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Sammanfattning 

Många organisationer har insett att den växande mängden ostrukturerad text kan innehålla 

information som kan användas till flera ändamål såsom beslutsfattande. Genom att använda så 

kallade text-mining verktyg kan organisationer extrahera information från textdokument. 

Inom till exempel militär verksamhet och underrättelsetjänst är det viktigt att kunna gå 

igenom rapporter och leta efter exempelvis namn på personer, händelser och relationerna 

mellan dessa när brottslig eller annan intressant verksamhet undersöks och kartläggs. I studien 

undersöks hur informationskvalitet kan mätas och vilka utmaningar det medför. Det görs med 

utgångspunkt i Wang och Strongs (1996) teori om hur informationskvalité kan mätas. Teorin 

testas och diskuteras utifrån ett empiriskt material som består av intervjuer från två fall-

organisationer. Studien uppmärksammar två viktiga aspekter att ta hänsyn till för att mäta 

informationskvalitét; kontextberoende och källkritik. Kontextberoendet innebär att det 

sammanhang inom vilket informationskvalitét mäts måste definieras utifrån konsumentens 

behov. Källkritik innebär att det är viktigt att ta hänsyn informationens ursprungliga källa och 

hur trovärdig den är. Vidare är det viktigt att organisationer bestämmer om det är data eller 

informationskvalitét som ska mätas eftersom dessa två begrepp ofta blandas ihop. En av de 

stora utmaningarna med att utveckla mjukvaror för entitetsextrahering är att systemen ska 

förstå uppbyggnaden av det naturliga språket, vilket är väldigt komplicerat. 

Nyckelord: Datakvalitet, entitetsextrahering, informationsextrahering, informationskvalitet, 

mätning av informationskvalitet, mätning, relationsextrahering, text mining 

  



 

 

Abstract 

Many organizations have realized that the growing amount of unstructured text may contain 

information that can be used for different purposes, such as making decisions. Organizations 

can by using so-called text mining tools, extract information from text documents. For 

example within military and intelligence activities it is important to go through reports and 

look for entities such as names of people, events, and the relationships in-between them when 

criminal or other interesting activities are being investigated and mapped. This study explores 

how information quality can be measured and what challenges it involves. It is done on the 

basis of Wang and Strong (1996) theory about how information quality can be measured. The 

theory is tested and discussed from empirical material that contains interviews from two case 

organizations. The study observed two important aspects to take into consideration when 

measuring information quality: context dependency and source criticism. Context dependency 

means that the context in which information quality should be measured in must be defined 

based on the consumer’s needs. Source criticism implies that it is important to take the 

original source into consideration, and how reliable it is. Further, data quality and information 

quality is often used interchangeably, which means that organizations needs to decide what 

they really want to measure. One of the major challenges in developing software for entity 

extraction is that the system needs to understand the structure of natural language, which is 

very complicated.  

Keywords: Data quality, entity extraction, information extraction, information quality, 

information quality measurement, measurement, relationship extraction, text mining 
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1. Introduction 

1.1 Background 

During the past decade, usage of social media has increased from nothing to have more than 

one billion active users (Kihl, Larsson, Unnervik, Haberkamm, Arvidsson & Aurelius 2014; 

Zhang, Choudhury & Grudin 2014). There are many popular social networks such as 

Facebook, Linkedin and Twitter that generate massive amounts of new data and information 

(Zhang, Choudhury & Grudin 2014). In this technology-driven era, many organizations are 

taking advantage of the data in order to make thoughtful decisions (Holsapple 2013; McAfee 

& Brynjolfsson 2012). With the recent explosion in access to digital data, organizations can, 

for example, use unstructured data to improve their decision making (McAfee & Brynjolfsson 

2012). Unstructured data can be found in places such as emails, word documents, and blogs. It 

can, for example, contain text, numbers, and audio (Geetha & Mala 2012). 

A 2005 study by the Gartner Group showed that around 90 % of all data is unstructured and 

that the size of unstructured data is doubling every 18 months (McKnight, 2005). An even 

more recent survey by Gartner Group shows that unstructured data is now doubling every 

third month (Park, Jin, Liao & Zheng 2011). To take advantage of this data, organizations use 

data mining to look for patterns in the data that can support the decision-making process. 

Similar to data mining is text mining, with the purpose to look for patterns in text. The 

process of extracting information from unstructured textual databases can also be named 

knowledge discovery (Sharda, Delen & Turban 2014; Sukanya & Biruntha 2012; Witten, 

Bray, Mahoui & Teahan 1999). 

There are many areas that benefit from the information that is hidden within unstructured data 

and text. Two such areas are crime investigations and intelligence analysis. Agrell (1998) 

discuss in his book “Konsten att gissa rätt” [The art of guessing right] that the American 

intelligence service collected 87 percent of its intelligence by technical means and 13 percent 

by humans. If that was the situation during the 1970s, one can imagine what that number is 

now. In recent years the general public has started to gain an interest in crime investigations, 

which can be seen in TV series like CSI. The process of investigating a crime is knowledge-

intensive and the investigators use different types of IT-based systems to find more detailed 

information within unstructured text (Yang, Chen, Tseng & Ho 2012). 
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1.2 Problem discussion 

Organizations are struggling to make sense of available unstructured data through the process 

of collect, manage, transfer and transform it to add value to the business process (Abdullah & 

Ahmad 2013). One prime example to understand the need for a good text mining process is 

when a law enforcement agency have executed a search warrant and gathered a bulk of 

documents. These documents are most likely containing noise, such as irrelevant information, 

and the analysts need help to make sense of the unstructured text documents. A text mining 

tool can be used to support this process and to make it more efficient (Bogen, McKenzie & 

Gillen 2013). Information extraction can be used to identify entities and their relationships in 

unstructured text, and one of the most important tasks is to identify different types of entities 

such as persons, phone numbers, and addresses. The task is called entity recognition and is 

used specifically to extract named entities and classify them (Kanya & Ravi 2012; Tekiner et 

al. 2009). This process will henceforth be referred to as the more common term entity 

extraction (Abdullah & Ahmad 2013). When relationships between entities are extracted, the 

task is called relationship extraction (Kanya & Ravi 2012; Tekiner et al. 2009). 

Information such as entities and their relations can be discovered in unstructured text, and one 

important aspect of this information is its quality (Jain & Iperotis 2009). Regular problems 

with information quality are inaccuracy, irrelevancy, duplication or incomplete information. 

For example, can low-quality information lead to difficulty of decision making (Lee & Haider 

2013). The problem area can be further described by the use of a practical example. Imagine 

that there is a hostage situation at an embassy. You are the decision maker in charge, trying to 

find out the reason behind the attacks, and who is in charge of the terrorists. This is an 

emergent situation that needs to be taken care of as fast as possible using all available 

information sources, and this is nearly impossible to do effectively and efficiently without 

computers. You need to analyze information related to this situation to discover insights that 

can lead to knowledge to act. With the use of information extraction tools can enough 

information be collected to make thoughtful decisions (Sharda, Delen & Turban 2014).  

The problem background describes that text mining tools can be of assistance when 

organizations struggle to find relevant information within large amounts of text, such as 

documents. Poor information quality can result in problems for organizations. One example 

would be that the same customer had multiple customer number, which made it impossible to 

access all sales data for that particular customer (Wang & Strong 1996). Therefore, it is 
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interesting to explore how organizations are measuring information quality and using text 

mining tools.  

1.3 Purpose 

The purpose of this study is to explore how organizations can measure information quality 

and what challenges are involved in creating an information quality measurement. 

Specifically, the aim is to identify challenges related to entity and relationship extraction and 

information quality. Two organizations will be involved in this study, IBM and The Swedish 

Armed Forces, with the goal, to find deeper and more practical understanding of the problems 

they encounter related to text mining and information quality measurement. This is a timely 

and important topic that affects every organization that is using information extraction 

methods for analysis and investigations. 

