to more data in single day than most people that have access to data in the 
previous decade. This data is created in many forms and it highlights the development of Big Data. 
Big Data in organizations have transformed the way organizations across industries implement 
new approach to handle huge amount of data. Organizations rely to this data to achieve specific 
business priorities. The challenge is how to retrieve this data to be considered relevant for the 
specific organization activities because determining relevant data is a key to deliver information 
from massive amounts of data. The aim of this paper is to integrate organizational data and social 
data using an ontology to retrieve relevant information for efficient decision-making. We 
investigate how external data such as social media can support internal data such as 
organizational data in relation to the organizational goals. The results from the case study 
demonstrate how we incorporate social data and organizational data. This paper demonstrates 
that ontology provide a platform to integrate social data and organizational data. 
Keywords: Big Data; Ontology; Organizational data; Social Media; Twitter 
 
1. Introduction    Big Data provides significant opportunities for enterprises to impact a wide 
range of business processes in organizations (Berber et al., 2014; Izhar et al., 2013; Kang & 
Sim, 2011; Sá et al., 2015). Although there are many studies conducted on Big Data in the 
context of the organizations (Berber et al., 2014; Galbraith, 2014; Grossman & Siegel, 2014; 
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Hazen et al., 2014), there is still little debate these days on the role and importance of Big 
Data for efficient decision-making (Davenport & Dyche, 2013; Grossman & Siegel, 2014; 
Manyika et al., 2011).Even though there are many recent studies conducted on Big Data in 
the context of the organizations (Berber et al., 2014; Galbraith, 2014; Grossman & Siegel, 
2014; Hazen et al., 2014), there is still little debate these days on the role and importance of 
Big Data for better decision making to support the goals of an organization (Davenport & 
Dyche, 2013; Grossman & Siegel, 2014). There is yet no consensus about how best to 
incorporate Big Data in the organizations and how the process of incorporating Big Data can 
identify the relevance of data to assist in decision-making process. The emergence of Big Data 
has led to a profound transformation on how organizations store, manage and analyse their 
data. Increased access to large-scale data enables an organization on how to capture relevant 
data, which can assist in their decision making process. It is now possible to manage the 
volume, velocity and variety of data using the tools and software, so the focus in this research 
is to shift towards how we can use analyses to find extra value from this data analysis in 
relation to certain organizational goals. This will make significant achievement that provides 
an important innovation in research methods in Big Data era to trace how data flows across 
organizations. At the same time, it will educate organizations on how to analyze data to 
support their decision-making process. 
      
