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Abstract 

In the big data context, the growing volume of textual data presents challenges for 

traditional structured data-based decision support systems (DSS). DSS based on structured 

data is difficult to process the semantic information of text data. To meet the challenge, this 

thesis proposes a solution for the Decision Support System (DSS) based on machine 

Learning and qualitative analysis, namely TLE-DSS. TLE-DSS refers to three critical 

analytical modules: Thematic Analysis (TA)1, Latent Dirichlet Allocation (LDA)2 and 

Evolutionary Grounded Theory (EGT)3. To better understand the operation mechanism of 

TLE-DSS, this thesis used an experimental case to explain how to make decisions through 

TLE-DSS. Additionally, during the data analysis of the experimental case, by calculating 

the difference of perplexity of different models to compare similarities, this thesis proposed 

a solution to determine the optimal number of topics in LDA. Meanwhile, by using LDAvis4, 

a model with the optimal number of topics was visualized. Moreover, the thesis also 

expounded the principle and application value of EGT. In the last part, this thesis discussed 

the challenges and potential ethical issues that TLE-DSS still faces. 

 

Keywords: DSS, Big Data, Machine Learning, Perplexity, Innovation 

1. Introduction 

As an advanced intelligent information system, Decision Support System (DSS) has become 

an important research topic in the field of system engineering and computer application. 

Nowadays, DSS has been widely used in the decision-making of enterprise, group 

management behavior, economic prediction, and government policy decision-making. 

However, in the context of big data, the growing volume of textual data has posed grand some 

new challenges to the strategic decision-making (McAfee, 2012; Provost & Fawcett, 2013; 

Kudyba, 2014; Wang et al., 2016). How to analyze and apply massive text-based unstructured 

data to make the decision has become a significant development direction of DSS (Gajzler, M., 

2010; Esposito & Della, 2016). Traditional DSS based on structured data is challenging to 

interpret the semantic information and linguistic meaning of text data (Froelich & Ananyan, 

2008). Although some DSS, which combines machine learning, statistical methods, and 

artificial intelligence algorithms, exhibits efficient data mining capabilities for text data 

processing, these algorithms and methods themselves are still unable to deal with the 

linguistic meaning of text data. In order to meet this challenge, it is imperative to establish 

                                                             
1 TA is a qualitative analysis method. 
2 LDA is a clustering method to find the topic of text data. 
3 EGT’s foundation is Grounded Theory. EGT replaces the axis code of Grounded Theory with the 

topic generated by LDA to generate theory. 
4 LDAvis is a topic visualization tool. 
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some new DSS frameworks or consider incorporating some methods that can analyze 

semantic information into structured DSS. 

In sociological research, some qualitative analysis methods are often used to analyze text 

data, such as Thematic Analysis (Boyatzis, 1998) and Grounded Theory (Glaser & Strauss, 

1967) and these methods can analyze the semantic information of text data very well. If these 

qualitative analysis methods can be integrated into DSS based on machine learning and 

quantitative analysis, the new DSS framework which combines the two methods can not only 

deal with the text data effectively but also realize the semantic interpretation of the text data. 

Therefore, the research questions of this thesis are the following:  

1. How to construct a DSS framework based on machine learning and qualitative methods 

for ‘big’ text data? 

2. How to make decisions through this new DSS framework? 

In order to answer research question one, this thesis proposes and designs a DSS 

framework-‘TLE-DSS’. The framework consists of three components: Latent Dirichlet 

Allocation (LDA) (Blei et al., 2003), Thematic Analysis (TA) (Boyatzis, 1998), and the 

Evolutionary Grounded Theory (EGT) that combines Grounded Theory (GT) (Glaser & 

Strauss, 1967) and analysis results of LDA. LDA is a clustering method in machine learning, 

and it is used to extract topics from a large number of text data. TA and EGT are both 

qualitative analysis methods. The effect of TA is similar to that of LDA. It relies on the 

experience of researchers to classify text data and summarize topics. EGT is a very novel 

method, which is based on GT, but it uses LDA-generated topics to encode and generate 

theories. 

In order to answer research question two, this thesis will introduce how to make decisions 

through TLE-DSS based on a test case. The data in this test case come from the UK 

government’s announcements on its official website. With the keyword-‘innovation’, these 

announcements include all UK government’s events that are related to innovation published 

on official websites from 2007 to 2019. The selection of this test case is based on four 

following motivations: firstly, these data do not involve personal privacy and national 

security; secondly, data is ‘big’ enough and easily accessible; thirdly, the UK has high 

research value as one of the innovative leaders; the last one, decision support for innovation 

is a frontier research field in academia, and it has very significant research value. 

2. Related research 

DSS is a computer-based information system which assists decision-makers to make strategic 

decisions by means of computer technology, simulation technology and information 

technology (Arnott & Pervan, 2005; Van Delden et al., 2011; Rose et al., 2016).  