1.4 Specifying the Research Question 

To answer the purpose of this thesis, the research question is the following:  

1. How can information quality be measured and what important aspects exist? 

The main question is broken down into four parts, and the first part focus on the important 

factors in the measurement. The first question is formulated as following:  

1.1 What metrics should be included in an information quality measurement and why?  

The second and third question focus on the challenges related to the measurement. The 

questions are formulated as follows:  

1.2 What challenges exist related to the measurement of information quality?  

1.3 What challenges exist related to entity and relationship extraction? 

The final question focuses on how 1.2 and 1.3 interrelate or interpenetrate. It can be 

formulated as following: 

1.4 How these two questions (1.2 and 1.3)  interrelate or interpenetrate. 
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1.5 Thesis Disposition  

Chapter 2 presents the theoretical foundation for this thesis, which includes the concepts data, 

information, and knowledge, information quality, and how text mining works. Chapter 3 

explains the methodology used to fulfill the purpose of this thesis, including a discussion 

about the reliability, validity, and a critical discussion. Chapter 4 presents the empirical 

findings, and the analysis is found in Chapter 5. At last is the conclusion found, and a 

discussion with suggestions to future research.  
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2. Theory 

2.1 What are data, information, and knowledge? 

Arguably, the core concepts of the Information System (IS) fields are data, information, and 

knowledge. Many models have been developed to describe the complex relationships between 

these concepts (Kettinger & Li 2010). Often people say that data is being used to create 

information, and information is being used to create knowledge. Knowledge has the highest 

value, and can be relevant to decision making (Grover & Davenport 2001). This hierarchical 

view of data, information and knowledge is widely accepted by many researchers. 

Organizations process data in order to receive information and information can be processed 

to gain knowledge (Alavi & Leidner 2001; Martz & Shepherd 2003). This traditional 

hierarchy is referred to as the value chain model by Kettinger and Li (2010). They also 

propose different models which argue for a different process of the data, information and 

knowledge creation. In this thesis, the value chain model is most accurate to describe the 

knowledge creation process.  

This view is shared by Geetha and Mala (2012) who argue that data is the lowest level of 

abstraction that, for example, can be stored digitally in a database. Then information and 

knowledge are derived from the stored data using methods such as information extraction 

(Geetha & Mala 2012). Knowledge can be seen as a more valuable form of information 

according to Grover and Davenport (2001). It has been an issue for long to define knowledge, 

and the purpose of this thesis is not to investigate the definition of knowledge. In this thesis, 

the following definition of data and information are being used: 

 Data: “A datum – that is, a unit of data, is one or more symbols used to represent 

something” (Beynon-Davies 2009, p. 8). 

 Information: “Information is data interpreted in some context” (Beynon-Davies 2009, 

p. 8). 

2.2 Information Quality 

Information quality is a part of the information system research area, with the specific purpose 

to improve information quality by looking at different business processes (Lee & Haider 

2013). Information quality has become critical in organizations because information is used to 
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make decisions. Organizations now have a need for direct access to information from multiple 

sources, and information consumers have identified the need and awareness of high 

information quality within organizations. Previous research has addressed the need that 

organizations should measure and try to improve their information quality (Lee et al. 2002). 

Over the last decade, the information quality area has become more mature since information 

is the most important asset to every organization. Different approaches have been developed 

to improve the information quality, with different results. Poor quality of information affects 

all types of organizations, and poor quality creates serious problems for the business. A 

concrete example can be that the hospital staff misplaced a decimal point resulting in a patient 

overdose (Lee & Haider 2012). Therefore, four different motives to the importance of 

information quality have been identified by Lee & Haider (2013). The motives point out that 

high-quality information is a valuable asset and that it provides a strategic competitive 

advantage. High-quality information also increases customer satisfaction and improve 

revenues and profits.  

2.2.1 Distinction between data quality and information quality 

The purpose of this thesis is concerned with information quality; therefore, it is important to 

make a distinction between data quality and information quality. Data quality usually refers to 

technical issues and information quality refers to nontechnical issues. A technical problem 

may be the integration of data from various sources and a nontechnical problem might be that 

the stakeholders don’t have the right information at the right place and time (Madnick et al. 

2009). Even if a distinction is made between the concepts, it is difficult to draw a line between 

them. In this thesis the discussion is about information quality, but it is difficult to discuss 

information quality without including data quality. The reason for this is that many 

researchers are using the term data quality for both data quality and information quality 

(Madnick et al. 2009).  

It is a challenge to find a coherent definition of quality due to the fact that different authors 

use different definitions. Quality has been defined as “fitness for use” (Juran 1998; Wang & 

Strong 1996), “whatever the customer perceives good quality to be” (ISO 9000) and 

“conformance to requirements” (Crosby 1979). More precise definitions of information 

quality and data quality have been made by Huang, Lee & Wang (1999) and Wang & Strong 

(1996). Their definition of information quality is “information that is fit for use by 
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information consumers” and data quality is “the data that are fit for use by data consumers”. 

This is also the definition that is used in this thesis. An information consumer is someone who 

accesses and uses information (Kahn, Strong & Wang 2002).  

2.2.2 Measurement of Information Quality 

Stvilia et al. (2007) proposes that an information quality measurement model is needed in 

order to meaningfully measure information quality within an organization. The development 

of a model is often a large cost driver in information quality assurance, and it is also one of 

the main components. A problem within the field of Management Information Systems 

research is the lack of comprehensive methodologies to measure and improve information 

quality. If an organization is not able to assess their information quality, they will also have 

difficulties improving it (Lee et al. 2002).  

One way to look at data and information quality is by grouping it into different dimensions or 

categories. A known method developed by Wang & Strong (1996) uses four different 

categories: intrinsic information quality, contextual information quality, representational 

information quality, and accessibility information quality (see Table 1). Intrinsic information 

quality means that the information has quality by itself. Contextual information quality has its 

focus on requirements related to the context, such as it must be relevant, complete, and timely 

in order to add value. Both representational and accessibility information quality focus on the 

computer systems that handle the information, such as the users must be able to interpret the 

information, it must also be concisely and consistently at the same time as it needs to be 

accessible and secure (Lee et al. 2002; Wang & Strong 1996). 

According to the Wang & Strong (1996) intrinsic information quality includes four different 

elements: accuracy, believability, reputation and objectivity. Contextual information quality 

contains the elements: value-added, relevance, completeness, timeliness and appropriate 

amount of data. Representation information quality includes four elements: understandability, 

interpretability, concise representation and consistent. Accessibility information quality 

contains the elements: accessibility and access security. See Table 1 for definitions of each 

dimension. 
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Category Dimension Definition 

Intrinsic 

Accuracy 

”The extent to which data are correct, reliable 

and certified free of error.” 

Believability 

“The extent to which data are accepted or 

regarded as true, real and credible.” 

Reputation 

“The extent to which data are trusted or highly 

regarded in terms of their source or content.” 

Objectivity 

“The extent to which data are unbiased 

(unprejudiced) and impartial.” 

Contextual 

Value-added 

“The extent to which data are beneficial and 

provide advantages from their use.” 

Relevance 

“The extent to which data are applicable and 

helpful for the task at hand.” 

Completeness 

“The extent to which data are of sufficient depth, 

breadth, and scope for the task at hand.” 

Timeliness 

“The extent to which the age of the data is 

appropriate for the task at hand.” 

Appropriate amount of data 

“The extent to which the quantity and volume of 

available data is appropriate.” 

Representational 

Interpretability 

“The extent to which data are in appropriate 

language and units and the data definitions are 

clear.” 

Representational 

consistency 

“The extent to which data are always presented 

in the same format and are compatible with 

previous data.” 

Ease of understanding 

“The extent to which data are clear without 

ambiguity and easily comprehended.” 

Concise representation 

“The extent to which data are compactly 

represented without being overwhelming (i.e., 

brief in presentation, yet complete and to the 

point).” 

Accessibility 
Accessibility 

“The extent to which data are available or easily 

and quickly retrievable.” 

Access security 

“The extent to which access to data can be 

restricted and hence kept secure.” 

TABLE 1: Conceptual framework with its definitions of dimensions (Source: Wang & Strong 

1996 p. 20, 31-32) 

Many studies that have been conducted on data quality have identified multiple dimensions 

without empirically collecting the quality attributes from data consumers. It is suggested that 

an empirical approach can be used to find what quality attributes information consumers’ 

requests (Wang & Strong 1996). 
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2.3 Text mining 

Employees of an organization can extract information from text sources by manually reading 

it, which is time-consuming, or by using a more automatic approach such as text mining 

(Sukanya & Biruntha 2012). The extracted information will have a certain quality, depending 

on different factors, such as those described in the quality measurement above. As stated in 

the background, text mining is being used to look for patterns in text, and the process of 

extracting information from unstructured sources can be named knowledge discovery (Sharda, 

Delen & Turban 2014; Sukanya & Biruntha 2012; Witten, Bray, Mahoui & Teahan 1999).  