1.1 Purpose 
 
     The aim of this research is to develop a framework that underpins a seamless integration 
of organizational data and heterogeneous external data pertinent to the organization’s focus 
area. In this era of Big Data science, it is critical for organizations and businesses to be able to 
embrace this new facility and to accurately integrate the knowledge-bases from multiple 
sources into the organizational information repository. The availability of a mechanism that 
allows seamless consolidation of knowledge from external sources will enrich the capability 
of the organization to make accurate decision-making. These heterogeneous external sources 
are growing very significantly in the last few years, especially due to the availability of wireless 
and mobile technologies, crowd-sourcing facilities, Internet of Things and sensor networks, 
as well as social media and web data. All these technologies generate huge amount of data 
and together they can be extracted to generate values to the organization and to establish 
situational awareness of the community or market trends. 
     The main complexity of establishing the above mentioned framework lies on the 
heterogeneity of the data and information sources. In addition, they all have different nature 
in terms of volume and velocity (e.g. sensor data and social media data may be large amount 
of streaming data, other data sets may be less dynamic), spatial relativity aspect (e.g. mobile 
data may have inherent spatial/GPS knowledge that can be extracted), and quality aspects 
(e.g. crowd-source data may be less reliable), etc. 
     The remainder of this paper is organized as follows. Section 2 is literature review. Section 
3 discusses on the proposed framework. Section 4 is case study. Section 5 is metrics and data 
collection. Section 6 is discussion. The final sections contain the future works and concluding 
remarks 
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2. Literature review 
     Society is becoming increasingly more instrumented and as a result, organizations are 
producing and storing vast amounts of data. Managing and gaining insights from the 
produced data is a challenge and key to competitive advantage (Assuncao et al., 2015). Big 
data is a new way of thinking about enterprise data and how it can drive business value. The 
amount of data that is available to businesses is increasing, with social media and machine-
to-machine as just two of the leading sources. Storage is getting cheaper and processing 
power is getting faster. The central role of business services in today’s enterprises, and the 
more complex architecture through which they are delivered, make it essential to manage big 
data solutions from a business perspective. Business perspective focuses on business 
objectives and benefit, and prioritizes resources and activities according to the needs of the 
business. In this way, structuring the big data can ensure optimal relevance of data for more 
effective decision-making (Izhar et al., 2013). 
     With the development of smart devices and cloud computing, more and more data can be 
collected from various sources and can be analyzed in an unprecedented way. The huge social 
and academic impact of such developments caused a worldwide buzz for big data (Huang et 
al., 2015). For example, social media have been adopted by many businesses. More and more 
companies are using social media tools such as Facebook and Twitter to provide various 
services and interact with customers. As a result, a large amount of user-generated content 
is freely available on social media sites (He et al., 2013). 
     Social media has been a popular topic among scholars spanning several disciplines 
including communication, psychology, sociology and business. The bulk of existing academic 
literature on social media has been published in just the last few years and has focused on 
the social processes of social media and its effects in areas such as marketing, politics, health 
communication, and education (McIntyre, 2014). Social media platform such as Twitter has 
stormed onto the social media scene not only as an individual communication device but also 
as an information dissemination platform. People on social media express opinions on 
different topics (Silva et al., 2014).   
     Currently, the majority of social media studies focus on individual companies or 
organizations. There are few studies performing social media competitive analysis on the 
leading companies in an industry in a systemic way (He et al., 2013). Social media can help 
decision makers to ensure efficient solutions to the problems raised (Silva et al., 2014). 
However, the trustworthiness of this social data is often questionable due to the huge amount 
of data created in social media. 
     In recent years, the valuable knowledge that can be retrieved from petabyte scale datasets 
that can led to the development of solutions to process information based on parallel and 
distributed computing (Polato et al., 2014). This paper aims to develop a framework to extract 
value from social data based on mapping and filtering. In order to achieve this framework, we 
adopt data processing approach based on MapReduce. The data processing strategy 
employed by MapReduce consists of two primitive functions: Map and Reduce. Behind this 
simple abstraction is a single fixed data flow. A MapReduce job is divided into Map and 
Reduce tasks, and assigned to idle slots of workers according to these two stages (Polato et 
al., 2014). 
      In recent years, the rapid development of Internet, Internet of Things, and Cloud 
Computing have led to the explosive growth of data in almost every industry and business 
area. Big data has rapidly developed into a hot topic that attracts extensive attention from 
academia, industry, and governments around the world. There are many challenges in 
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harnessing the potential of big data today, ranging from the design of processing systems at 
the lower layer to analysis means at the higher layer, as well as a series of open problems in 
scientific research. Big data processing systems suitable for handling a diversity of data types 
and applications are the key to supporting scientific re-search of big data (Jin et al., 2015).  
     Social media are transforming the way information travels within and between networks 
of individuals (Gangadharbatla et al., 2014). Although the research on social networks dates 
back to early 1920s, nevertheless, social media analytics is a nascent field that has emerged 
after the advent of Web 2.0 in the early 2000s. The key characteristic of the modern social 
media analytics is its data- centric nature. Social media analytics refer to the analysis of 
structured and unstructured data from social media channels. Social media is a broad term 
encompassing a variety of online platforms that allow users to create and exchange content. 
User-generated content (e.g., sentiments, images, videos, and bookmarks) and the 
relationships and interactions between the network entities (e.g., people, organizations, and 
products) are the two sources of information in social media (Gandomi & Haider, 2015).   
     Social media have profoundly changed our lives and how we interact with one another and 
the world around us (Qualman, 2009; Safko & Brake, 2009). Recent research indicates that 
more and more people are using social media applications such as Facebook and Twitters for 
various reasons such as making new friends, socializing with old friends, receiving 
information, and entertaining themselves (Kaplan & Haelein, 2010; Keckley, 2010; Park, Kee, 
& Valenzuela, 2009; Raacke & Bonds-Raacke, 2008). Social media analysis will extract value 
from vast amount of social media data to detect and discover new knowledge to understand 
how industry is changing, and use the findings and improved understanding to achieve 
competitive advantage against their competitors (Governatori & Iannella, 2011; He et al., 
2013). Social media competitive analysis allows a business to gain possible business 
advantage by analyzing the publicly available social media data of a business and its 
competitors (He et al., 2013). As social media have become a topic of interest for many 
industries, it is important to understand how social media data can be harvested for decision-
making (He et al., 2013).   
     With the development of smart devices and cloud computing, more and more public data 
can be collected from various sources and can be analyzed in an unprecedented way. The 
huge social and academic impact of such developments caused a worldwide buzz for big data. 
Data flow is an ordered sequence which is consecutive, high-speed, infinite and time varying. 
It’s also of great importance in internet management, internet security and internet 
experiment. However, with the rapid development of internet technology, the number of 
internet applications and users keeps rising, and the internet data is growing exponentially 
(Zhi et al., 2011). As a result, there is a stricter requirement about the efficiency, expandability 
and stability of the data flow in social media.  
 