By using text mining, organizations can harness information from the raw text since it is a 

rich source of information. If the organizations don’t use the unstructured resources they 

might miss out on up to 80 % of their data. There are several reasons to adapt text mining 

tools within an organization, and one of the most prominent is to be able to make better 

decisions (Burstein & Holsapple 2008). The raw form of information is data, and it can be 

mined to create knowledge. This is however a great challenge and different types of 

techniques can be used to fulfil the task (Sukanya & Biruntha 2012). There are also tasks 

within the text mining subject such as text clustering, text categorization, entity extraction, 

document summarization, and entity-relation modeling. The most significant issue in entity 

extraction from unstructured text sources is that natural language words are ambiguous 

(Fawareh, Jusoh & Osman 2008). One reason for that is because a specific name can refer to 

multiple entities, for example, can “Michael Jordan” refer to the basketball player or a 

Berkeley professor (Kanya & Ravi 2012). Natural language processing (NLP) has its origins 

from 1960 and it is a subfield of Artificial Intelligence (AI) and linguistic regions. The study 

of NLP is struggling with the problem of understanding the natural human language and its 

purpose is to derive meaning from human language (Gharehchopogh & Khalifelu 2011; 

Sharda et al. 2014).  

Text mining is composed of many different disciplines, such as NLP, Information Extraction 

and Information Retrieval (Burstein & Holsapple 2008). The basic steps in the text mining 

process are, 

1. Get access to the text sources, such as documents. 

2. The unstructured text documents are being processed by natural language processing 

techniques. The purpose is to analyze linguistic structures of the sentences. 
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3. The result is being sent to an information extraction engine and data is generated by 

analyzing the documents in a semantically order (Tekiner et al. 2009). 

Within the second step there are many different activities. It typically begins with the 

extraction of words, whereas the words are stored in a structured format. This is called 

tokenization. In the next stage, more information about the stored words is gathered, such as if 

it is a noun or a verb. This information is then used to look for entities, for example, names of 

people, locations, dates, and organizations. It is also possible to focus on whole phrases and 

sequences of words, the association between words based on statistical analysis and so on. 

When these parts are finished, it can be used as input to clustering systems (to group similar 

documents together), or into classification systems (to order documents within predefined 

categories). Then all of the extracted information is stored, with the possibility to be used in a 

report or to be queried for example (Burstein & Holsapple 2008). 

2.3.1 Information Extraction Process 

Information extraction consists of different subtasks such as tokenization, part-of-speech 

(POS) tagging, entity extraction (named as entity reorganization), and relationship extraction 

(see Figure 1). The first step is to divide the sentence into different parts called segments. The 

segments consist of tokens, which is the name for characters and words that have been parsed 

from documents. Then information is collected about each token, such as the position, the 

case and the length (Kanya & Ravi 2012). 

Within the tokenization process different challenges exists, such as to handle punctuation. The 

system needs to know whether if a dash symbol separates two words or if an apostrophe 

character is a separate token. When the words are separated from the document, it is usually 

split into sentences and paragraphs. A parsing algorithm could iterate over the token list, 

searching for end-of-sentence markers, such as exclamation point and the question mark. 

During the parsing, each sentence is then sequentially assigned a token (Kanya & Ravi 2012). 

Tokenization relates to POS tagging, which is to assign part-of-speech to each word such as 

nouns and verbs. The entities will then be reorganized and compared with each other in order 

to identify the corresponding occurrence of a name in a text document (entity 

disambiguation). Relationships between the entities are then identified, classified, and 
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extracted from the text. Depending on the task, events can be extracted, which can be 

described as the specific context related to a particular entity (Kanya & Ravi 2012).  

 

Figure 1: Information extraction process (Kanya & Ravi 2012, p. 1) 

An organization can access many documents, and for a specific user will only a fraction of 

those be relevant. It is important to know what is in the documents to effectively extract 

useful information. The text mining task can be very helpful to accomplish this task, for 

example, can the documents be ranked based on relevance (Gharehchopogh & Khalifelu 

2011). 

2.3.2 Example of a text mining application – IBM Watson Content Analytics  

IBM started a research project in 1997 that focused on text mining, with the combination of 

NLP technology inherited from digital library projects and machine translation. The text 

mining project resulted in a system named Text Analysis and Knowledge Mining (TAKMI) 

that was used to analyze large quantities of customer contact records in Japan 1998. In USA, a 

help center was able to make a significant cost reduction with the help from the TAKMI 

system. Large enterprises started to use the system in 2000 and they gained a significant 
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competitive advantage, and they wanted to keep it that way so they kept the usage 

confidentially. In Japan, the PC help center achieved the first position in a problem-solving 

ratio of all organizations in Japan 2003. This product was named IBM LanguageWare and 

was a tool for flexible unstructured information management (UIMA), with the goal of 

improving the contextual and semantic understanding of content in organizations. The name 

has been changed and is now referred as IBM Content Analytics Studio. In 2012 were the IBM 

Watson Content Analytics 3.0 released and LanguageWare (Content Analytics Studio) was 

integrated within Watson (Zhu et al. 2014).  

Watson Content Analytics is a tool that helps organizations to get value and insights from 

unstructured and structured content. Without automation is the analyze process of 

unstructured content difficult and error prone. The product can be used to fulfill many 

different purposes, such as crime intelligence and public safety. This is performed by 

searching for patterns that indicate criminal behavior in unstructured text. Another large area 

is to improve health care and patient health (Zhu et al. 2014). 
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3. Method 

3.1 Research approach 

This study can be described as a case study because the purpose is to explore how 

organizations can measure information quality and what challenges are involved in creating 

an information quality measurement. In a case study, the focus is to investigate one thing, 

such as an information system, an organization or a department (Oats 2006). To explore how 

organizations can measure information quality and what challenges are involved in creating 

an information quality measurement, the research strategy case study was chosen. Different 

data generation methods can be used, and in this case were the primary approach interviews. 

The objective of a case study is to gather enough details to see complex relationships and 

processes within the studied case. The details are found within its real-life context, by looking 

at all the factors, issues and relationships in the chosen case. The researcher then tries to 

answer questions such as how and why given outcomes occur by investigating these factors 

and how they are linked together in a detailed picture (Oates 2006). This study is based on 

semi-structured interviews with two organizations: IBM and The Swedish Armed Forces. To 

complement the interviews, some documents were gathered from both organizations. These 

two organizations are collaborating in different projects, and The Swedish Armed Forces was 

chosen to be a part of the study because they demand high-quality information to take certain 

decisions within intelligence. The goal of this study was to investigate and explore how both 

organizations perceive information quality and how they suggest it to be measured. Based on 

these facts, the study explores the purpose of this research in a deeper perspective rather than 

a broad perspective. The empirical findings were then, as suggested by Bryman and Bell 

(2005) compared with the theoretical findings to see what they have, and not have, in 

common.  

3.2 Data generation methods 

Two methods for data generation have been used in this thesis. The main method have been 

interviews, and the secondary method was complementary documents obtain from both 

organizations. The interviews have been conducted with respondents that have a long 

experience of data quality, information quality, text mining and text analysis. Both employees 

of IBM and The Swedish Armed Forces have been interviewed to answer the purpose of this 
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thesis. Both organizations are contributing from two different perspectives, IBM is a 

producer, and The Swedish Armed Forces is a user of text mining tools. The secondary data 

generation method is documents that have been obtained from both IBM and The Swedish 

Armed Forces. These two methods are being combined in order to complement each other, 

and documents can be used to question data, or to corroborate data generated from interviews 

(Oates, 2006). In this thesis, the documents were used to confirm some of the answers 

received from different respondents.  

3.2.1 Semi-structured interviews 

Semi-structured interviews have been used in this thesis. A semi-structured interview is not as 

strict compared to a structured interview. This means that the interviews are based on 

different themes and questions that do not have to be answered in a specific order. The 

interviewee can also bring up own issues relevant to the chosen themes. The interviewer can 

also ask additional questions based on interesting aspects that the interviewee brings up. The 

reason for choosing semi-structured interviews is because they are suitable for in-depth 

investigations, and when the purpose is to discover, rather than verify (Oates, 2006). Yin 

(2014, p. 115) also agrees that interviews are important in a case study: “One of the most 

important sources of a case study evidence is the interview”, which suggests that the data 

generation method interview is supported to use in a study like this. 

A pretest was carried out before the respondents were interviewed. Yin (2014) suggests that 

the pretest is not as formative as a pilot study, and the pretest can be used to rehearse the 

interview questions. The pretest consisted of discussions about information quality and text 

mining with well-informed employees at IBM and The Swedish Defence Research Agency. 

The purpose of these discussions was to get an overview of the problem area and to increase 

the quality of the interview questions. Then an interview schedule was developed, resulted in 

a list of questions (see Appendix for all questions). According to Dawson (2002), the 

interview schedule can help the researcher to focus on the research topic, and the questions 

should begin with general questions that are easy to answer. Two such questions that were 

used in this thesis was “Can you briefly tell me about your background?” and “In what way 

have you come in contact with information quality?”. Another aspect of the interview 

schedule is that it can be revised after each interview in order to add new themes (Dawson 

2002), which also was the case in this thesis.  
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Before any interview was performed, the interview questions were reviewed by several 

employees at IBM, to ensure that the most important aspects were covered. A test interview 

was also conducted with a friend in order to maximize the preparation (Oates 2006). When 

scheduling the interviews, the respondents were told about the purpose of the interview and 

the estimated duration, which according to Oates (2006) is necessary. The interviewees 

received all interview questions in advance, for preparation, and to establish my credibility 

(Oates 2006). This was successful since the respondents were able to discuss the questions, 

with different examples from their experiences. In some cases, the interviews took a little 

longer time than expected. 

To be able to focus on what the respondents said during the interviews, an audio tape recorder 

was being used. Oates (2006) also states that the recorder enables the researcher, and other 

researchers, to better analyze the results instead of taking field notes. To make it easier to 

search and analyze the interview results, the interviews were transcribed as Oates (2006) 

suggests. In order to check if statements used in this thesis was correct, the respondents were 

also being asked to check their statements (Oates 2006). In total seven interviews were 

conducted, in which five respondents were IBM employees and two were employees at The 

Swedish Armed Forces. The length of the interviews varied between 40 minutes and 60 

minutes, with the mean value of 50 minutes. The respondents at IBM had a long experience of 

work related to text mining, and they were chosen because of their experiences and 

recommendations. The respondents at The Swedish Armed Forces also had long experience 

within the work of intelligence, such as intelligence analysis and intelligence visualization.  

3.2.2 Documents 

Documents can be divided into two types: found documents that exist before the research 

starts, and research-generated documents. Found documents can all kinds of different 

document that exist in most organizations, such as reports (Oates 2006). In this thesis, found 

documents have been gathered both from IBM and The Swedish Armed Forces. The collected 

documents were used to corroborate or question data generated from the interviews (Oates 

2006). This was a complementary method, and the focus was primarily on interviews. 
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3.3 Data analysis method 

When the empirical material was collected from interviews and documents, the data 

preparation was started. The collected data was in a qualitative form, which basically means 

that it is non-numeric data. In this case study, the qualitative data was in the form of interview 

recordings and documents gathered from both organizations. It would be possible to conduct a 

quantitative analysis based on the qualitative data, for example, count how many times a word 

was said by the interviewees (Oates 2006). However, this type of quantitative method was not 

chosen due to the fact that it is not the most suitable way to analyze the collected data based 

on this thesis purpose and research question. Instead, a qualitative method was chosen, as 

Oates (2006, p. 267) states “qualitative data analysis involves abstracting from the research 

data the verbal, visual or aural themes and patterns that you think are important to your 

research topic”.   

It would not be possible to analyze the data without necessary preparations (Oates 2006). The 

first step was to transcribe each interview. The second step was to read through the 

transcribed interviews in order to get a general impression, and to divide the information into 

simple themes. Oates (2006) suggests that three key themes can be identified: 1) irrelevant 

segments not related to the research purpose, 2) general descriptive information, such as how 

long time an employee have been working with their current job role, and 3) information 

related to the research question. The focus was to find all information related to the third 

theme, which is information relevant to the research topic. The relevant information can then 

be sorted into different categories that are relevant to the research topic, and the categories 

can be refined many times in order to break down the data into sub-categories (Oates 2006). 

Naturally, the third step in the data analysis was to work through the material as described 

above and to refine the categories over and over again until relevant patterns were found. The 

documents were analyzed in a similar way, by reading them and to look for information 

relevant to the research topic.  

3.4 Reliability and validity 

According to Oates (2006), validity means that an appropriate process has been used in the 

research, it answers the research question and the findings come from the generated data. The 

reliability can be verified by the use of triangulation. In this thesis, this has been done by 

reading internal documents at IBM and The Swedish Armed Forces, to verify some of the 
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respondent’s statements. Reliability also depends on how neutral, accurate and reliable the 

research approach has been. In order to achieve a high reliability using interviews, the 

questions need to be neutral, and all interviewees need to understand the questions in the same 

way (Oates 2006). To further strengthen the reliability of this study have a neutral approach 

been held during the interviews. The same interview template has also been used in all 

interviews (see Appendix), in order to enable analysis of the empirical data. 

3.5 Critical discussion 

Although the conceptual framework used is referred to as a data quality framework (Wang & 

Strong 1996), it highlights important aspects related also to information quality. Wang and 

Strong (1996) don’t differentiate data quality from information quality, both is referred to as 

data quality. It is shown in the theory that the concepts data quality and information quality 

are closely related, and information quality is dependent on data quality. Therefore, it has 

been chosen as a theoretical foundation to support the investigation of information quality. 

I am also aware that there exist different definitions and theories for data, information, and 

knowledge. The chosen definitions are widely accepted among researchers in the information 

system community. Other researchers have started to question these definitions due to the fact 

that the relationship between the concepts is difficult to explain in only one way. For example, 

to create information and data (such as the model Kettinger & Li 2010 presents), some 

scholars believe that knowledge is the key. However, the purpose of this thesis is not to 

investigate the different definitions, therefore some known definitions were chosen.   

Further, the empirical data is based on primary sources, such as interviews, which gives the 

study a higher reliability compared to secondary sources. The documents that have been 

obtained is not used to base this study on, only to confirm what some of the interviewees has 

stated during the interviews, such as definitions of data, information, and knowledge that is 

being used. The empirical material can also be verified since all interviews were recorded and 

transcribed (Esaiasson et al. 2012). A negative aspect of making audio tape records is that the 

interviewees can be more nervous during the interview, and also inhibit their responses (Oates 

2006). To avoid this, every interview began with some small talk to make the interviewee feel 

comfortable. However, there is a risk that the respondents from both organizations adapted 

their responses in a way that gives them some sort of advantage.    
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According to Oates (2006), it can be difficult to generate broader conclusions, known as 

generalizations, from case studies. The motivation is usually that generalizations drawn from 

case studies have poor credibility because they lack rigor. However, factors found in the case 

can most of the time be found in other cases too, except some unique factors that are related to 

the specific case. Therefore, generalizations can often be made to similar cases (Oates 2006). 

In this study, the chosen approach, and the way that it has been conducted strengthens the 

ability to make generalizations. The study explores how organizations can measure 

information quality and what challenges are involved in creating an information quality 

measurement.   
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4. Information quality within organizations 

This chapter presents the empirical findings obtained from interview sessions with employees 

at IBM and The Swedish Armed Forces.  

4.1 The distinction between data and information  

There is shared sense between the respondents about differences between data and 

information. Most respondents (6 out of 7) agree that there is a difference between data and 

information. Comments such as “Information is data in a context”, “To me, data is 

unprocessed, maybe stored in an unstructured form, whereas information is structured 

statements”, and “According to our definition is information, data in a larger context, and 

data is the actual fact, which is the smallest element useful”. 