3. Framework 
    The framework aims to resolve the issue in identifying and evaluating relevant data for 
better decision-making that covers the characteristics of good quality relevant data. 
 
3.1 The role of ontology 
 
     The ideas of using an ontology and visual structuring in organization applications were 
discussed in many works and now are implemented in many sectors (Almeida & Barbosa, 
2009; Mansingh et al., 2009; Rao, Mansingh, & Osei-Bryson, 2012; Valaski et al., 2012; 
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Valiente et al., 2012). However, much of the research in this field did not receive much 
attention in the literature on incorporating the Big Data for social media to assist the 
organizations with the decision-making process in relation to the organizational goals.  
     An ontology provides explicit and formal specifications of knowledge, especially implicit or 
hidden knowledge (Cho et al., 2006). By incorporating the Big Data, an ontology make the 
process to identify the relevance of data more easily consumable to address which data from 
the datasets are more important in evaluating the goals. The outcome of this paper can 
establish an analytics of Big Data structure for the organizations to ensure that analytics 
processes are supported by the specific organizational priorities. The contribution of an 
ontology is to improve the creation of model ultimately takes place through the organizational 
goals and it works as a type of relationship to represent the dependency relationship between 
data and organizational goals, as shown in Figure 1.  
 
 

 
 
Figure1. Extended version of the organizational goals ontology (adapted from Izhar et al. 
(2013)) 
 
     Despite the various existing methodologies to evaluate the organizational process based 
on an ontology (Fox et al., 1996; Fox et al., 1998; Mansingh et al., 2009; Rao et al., 2012; Rao 
et al., 2009; Sharma & Osei-Bryson, 2008), this paper focuses on structuring the relationship 
between social data and organizational data in relation to the organizational goals. This 
process consists of identifying which data are relevant in achieving the organizational goals 
that will be used by domain experts and entrepreneurs who contribute to the decision-making 
process. They are also responsible for identifying to what extent the organizational goals have 
been achieved.  
 
4. Case study 
     This case study is presents to evaluate the relationship between organizational data and 
social data. The aim is to investigate how data from social media can incorporate with the 
organizational data for better decision-making in relation to the organizational goals. In order 
to achieve this aim, we present a case study from La Trobe University Student Support 
Services. We evaluate internal data, which is data that have been collected in the university 
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and external data, which is data that have been collected from social media. We apply data 
from Twitter in relation to the case study goal. 
 

 
Figure 2. Ontology for La Trobe University. 
 
4.1 Dependency relationships for the goals: 
 
     We identify the relationships for the goal and sub-goals. In Figure 2, Student Support 
Service is part of La Trobe University. Student Support Service has a goal. The goal is to 
evaluate the level of student satisfaction. This goal is assessed using metrics. Student 
satisfaction consists of sub-goals. The sub-goals are service popularity and service 
satisfaction. The sub-goals rely on resources. Resources are organizational data and social 
data. We identify the relationships are: 
 

• part_of (student support service, La Trobe University) 

• has_goal (student support service, student satisfaction) 

• assessed_using (student satisfaction, metrics) 

• consists_of_sub-goal (student satisfaction, service popularity) 

• consists_of_sub-goal (student satisfaction, service satisfaction) 

• relies_on (service popularity, resources) 

• relies_on (service satisfaction, resources) 
 
4.2 Dependency relationships for organizational data: 
 
     We identify the relationship for organizational data.  Organizational data access the 
Student Support Service Report and this report includes student background. In this case 
study, we only evaluate the background based on campus. The relationships are defined as: 
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• access_the (organizational data, student support service report) 

• includes (student support service report, student background) 

• based_on (student background, campus) 
 
4.3 Dependency relationship for social data: 
 
     In order to support the evaluation of organizational data in relation to the goal in this case 
study, we evaluate data from social media. In this case study, we present data from Twitter. 
Data are selected based on LaTrobe username. People in LaTrobe network discusses about 
student satisfaction. In this user network, someone might mention or tweet the word 
“student satisfaction”. Then, we filter our search from student satisfaction to service 
popularity and service satisfaction. This includes people who tweet, mentions and replies the 
word student satisfaction.  
     The relationships shows when the person in the user network who tweet, mentions or 
replies to one another tweet about student satisfaction. In this case study, we summarize all 
these relationships as discussed about. It means people tweet, replies and mention about 
certain topic. The relationships are defined as: 

• such_as (social media, Twitter) 

• include_username (Twitter, LaTrobe) 

• has (LaTrobe, followers) 

• has (LaTrobe,following) 

• discuss_about (followers, student satisfaction) 

• discuss_about (following, student satisfaction) 

• includes (student satisfaction, service popularity) 

• includes (student satisfaction, service satisfaction) 
 
5. Metrics and Data Collection  
 
5.1 Metrics 
 
     In this section we define the metrics. This section identifies the different weights which 
were assigned to the dependency variables to measure the level of student satisfaction in the 
La Trobe Student Support Services based on service satisfaction and service popularity. The 
case study used in this experiment provides an approach to show how the data relating to the 
case study goal can be analysed. However, we are mindful of the fact that domain experts 
and entrepreneurs might want to analyse data in a different way to the way we have 
undertaken the analysis in this case study, which would require a different approach to define 
the metrics.  
     The overall student satisfaction based on service satisfaction and service popularity is 
calculated based on total rank and percentage using the following metrics: 
 
Total rank= (Total × Rank) 
 

Percentage =  (
Total

Total rank
× 100) 
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5.2 Evaluate of Organizational Data: 
 
      We applied dataset from La Trobe University Student Support Services Experiment Report 
in 2011. A survey was conducted online and the students were invited to participate by 
completing an anonymous questionnaire, as guaranteed confidentiality helps ensure that the 
true concerns of the students are identified. The survey firstly asked students to provide some 
demographic information regarding the La Trobe University Services which were considered 
critical to the satisfaction of students. Students were asked to indicate whether:  
 

• they had not used the services but were aware of them.  

• they had used the services but believed the services could be improved.  
 
Table 1. 
Total Score Of Service Population And Service Satisfaction Based On Campus 

Campus  Service popularity  Rank Service satisfaction  Rank 

Bundoora 68 2 32 5 

Bendigo 67 3 33 4 

Albury Wodonga 70 1 30 6 

Mildura 66 4 34 3 

Shepparton 63 5 37 2 

City 59 6 41 1 

Total/ Total rank 393 1340 207 689 

Percentage 29  30  

 
     In this dataset, we selected 11 different services provided by La Trobe University. It is 
important to note that we do not mean to imply that the entire services are not important 
but we suggest that these numbers of services are enough to test the flexibility of the 
framework with respect to the La Trobe University Student Support Services. A value is 
assigned to each La Trobe Student Support Service to identify the degree of student 
satisfaction of the student support services and to identify which service was considered the 
most important in increasing student satisfaction. In this case study, we only evaluate the 
satisfaction of the students in the La Trobe Student Support Services based on campus (Albury 
Wodonga, Bendigo, Bundoora, City, Mildura, Shepparton), as shown in Table 1. The results in 
Table I show that service satisfaction is higher compare to service popularity 
 
5.3 Evaluate of Social Media Data 
 
      In order to identify the participants, we use the sampling pool of Twitter that appears in 
the NodeXL. It is a software tool that import data from outside data providers. We apply 
NodeXL, an extendible toolkit for network overview to discovery and exploration 
implemented as an add-in to the Microsoft Excel 2007 spreadsheet software. NodeXL is 
applied to retrieve data from social media and import this data. NodeXL demonstrate data 
analysis with a social media data sample drawn from an enterprise intranet social network.  
     Users create data on Twitter every second and data are collected based on the date of the 
tweet is created in order to avoid huge volume of data. NodeXL import data from Twitter 
username LaTrobe into the spreadsheet. In this case study, data are evaluated for two weeks 
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from 17 November 2014 to 30 November 2014, as shown in Table 2. Therefore, data are filter 
and capture within this period of time. 
     When it comes to collecting, computing, analyzing, and acting on social data, technical 
challenges are quite different because number of social data always increase and make it 
difficult to evaluate. For example, today data might be important but tomorrow this data 
might not be important anymore. In LaTrobe network, we capture data that match to the 
query of people who discuss about student satisfaction. We expand this query by looking at 
people who discuss about service popularity and service satisfaction. Data are based on 
people who tweet, mention and replies about the query. Data are filter as follows: 
 

• Twitter has many users. 