Sometimes does data and information describe the same thing, which is not entirely correct 

according to some respondents. Basically, everything is data, but information can be extracted 

from unstructured or structured data sets. Data does not necessarily have any meaning; it 

could be anything, such as numbers and words. One respondent described the difference 

between data and information as follows “data is in a raw form, whereas information is in a 

processed form”. There was one respondent that didn’t distinguish data from information, 

with the reason that it was only a semantic difference between the concepts. The interviews 

showed that an interchangeable usage of data and information occurred at IBM. One 

respondent said:  

I think within IBM we tend to use data and information interchangeably 

sometimes, which can be quite confusing. I also think that the general 

industry differentiate data and information. 

The respondents were also asked about how and if they make a distinction between data 

quality and information quality. Different aspects were mentioned and some of them were that 

data quality can be seen from a technical aspect, whereas information quality is more seen 

from a business context. It was explained as follows: 

Is it not an exact line for me, but typically, I make a difference between 

them. Data quality is defined by technical aspects, and information quality 

has a business context that relates to information. 
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Most respondents also mentioned that the context is important related to the information 

quality and that it is more difficult to assure good information quality compared to data 

quality. It is easier to collect data and see how correct it is than it is to determine the quality of 

information from a specific context. It was explained by one respondent like this: 

With information quality, you need to make sure that the data you are 

investigating or presenting are interpreted correctly and in the right 

context. From my point of view is it a lot harder to achieve information 

quality because it is more difficult to verify that the information is correct. 

Data is easier because it has no context. 

It was also found that the data, information and knowledge hierarchy is not seen as a 

straightforward hierarchy by all respondents. There are complex relationships between these 

concepts, and it is not always the same in practice as it is in theory.  

One respondent said that it would be good if it was just a straightforward hierarchy where 

data quality goes into information quality, and then to knowledge quality. Unfortunately is it 

not like that in practice. Theoretically, it is good with a straightforward process where raw 

data come in, it is being tokenized, the language identified, part-of-speech tagged with 

numbers, names, addresses, and organizations. In the reality, the transformation from data to 

information and knowledge is not always a straightforward process.  

4.2 The view on information quality 

There were different explanations about what the meaning of information quality is at IBM 

and the Swedish Armed Forces. Some respondents argue that information quality is about 

how correct the information is, in regards of the source of the information. The information 

should be describing what actually happened, and the quality is depending on how correct it is 

according to the reality or the information source. Other argues that the information have high 

quality if it is real, which is if the information comes from the place that it is reported to come 

from. This relates to reliability, which the majority of the respondents said was an important 

element in information quality.  

At IBM, data quality is the fundamental existence of data content within well-defined, 

standardized boundaries, or domains as defined by business and technical requirements and 

documented as business technical metadata. According to an internal IBM document, 
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information quality is defined as “The degree or level to which information consistently and 

predictably meets or exceeds the expectations of the end user business or knowledge worker 

in achieving their business goals”. Both data and information quality levels are established 

depending on the specific case, as required by the business objectives at hand. Further, 

information quality is defined into different attributes or dimensions. The attributes are 

completeness, validity, precision, duplication, consistency, accuracy, and availability.  

One respondent explained the attributes, where completeness is how well you understand a 

certain piece of information when looking at it. The information is complete if nothing is 

missing that should have been in that particular set of information. Validity is if the 

information is conforming to all agreed and defined business rules and govern rules that 

connects to a specific piece of information. Precision is concerned whether or not the 

information has the precision that is needed to be useful or to apply business rules. One 

simple example of precision can be the number of decimals places in a number. If the number 

is rounded it may not be significant precise for a certain use. The fourth attribute is 

duplication, which also can be referred as uniqueness, and that is if there are any duplicate 

occurrences of a certain piece of information. For example, can a customer records exist in 

many systems, and they are not completely unique, they are duplicates. The fifth attribute has 

to do with consistency. A typical example is if an integrated set of data has been extracted, 

transformed, and loaded in a consistent way. The next attribute has to do with accuracy, 

which is if the information is accurate and correct. Sometimes correctness is separately 

defined from accuracy because valid data that is not accurate can be approved to use in certain 

types of situations. The final attribute is availability, which describes if the information is 

accessible to authorized users in a correct format.  

The respondents from the Swedish Armed Forces mentioned that it is important that the 

information is impartial and objective related to written reports, it should also be relevant to 

the area being investigated. Information with high quality is characterized by keeping a 

certain class, which depends on the context.  

4.3 Information quality measurement 

The respondents were asked about how they would measure information quality. Some 

important factors were identified, such as measuring the accuracy, completeness, and 

duplication. One example was made about a police investigation that the respondent had been 
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a part of. He was asked to find all phone numbers hidden within 20,000 documents. To 

measure the quality of the extracted information, he needed to know if all numbers were 

found. This is usually referred to as precision and recall according to the respondent.  

Precision is a ratio between the number of relevant records found, to the total number of 

relevant and irrelevant records found. Recall is how many relevant records that were found to 

the total number of relevant records. Both precision and recall is related to the measurement 

of relevance. It was also found that it is important to measure duplication, which happens at 

two levels. One respondent explained that duplicates were quite often found in the same text 

when they were looking at witness statements. It is important to know whether or not it was 

caused by duplication or redundancy because it indicates if someone lied. It was explained 

like this by the respondent: 

We had many witness statements in one case I worked at, and the same 

piece of information appeared in different people’s witness statements using 

very similar phrasing. I talked to the detectives, and it was suspected that 

these individuals had gotten together in the past and agreed about that 

statement – agreed on what they were going to say. They all recorded 

similar information, but slightly different. That is a second level of 

duplication.  

As discussed in the previous section, the majority of the respondents said that the source of 

the information would be an important part if they designed an information quality 

measurement. Good quality information would have high reliability. In the cases when the 

source is unknown, different pieces of information can be compared in order to see if 

contradictions exist. A respondent said, “The source of the information is probably most 

important, especially if it is unknown data”. Another respondent said “You can always 

measure how correct the quality of the output is compared to the actual source of the 

information” and “The overall measurement or metric would be how correct it is compared to 

the source, which could be a document or a real-time event”.  

It is important to know the source because it can help to understand whether or not the 

information is true. If a number of facts have been determined, such as a person, then the 

investigator wants to know the gender, height and so on. When the information about the 

person is analyzed is it possible to know if it was someone else or if the information was false. 

When the investigator evaluates the information, it is performed towards the facts that already 
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are known, to see how it fits in. If the information is shown to be false, the task will be to find 

out why. One respondent is currently working at IBM, and part time at the Danish Security 

and Intelligence Service made the following comment: 

The way we do it in intelligence services is to evaluate the quality of the 

source, the reliability, and also the likelihood that the information is true. 

You can have a very reliable source, but somebody lied to him. This gives a 

high score on reliability, but a low score on probability. These are the two 

parameters I usually apply, and what we actually have to put into 

intelligence reports whenever we have source data. We have to evaluate the 

likelihood that the information is true. But we don’t have a formal 

measurement of information quality. 

In the Swedish Armed Forces, they are using a subjective evaluation with two parameters to 

grade the information quality within the intelligence service, which is source reliability and 

information reliability. The evaluation is based on experience, known facts and awareness 

about a specific source. Source reliability is affected by both sensor observations and human 

observations because they have limitations in functioning. They are also affected differently 

by environmental factors. Source reliability is graded on a scale from A-F, where A is 

completely reliable and F is that the reliability cannot be judged. Information reliability is an 

evaluation based on the probability that a piece of information is true, which is done by 

comparing earlier known conditions and its context. Information reliability is graded on a 

scale from 1-6, where 1 is confirmed by other sources, and 6 is that the truth cannot be judged 

(Försvarsmakten 2010). A respondent from the Swedish Armed Forces says that it is best to 

wait with the information quality evaluation until it is relevant to work with that specific 

information.  

After extracting information from different reports, they can have a number of entities and 

relationships extracted from several pages of text. Then the report will be evaluated based on 

source reliability and information reliability. Further, information is stored in databases for 

proactive use, which means that they don’t know when it will come to use. There is a risk if 

the information is given a quality stamp before it is being used, because it tends to give 

overconfidence or vice versa to the information. This can result in not finding the information 

when searching in the database because the information was marked with too low quality. 

After a few years, old information can be useful again, and the quality stamp might be invalid. 
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Another respondent from the Swedish Armed Forces also added that it is important to know 

the quality of the source document that the information was extracted from. Otherwise is it 

possible to think that the quality of the extracted information is better than it is.  