• We capture data from LaTrobe username. 

• Within LaTrobe network, we capture data from people who tweet about student 
satisfaction. 

• Within student satisfaction, we capture data from people who tweet about service 
popularity and service satisfaction. 

 
5.4 Data Filtering and Retrieval Using NodeXL 
 
    This section will provide steps to demonstrate how we filter data from large amount of data 
from the social media to allow us to evaluate specific query in relation to the goals. These 
preferences are used to configure the steps in filtering the data from Twitter using NodeXL. 
 

 
 
Figure 3. Imported Twitter data into spreadsheet. 
 
Import from Twitter users network. 

• It optionally clears the NodeXL workbook, then get the network of specified Twitter 
users. 

• Specify the Twitter users with specific username. 
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• We are interested in username @LaTrobe. 

• Import basic network plus followers and following who replies, mentions and tweet. 

• Limit it to 100 recent tweets per user. 

• Import from Twitter search network. 

• It optionally clears the NodeXL workbook, then get the network of people who tweets 
certain specified word. 

• Search for the tweets that match to the specific query. 

• We search for student satisfaction. 
 
Import basic network to specifically show who replied or mentioned in the tweets. 

• Limit to 100 tweets. 

• Filter by relationships (tweet, mentions and replies). 

• Filter by specific date (day, week, month). 

• We apply the steps for tweet that match to service popularity and service satisfaction 
in user network. 

 
     The results in Table 2 show that service satisfaction has the higher number of tweet with 
70 numbers. It shows that students prefer to discuss about service satisfaction.  
 
Table 2.score of tweets that relate to student satisfaction. 
 

Weeks 
Service 
popularity Rank 

Service 
satisfaction Rank 

Week 1 121 1 726 1 

Week 2 120 2 524 2 

Total/Total rank 241 361 1250 1774 

Percentage 67  70  
 

 
 
Figure 4. Imported Twitter data into spreadsheet. 
 

0

5

10

15

20

25

30

35

40

45

50

Day 1
(17/11/2014)

Day 2
(18/11/2014)

Day 3
(19/11/2014)

Day 4
(20/11/2014)

Day 5
(21/11/2014)

Day 6
(22/11/2014)

Day 7
(23/11/2014)

N
u

m
b

e
r 

o
f 

tw
e

e
t

Tweet about student satisfaction in week 1

Total tweet



INTERNATIONAL JOURNAL OF ACADEMIC RESEARCH IN BUSINESS AND SOCIAL SCIENCES 
Vol. 6 , No. 9, 2016, E-ISSN: 2222-6990 © 2016 

11 

 
 
Figure 5. Imported Twitter data into spreadsheet. 
 
5.5 Evaluate of Social Media Data and Organizational Data: 
 
      In order to evaluate social data and organizational data, we improve the metrics to 
incorporate both data in relation to the goal. In this metrics, we evaluate the data based on 
the overall rank. Overall rank is a total rank for both sub-goals. For example, if total rank for 
service popularity is 125 and service satisfaction is 130. Therefore, overall rank is 255. The 
definition of overall rank is as follows:  
 
Overall rank= (sub-goal 1(total rank) + sub-goal 2(total rank)) 
 
      After we identify the goal and sub-goals, we identify the relationship between goal and 
sub-goals. Based on this relationship, we identify data that relate to the goal. In this paper, 
we incorporate internal data (survey from La Trobe University Student Support Service 
Report) and external data (social data from Twitter).      
 
Table 3. 
evaluation of social data and organizational data in relation to the student satisfaction. 

Data Service popularity Rank Service satisfaction Rank 

Social data 67 1 70 1 

Organizational data 29 2 30 2 

Total/Total rank 96 125 100 130 

Total/ Overall rank 96 255 100 255 

Percentage 38  39  
 
 
     In Table 3, the results show that service satisfaction has the highest percentage compare 
to service popularity. These results are consistent with the results from organizational data in 
Table 1 and the results from social data in Table II. The results show that service satisfaction 
is important toward student satisfaction of La Trobe Student Support Services.    
  The results show the relationship between social data and organizational data in relation to 
the case study goal. In conclusion, social data can contribute for better decision-making 
process.  
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6. Discussion 
     Most organizations today are fundamentally dependent on their data and information 
handling services facilitated by their information technology to collect, store, flow, manage 
and analyze data better. This paper addressed the relationship between different types of 
data and organizational goals. We proposed the organizational goals ontology to develop this 
relationship so we can identify the goals, sub-goals and data that relate to the organizational 
goals.  
    A unique contribution of this paper is its perspective on how data from social media can 
support organizational data for better decision-making. The paper resolves the issue to 
identify data that relate to the goals, especially social data. After we analyse both 
organizational data and social data, we see that these two data provide consistent results. 
The results assist decision-making process for consistent outcome, which may lead to 
achieving the organizational goals.   
     Evidence has shown that organizational goals ontology can be effectively developed the 
relationship between organizational data and social data in relation to the organizational 
goals. For example, despite the challenges in capturing relevant data from social media, 
filtering this data would be a better solution to store and analyse this data as they could 
incorporate with organizational data for better decision-making. Also, as larger volumes of 
social data are unstructured, data becomes more complex to analyse. NodeXL has been found 
to deal better with complex and unstructured social data, in which it can import social data in 
basic spreadsheet.   
 
6.1 Contribution 
      The analysis and evaluation of the data assisted our decision-making process in evaluating 
the level of student satisfaction based on service satisfaction and service popularity based on 
organizational data and social data. The case study was implemented and proves the 
applicability of the organizational goals ontology. In contrast to Rao et al. (2012), Fox et al. 
(1998) and Sharma and Osei-Bryson (2008), the final results of the organizational goals 
ontology achieved the aim of being flexible and applicable in assisting decision-making in 
relation to the organizational goals.  
 

• Flexible to identify the organizational goals 
      In this paper, we explained how to define the organizational goals. The usage of ontology 
assists the flexibility to define the organizational goals. By using an ontology, the process to 
identify the set of the organizational goals becomes flexible. The results in the case study 
proved the flexibility how we want to define the main goal.  
 

• Flexible to identify the dependency relationship 
     The organizational goals ontology develops the dependency relationship between 
organizational data and organizational goals. We developed the relationship between social 
data and organizational goals. We explained how to identify organizational data from 
organizational datasets that relate to the organizational goals. The organizational goals 
ontology provides this flexibility to develop this dependency. We proved this flexibility in 
which we developed the dependency relationship between data (internal and external data) 
and case study goals. This flexibility assists the process to identify which data to be consider 
relevant to the organizational goals. 
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• Flexible to define the metrics after the main goals are identified 
      We then test the flexibility to define the metrics. In this paper, the organizational goals 
ontology gives domain experts and entrepreneurs the flexibility on how they want to define 
the metrics after they identified the main goals. Domain experts and entrepreneurs have this 
flexibility on how they want to evaluate the data that relate to the organizational goals. This 
flexibility was tested in the case study. This proves that the organizational goals ontology 
assists the process to define the metrics in different way after we identified the goals that we 
want to evaluate.  
 

• Organizational goals ontology assists the decision-making and provide feedback in 
relation to the organizational goals 

     The main objective of data analysis is to evaluate data from the vast amount of datasets. 
In this paper, data analysis is important to identify the value of data that relevant to the goals 
to support decision-making process in relation to the organizational goals (Izhar et al., 2013).  
     After we analyse the data based on the metrics, the values of this analysis were presented 
to evaluate the level of the organizational goals achievement. Organizational goals ontology 
aims to provide a platform to analyse this value. Therefore, they can evaluate the level of the 
organizational goals achievement.  
 
7. Future work 
   In this paper, the evaluation of external data only limited to social media. There are other 
external data that can support the internal data for efficient decision-making such as mobile 
data and sensor data. Therefore, it is important to evaluate this data to see if this data can be 
used for decision-making process. 
   In the future, we will take this framework to the next level by building a Global Ontology 
that can capture the concepts of complexity and use as a basis for data integration processes 
suitable for efficient correlative decision-making. This Global Ontology will reside on the cloud 
and it will initially contain the local organizational ontology.  
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Figure 6. Future work. 
 
 
     We will develop an incremental approach to extend the ontology with relevant external 
knowledge bases by clustering and annotating the external data to concepts and properties 
within the ontology. 
 
8. Conclusion 
     We have described the main features of the organizational goals ontology when developed 
the relationship between organizational data and social data in relation to the organizational 
goals. In addition, we have proposed an alternative approach to capture social data using 
NodeXL. We have tested the application of the organizational goals ontology for better 
decision-making in relation to the organizational goals by evaluating both organizational data 
and social data. In conclusion, organizations can rely on external data such as social data to 
support their decision-making to evaluate their organizational goals achievement. This paper 
shows that the evaluation of the organizational goals achievement is better by incorporating 
social data and organizational data. 
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