4.4 Information quality challenges 

The respondents mentioned that it exist different challenges related to the measurement of 

information quality. One respondent said that there is not only one way to measure 

information quality, there are many: “Quality measurement have to be defined for different 

sets of information, so there is not a single way of measuring information quality, there are 

many ways”. Information can be used to make decisions, and different users require different 

levels of quality. For example if you compare the level of information quality needed for 

different roles, such as a person working at the finance department and a person working in 

the marketing department, they don’t have the same requirements. The finance person might 

write a profit and loss report that has to be absolutely correct in terms of completeness, 

precision, accuracy, and consistency. It might be criminal to submit an incorrect report. The 

person in the marketing department might find it enough to get 70 % of the transactions to 

make a decision on which articles that are bestselling or which customers should be in the 

focus of the next campaign. Even if the data is not complete, fully valid or even accurate, it 

can still be a very important input to their decision process towards the next campaign. One 

respondent said: “What are you measuring and who are you measuring for has to be reflected 

in the measurement”. 

The majority of the respondents mentioned that it is very important to talk to the user when 

defining information quality. One problem measuring information quality is to measure the 

subjective factors. A respondent addressed the problem like this: “I think you have to talk to 

people who use the information, the person requesting it, and my understanding is that it is 

extremely context-dependent.” Another respondent also added that it is a real challenge 

because it has to be led by the consumers of the information. The consumer is often 

unrealistic in their requested quality level, and it is not necessary to give them everything they 

want: 

Consumers are not always realistic in their definitions of things like 

information quality. I think that makes it very hard because people will 

always tell you they need the highest level of quality. The first challenge is 
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to define the metric for quality, and the second is to give those metrics 

realistic levels because people don’t need perfect data and information. 

Further, one respondent says that the most difficult part of measuring is to find out if a piece 

of information is correct in terms of its content. It is difficult because much information that is 

generated is either keyed in by a person or scanned or automatically captured by some kind of 

device. Technically, the data can be correct, but it is more difficult to measure and capture the 

problems with information quality from a business perspective.  

It is difficult to face a new subject or an unknown source while working in an investigation. It 

is important to have an open mind because anything could be true or false, and there are no 

measurement parameters to evaluate the information. When there is no source available to 

validate the information it will be even more difficult. Some respondents also discussed the 

problem with objectivity, and one said that it is the largest problem related to the measurement 

of information quality. The problem can be significant when a person has reported about a 

situation, for example, “the forward momentum of the trade union movement in Afghanistan”.  

This is due to the fact that personal opinions influence their reports. 

Another difficulty is that there is a need for having meta-information about the origin of the 

information in order to make it usable at a later stage. Without the meta-information, the 

information will become less valuable. The quality can still be the same, but only in certain 

situations. One respondent from the Swedish Armed Forces made the following comment 

about meta-information: 

How much meta-information does this piece of information have? It says 

something about how useful it is in a new context. A lot of perspectives is 

needed to know if the information can be used or not used in a given 

context. 

Further, problems related to the data quality might spread and cause information quality 

problems. One respondent explained it as follows: “If you have quality issues in the data, they 

can ripple through to the information layer. However, they don’t necessarily do that”.  

4.5 Challenges related to the extraction process 

Organizations can use their information to get a greater insight, and to make a better analysis. 

The entity extraction process is complicated, and the most difficult part is to define the rules 
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that should be used in the extraction process. One respondent at IBM made a comment about 

an ongoing project where they currently are creating the rules for the entity extraction process, 

and some challenges were mentioned. One of them is to create rules without having real data: 

One of our challenges in a project is to create all the rules for a certain 

context using test data instead of real data. We need to create rules for 

something that we think will be structured, without being completely sure. 

There are challenges within every project, but more difficult within this 

project because the real information is classified, so you can’t really try the 

rules. It makes it hard for you to know whether or not the system will work 

from the start. 

An example of a simple rule could be a sentence that describes, “Stockholm is located in 

Sweden”, and the rule would then go through and compare the words with a wordlist or a 

geographic location. The result could then be “Stockholm and Sweden”. The next step would 

be to look from a linguistic point of view on the sentence, “located in” would be 

understandable for the system, to break out and create a relationship between Stockholm and 

Sweden. The system can then be adjusted depending on what an organization will use the 

system for. For example can the system be adjusted to interpret as close to 100 % of the 

information as possible, or it can extract enough information to tag the information. If the 

information is tagged, it can more easily be searchable for analyst or investigators. This 

means that they manually do not have to read all of the information, and still have a better 

way of focusing on information related to their investigation.  

A challenge is that a lot of the data comes from untrusted sources. This data can be describing 

real world events where people make mistakes, or where their perception is different from the 

reality. It is, therefore, important to look at it from a multiple source perspective and use that 

data together. With all intelligence analysis solutions, the biggest challenge is knowing what 

to believe and what not to believe. Some respondents also mentioned that the work becomes 

more difficult when dealing with massive volumes of data. 

One respondent mentioned that it can be very difficult to extract specific entities. He 

downloaded 10 short stories about Sherlock Holmes with the purpose to show all the 

documents where Sherlock Holmes was present, using Watson Content Analytics. Sometimes 

he is referred as Mr. Holmes, sometimes just Holmes, and at other times using different 

nicknames. Entity extraction can be time-consuming if common words are used, it can give 
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false positives if the search is too broad. In cases when the keyword is too narrow or 

restricted, it can also be difficult to find relevant data. The process of relationship extraction is 

even more difficult. With Watson Content Analytics, is it possible to do some kind of pattern 

matching, such as if two names are mentioned in the same sentence. The probability that there 

is a relationship is higher than if just two names are mentioned in the same document. In the 

end will the result be a prioritized list of documents and possible relationships that manually 

needs to be evaluated. It exists problems with extracting names, for example, is spelling from 

Arabic to Latin characters, not an exact science. A respondent said: “A very famous example 

is Usama, that can be read U or O”. This was described by another respondent: 

“Understanding natural language is massive complex”. Although, there have been great 

movement forwards in the area of NLP. The way it is done now to improve the quality of the 

information is to add the human into the loop. The human can then be used to improve the 

machine learning in more extreme cases to get the required level of accuracy in the systems.  

In order to make the entity extraction process better, manual work is combined within the 

automatic process. For example is it possible to make a rule and see how it affects all the 

documents that the information is being extracted from. Within intelligence work is it 

important that the information have high quality, otherwise could some names be missed out 

or wrong names could be extracted. The best would be to have a completely automatic entity 

extraction software that can do all the work without the human touch, but that is not yet 

possible.  

In the Swedish Armed Forces, most of the extraction is done manually, but they are currently 

investigating more automatic alternatives. One of the respondents from the Swedish Armed 

Forces said that they would benefit from making the process more automatically, if the 

software can catch the context in a good way. Further, the Swedish Armed Forces are using 

software to create and analyze large social networks, and one problem that occurred is that the 

saved entities were incorrect. One of the respondents had been on a mission recently, and he 

took out a large number of entities, with the purpose to create a new database. Out of all 

entities where not a single one correctly filled in. The reason behind the problem was a 

combination of the human factor and that the software is complicated compared to how short 

the education is. Currently, the education is around 6 weeks. Another problem is also that it 

takes time before a system can be used to its fully extent. A respondent said: “The problem is 

that it takes a time to trust a new system, approximately half a year”. 
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4.6 How can an organization work to increase the information quality? 

Depending on how an organization works is it possible to increase the quality of their 

information. If a system is being used for information extraction can they make sure that the 

process of creating rules is correct, and verify that the rules actually works according to what 

they want them to do. A former employee of the Swedish Armed Forces, currently working at 

IBM said:  

A formal process is needed to go through the information and compare it 

with the actual source. Then it is possible to make sure that the rules are 

working according to the plan. 

Further, it is important to take the first step and have a discussion about how to measure 

information quality. An organization can define different information quality dimensions and 

investigate how to measure things like consistency and accuracy. It is also important to agree 

on who a certain measure is for. A respondent said that it is important for an organization to 

go into an information quality program, with the understanding that there are no such things 

as an objective quality measurement. An information quality measurement is going to be 

subjective. Many organizations don’t care about information quality before a problem is 

revealed. This can often be the trigger, or the wake-up call to start working towards higher 

information quality.  

A respondent from the Swedish Armed Forces thinks that it is important to make the 

software’s that they use as simple as possible. This will help the users to avoid making 

mistakes when they work with software, which in turn will increase the information quality. 

His suggestion is to remove or hide fields that a specific user don’t need, show how old the 

information, use different colors and so on. The systems and programs should be based on the 

average user and not expert users: 

When designing a system is it important to have the average user in mind. A 

person that built their first Linux Server when they were 12 is not 

representative. 

4.7 Skepticism towards intelligent systems 

A respondent at the Swedish Armed Forces believes that there is a lack of cooperation 

between different people in the organization. The focus is currently at technical systems, and 
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not at the people. Many of those who are in leading positions think that good analysis depends 

on computer systems. Therefore is it often complicated, technical heavy with too little human 

involvement. 

The respondent says that he believes that people relies too much on computer systems and 

that the focus should be more around teamwork. The computer screen is only a support, and 

the real work should be done by discussing and questioning each other, which also drives the 

work forward. Further, he sees that the problem with more computing power, more computer 

support, more technique, is that many believes that it will solve all problems. In some cases, it 

is necessary to use different software’s, but there is a risk is that we stop thinking by 

ourselves.  

A problem related to the technical aspect is that new recruits need to be good at handle 

software, which might increase the entrance barriers for good analysts without software 

experience. The recruitment process should be based on their analytical skills, rather than 

their technical skills. He describes the problem with too advanced information systems within 

the intelligence services using a metaphor: 

I have a metaphor. In 1985, sports motorcycles came on the market. Two 

early 750 cc were Yamaha SZ 750 and the other was Suzuki GSXR 750. 

Suzuki had more horse powers and torque. If you compared the data sheets, 

the Suzuki was outstanding. Racing drivers typically won over Yamaha 

drivers. It was simply a technically a perfect bike. But for the average 

driver on the street, the FZ 750 was faster because it was easier to handle. 

It was also less expensive to insure because it didn’t crash as often as the 

excitable GSXR. So one must decide what is best, the fastest or the most 

usable. You can’t just look at the data sheets, you’ll have to look at the user 

group and start from there. I think we are doing far too little today when 

we, for example, decide what information system we should have in the 

intelligence services. 
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5. Important aspects of an information quality measurement  

In this chapter is the analysis presented, and it connects the theory with the empirical findings. 

5.1 Not a straightforward hierarchy 

The first thing that was discussed with the respondents was their definitions of data and 

information. As shown in the theory, it can be difficult to make sure how the distinction is 

made between data and information. It goes all the way down to data quality and information 

quality, which is the reason that it is important to make the distinction clear between the 

concepts. In the theory, the definitions of data and information were taken from Benyon-

Davies (2009), where data is symbols used to represent something, and information is data 

that has been interpreted. Knowledge can be seen as a more valuable form of information 

according to Grover and Davenport (2001). Most of the respondents had a similar view of 

these concepts, and some of them mentioned that data and information quality is being used 

interchangeable. This interchangeable use of data and information makes the distinction 

between the concepts blurry and unclear.  

It was also confirmed that the respondents agree that it exists different models for the data, 

information and knowledge hierarchy, which also Kettinger and Li (2010) express in their 

research. Many models exist, and the value chain model is just one of them. One respondent 

said that it would be lovely to have a straightforward hierarchy where data quality goes into 

information quality, and then into knowledge quality. The problem is that it is not a 

straightforward process. It was written in the theory section that data quality usually refers to 

technical issues, and information quality refers to non-technical issues (Madnick et al. 2009). 

This view was shared by some of the respondents that think data quality consists of more 

technical aspects whereas information quality is more related to the business context. It was 

shown that these concepts can be used interchangeably sometimes, even if the respondents 

made it clear that they make a distinction between them. This interchangeable use of data 

quality and information quality creates an uncertainty, and it is likely that the distinction is 

being made theoretically, and not always practically. It is sometimes difficult to draw a line 

between the concepts because the area in between was shown to be blurry. It is likely that the 

information quality measurement is much more subjective than a data quality measurement, 

such as the measurement that is being used at The Swedish Armed Forces. 
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5.2 Information quality and its context dependency 

Information quality has been shown to be very important in an organization because high-

quality information can be used to make better decisions compared to low-quality 

information. The respondents argue that information quality has to be defined within a certain 

context in order to make it useful. This is because the definition of information quality will be 

different depending on who will use the information. For example, a specific department can 

have their view on information quality while another department has another view. The 

definition of information being used in this thesis is “information is data interpreted in some 

context” (Beynon-Davies 2009), and it also shows that the context is very important related to 

information. The reason for this is because data will “transform” into information when it 

relates to a specific context. Therefore, the context of importance when information quality is 

measured. The context does not only include the specific situation, but also the information 

consumers. This relates to the definition of information quality being used in this thesis, 

which is “information that is fit for use by information consumers” (Kahn, Strong & Wang 

2002). The definition that IBM uses is similar “The degree or level to which information 

consistently and predictably meets or exceeds the expectations of the end user business or 

knowledge worker in achieving their business goals”. The information consumer is important 

related to information quality because it is they who decide what good information quality is. 

It is not certain that information quality will be the same within other parts of the same 

organization, or within another organization, the importance is defined by and for the 

information consumer.  

Lee & Haider (2013) identified that customer satisfaction can be increased by high-quality 

information. In other words, the customer will be satisfied if they can get high-quality 

information. In this case, high-quality information can either be obtained by manually 

extracting information (such as entities and its relationships) from documents or by 

automatically using an extraction tool such as Watson Content Analytics. One problem related 

to information consumers is that they can be unrealistic in the level of quality they demand. 

To prevent this problem is it important to have discussions with the consumers about what 

information quality is for them. Further, a category in Wang and Strong’s (1996) conceptual 

framework is contextual information quality. This category consists of five dimensions: 

value-added, relevance, completeness, timeliness and the appropriate amount of data. All of 

these categories were mentioned to be of importance by different respondents. It shows that 

there is a connection between the conceptual framework and the respondent’s opinions about 
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important aspects of information quality. The context and all of its dimensions has been 

shown to be very important when measuring information quality. More elements were 

mentioned related to the context. The respondents said that duplication and redundancy could 

be measured and that precision and recall can be used to measure relevance. These elements 

might be useful to evaluate depending on which context the information quality is being 

measured in.  

5.3 The importance of source criticism 

The respondents clearly expressed that information quality is depending on the source of the 

information. Information quality is related to what extent the information is describing the 

reality, in other words, is it describing something that corresponds to a version of the truth. 

The information has reliability if it fulfills this criterion. Wang and Strong (1996) argues that 

the intrinsic information quality category consist of four dimensions: accuracy, believability, 

reputation, and objectivity. The respondents mentioned that accuracy and objectivity would be 

two important aspects of an information quality measurement. Further, they also mentioned 

that one of the biggest challenges is knowing what to believe and what not to believe, in other 

words, believability. The reputation dimension was said to be an important part of the 

measurement, but the respondents didn’t call it “reputation”, they referred to it as reliability. 

With reliability did they mean that the source is important, which also corresponds to the 

definition of reputation in Wang and Strong’s (1996) quality measurement.  

Within intelligence and investigations is the source important because it can help to 

understand whether or not the information is true. For example can the source be reliable, but 

the probability that the information is true is low. When the information is given a quality 

stamp within the Swedish Armed Forces, both parameters are evaluated and graded based on 

a scale. The question would then be when to measure the information quality, and one 

respondent thought that it should be done before it is going to be used. Information quality 

can have different meanings and requirements when it is put into a specific context. The 

underlying importance is that the source needs to be evaluated in order to measure 

information quality, and one way to validate the information is to compare it with multiple 

sources. 
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5.4 The extraction process is highly complicated 

Two methods to extract information from the text were mentioned by the respondents, which 

also was highlighted in the theory by Sukanya and Biruntha (2012). The process can either be 

executed manually by reading documents or by using a text mining tool. To increase the 

information quality, a combination of both methods is also suitable. The entity extraction 

process is complicated because rules need to be defined that corresponds to a certain context. 

Within an ongoing IBM project, a challenge is that they can’t work with real data because it is 

classified. Therefore, they have to work with test data, which in turn means that they can’t test 

their defined rules on real data. This complicates the process of creating rules for the 

extraction software. 

It was also shown that it is difficult to extract specific entities, and one example was that same 

person can be referred by different names. The same name can also belong to different 

persons as shown in the theory by Kanya & Ravi (2012), and the same name can have 

different spellings. From a larger perspective is it very complex to understand natural 

language, which is the reason to include the human in this process. With the help from a 

human is it possible to improve the machine learning. The information quality will be higher 

if the level of accuracy is improved. The problem with entity extraction stretches beyond 

technical challenges. The human factor can be the cause to the incorrect input of entities, 

which affects the information quality. The reason behind this problem might be caused by a 

too short education (6 weeks) in the usage of the software at The Swedish Armed Forces, or 

because the software itself is too complicated. Another reason can be that it exists change 

resistance, as shown by one respondent.   

In order to increase information quality can a first step be to look at how they are currently 

working with their extraction software’s. The extraction rules can be checked, and the 

extracted information can be compared to the source. Theoretically, an organization needs to 

measure information quality in order to improve it, which also is suggested by Lee et al. 

(2002). Another suggestion was to design the software’s as simple as possible based on the 

average user, which will reduce the number of incorrect entries. Even if the systems are 

designed in the best possible way is it difficult to persuade and convince users that have 

doubts about using computer systems. The analyst working at the Swedish Armed Forces still 

has a good point about that too advanced information systems can inhibit more than they help. 
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6. Conclusion 

The purpose of this study was to investigate how an organization can measure information 

quality and what challenges is involved in creating an information quality measurement. The 

aim has also been to find out what challenges exists related to entity and relationship 

extraction and information quality. The research question in this thesis was: How can 

information quality be measured and what important aspects exist? It will be answered by 

separately answering the three research questions 1.1, 1.2, and 1.3. Question 1.4 will be 

answered on the basis of question 1.2 and 1.3.   

1.1 What metrics should be included in an information quality measurement and why?  

The study have shown that there are two important factors that affect the quality measurement 

more than any other, which are the context dependency and the source criticism. These two 

factors are closely related to Wang and Strong’s (1996) two dimensions contextual 

information quality and intrinsic data quality. Intrinsic information quality means that 

information quality has quality by itself, and contextual information quality focus on 

requirements related to the context. The context dependency exist because an information 

quality measurement needs to be defined within a certain context in order to make it useful, 

because the measurement is dependent on which information consumer that will use the 

measurement and for what purpose. The source criticism is of a high importance because if a 

decision maker can’t rely on the information, it will also be difficult to use that information 

for any other purpose. Therefore, multiple sources can be used to validate the specific 

information. Within the context dependency category, several subcategories were found. 

These were value-added, relevance, completeness, timeliness and the appropriate amount of 

data, which clearly relates to Wang and Strong’s (1996) quality measurement. Also within the 

source criticism the four subcategories accuracy, objectivity, believability and reliability 

(referred as reputation by Wang & Strong 1996) were found. Other subcategories were 

mentioned such as precision, recall, duplication and redundancy.  

1.2 What challenges exist related to the measurement of information quality?  

The challenges that exist with creating information quality measurement are, first, to sort out 

the difference between a data quality measurement and an information quality measurement. 

It was shown in the study that Wang and Strong’s (1997) two categories representational and 

accessibility information quality wasn’t mentioned as information quality issues by the 
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respondents. These two dimensions focus on the computer systems that handle the 

information, which relates more to data quality than it does to information quality. 

Nevertheless, it is important to take into consideration that data quality issues can ripple 

through and affect the information quality level. For example, it was mentioned that problems 

had occurred with the information quality because incorrect entry by users. Another difficulty 

is that the information consumers can be unrealistic in the level of information quality they 

demand, which can be prevented by having discussions with the consumers about a realistic 

level of information quality. Furthermore, it is difficult to evaluate information quality 

because the measurement is likely to be subjective rather than objective. Another question 

that is important to ask the information consumer about is when they want to measure the 

quality of the information, right before it will be used or directly after it has been extracted. 

1.3 What challenges exist related to entity and relationship extraction? 

An organization can have many reasons to implement a text mining tool, more specifically an 

entity and relationship extraction software. The obvious reason for implementing one is to 

save time by not having to manually go through every document. From a larger perspective, it 

was discovered that the understanding of natural language is very complex, which also was 

mentioned in the theory by Kanya and Ravi (2012). Extracting specific names can be difficult 

because the same person can, for example, have different spelling on the name and 

nicknames. Other challenges exist when such a system is being built, and the consultants 

building the system can’t use real data because it is classified. Then it will be very difficult to 

make sure that every rule is working correct, which in turn might affect the information 

quality. Further, the organization that uses an extraction system based on rules needs to 

continuously upgrade these rules in order to maintain a high level of information quality. 

Therefore, they will need procedures to maintain and manage their system to keep it updated. 

1.4 How these two questions (1.2 and 1.3) interrelate or interpenetrate. 

Several challenges exist related to the measurement of information quality, and to the specific 

process of entity and relationship extraction. These two research questions have shown to 

both interrelate and interpenetrate each other. First of all, one challenge was to decide whether 

it is data quality or information quality that the organization wants to measure. Depending on 

the answer, different metrics is used when the output quality from the entity and relationship 

extraction process is measured. For example, if the purpose is to measure information quality, 

the study have shown that metrics within the two categories; contextual dependency (such as 
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relevance and completeness) and source criticism (such as objectivity and reliability) should 

be used. On the other hand, if the purpose is to measure data quality, the study have shown 

that Wang and Strong’s (1997) two categories representational (such as interpretability and 

representational consistency) and accessibility (such as the extent to which data are available 

or easily and quickly retrievable) more relates to data quality than it does to information 

quality.  

Further, these two questions also interpenetrate each other because if data quality issues exist, 

they can ripple through and affect the level of information quality. For example, a challenge 

related to entity and relationship extraction was to understand natural language due to its 

complexity. To understand natural language, the extraction tool needs to be programmed 

correctly, for example, based on different rules. The problems that exist at a data quality level 

would ripple through to the information quality level. A concrete example would be that an 

extraction tool that can’t find all occurrences of the same person because different nicknames 

are used would lower the information quality level because the information is not complete.   
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7. Discussion 

It was interesting to see that there is not often a distinction made between data quality and 

information quality in the literature. Likewise, the respondents make a difference in theory, 

but not always in practice. This research area needs more attention because the IT 

development is happening rapidly. Today, computer software such as Watson can win 

Jeopardy when competing against humans. Even though, information quality is mostly about 

the information consumer, the persons that are using the information. This makes the whole 

area of information quality very subjective and difficult to research. That may also be the 

reason to why it is an interesting research area.  

Although, only one respondent had a negative attitude towards computer software’s, it is still 

important to consider why people may have that attitude. Is it they who should change, or do 

organizations depend too much on computer systems in today’s society? Whether or not, 

resistance to change needs to be countered if an organization decides to implement a system, 

otherwise it will not be used to its full potential, which means throwing money down the 

drain.  

7.1 Future research 

To allow a greater generalizability, this study should be conducted with more respondents and 

organizations. One way to do this could be to perform a quantitative study where the 

respondents are asked to grade how important different subcategories are on a scale 1-5 for 

example. Further, it would be very interesting to do this research related to a specific context, 

and investigate how information quality would be measured in the best possible way in that 

context. If the context is decided before the research begins is it possible to achieve deeper 

knowledge about how it could be measured. The context could be within a specific 

organization, at a specific department, using a specific text mining tool such as Watson 

Content Analytics. 
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Appendix 

1. Starting questions: 

a. Can you briefly tell me about your background? 

b. In what way have you come in contact with information quality? 

2. About information quality 

a. How would you define information quality? 

b. How do you distinguish data quality from information quality? 

c. How would you measure information quality? 

d. If you tried to create a quality measurement for information quality, how 

would you do that? 

e. Which is the most difficult part measuring information quality? 

f. What problem have you encountered related to information extraction? 

g. Which specific problems have you encountered related to entity and 

relationship extraction? 

h. How can an organization work to increase the information quality? 

3. Final questions: 

a. Do you have anymore more to add? 

b. Do you recommend anyone else at your organization that knows this area 

well?  

c. Can I get back to you with follow-up questions?  