2.1 IT enhanced current development of DSS 

With the rapid development and application of the network, the Distributed Decision 

Support System (DDSS), which is composed of computer networks, has been developed in 

https://www.sciencedirect.com/science/article/pii/S1462901117300436#bib0020
https://www.sciencedirect.com/science/article/pii/S1462901117300436#bib0305
https://www.sciencedirect.com/science/article/pii/S1462901117300436#bib0225
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theory and practice (Yu & Xue, 2016; Xiao & Fox, 2016; Nadouri et al., 2018). In addition, 

with the increasing activity of Artificial Intelligence (AI), the Intelligent Decision Support 

System (IDSS) that combines DSS with AI has attracted full attention and has become one of 

the most popular research directions in the field of DSS (Guo et al., 2015; Fernandes et al., 

2015; Herrera-Viedma et al., 2018). IDSS can be divided into three types: IDSS based on 

Expert System (ES), IDSS based on Machine Learning (ML) and IDSS based on Agent (He & 

Li, 2017). Moreover, with the continuous integration and closer connection of information, 3I 

Decision Support System (3IDSS), namely intelligent, interactive and integrated decision 

support system, has attracted the attention of scholars (Li et al., 2015).  

Furthermore, the combination of DSS and various application technologies and methods 

also promotes the development of DSS. The combination of data warehouse and DSS makes 

DSS a data-driven system (Krikunov et al., 2016). The combination of data mining and DSS 

makes DSS a knowledge-based system (Liu et al., 2017). The combination of DSS and 

machine learning, such as neural network, makes DSS a self-learning system (Fomin et al., 

2017). 

2.2 DSS in the big data context 

In the digital age, big data comes from a variety of sources (Harper, T., 2017; Kitchin & 

McArdle, 2016). Data can come from the Internet of Things and sensors, and the growth rate 

of data has already exceeded Moore's law (Chen & Zhang, 2014). Traditional DSS has a 

limited ability to process massive data. In the face of non-linear and multi-parameter open 

complex decision-making problems in a heterogeneous environment, the existing qualitative 

and quantitative models in traditional DSS cannot effectively deal with and expand. In terms 

of intelligent analysis and prediction ability of big data technology (Akter, et al., 2016; Gupta 

& George, 2016), however, DSS based on big data has the ability to solve complex 

decision-making problems. For example, a Smart Maintenance Decision Support System 

(SMDSS) based on big data of 500 companies can be used to generate predictive 

maintenance decision making (Bumblauskas et al., 2017); a DSS based on a large amount of 

transportation systems data coming from different devices can be developed for improving 

public transport services and providing policy suggestion for government (Guido et al., 2017). 

2.3 Massive text data in DSS 

Some machine learning algorithms can also be encapsulated in DSS to solve the problem of 

massive text data. DSS encapsulated with Artificial Neural Network (ANN) can support the 

judgment of some medical lawsuit cases (Zhu et al., 2017). Other machine learning 

algorithms, such as Naive Bayesian (NB)5 and Support Vector Machine (SVM)6, can be 

combined with Natural Language Processing (NLP)7 to form DSS for low back pain detection 

by analyzing text data (Judd et al., 2018). 

                                                             
5 NB is a classification method based on Bayesian theorem and the independent hypothesis of feature 

conditions. 
6 SVM is a generalized linear classifier for binary classification of data by supervised learning. 
7 NLP is a research direction in the fields of Computer Science and Artificial Intelligence. 
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Some architectures and synergy methods can provide solutions for text-based DSS. Gajzler 

(2010) focused on a solution of DSS that is based on massive text data through strengthening 

knowledge base. Knowledgebase comes from data mining of text data and principal 

component extraction based on SVD (Singular Value Decomposition) 8 . Furthermore, 

simplifying the process of knowledge acquisition from a large amount of text data by data 

mining technology can effectively improve the efficiency of decision-making and reduce the 

operation cost of DSS. Moreover, Rao & Dey (2011) created the concept of TMbDSS (Text 

Mining based Decision Support System). TMbDSS involves a technical framework for text 

mining, which includes data warehouse, association rule analysis, classification, and 

clustering. Through this architecture, TMbDSS can generate valuable information from text 

data for decision support. Besides, Yussupova and other scholars (2015) used an approach 

that combining sentiment analysis with decision tree as a solution to text-based DSS and the 

performed experiment has proved this solution efficacy for users about decision-making. 

These technologies and architectures adopt the current cutting-edge machine learning 

algorithms and statistical methods. They perform well in dealing with structured data and 

quantitative analysis. To a certain extent, they construct an outstanding data processing 

scheme and analysis environment, which provides a solution for text-based DSS. However, 

considering the particularity of text data, although statistics can quantify it, more importantly, 

it involves semantics. Text data is not disorder data, but data with linguistic, logical structure 

and meaning. Traditional quantitative analysis DSS based on statistical analysis for 

structured data has a bottleneck in the analysis of unstructured data such as text, that is, it 

cannot accurately interpret the semantics and implicit meaning of words. Meanwhile, 

although DSS based on machine learning is outstanding in data mining, some algorithms still 

cannot summarize semantics by the algorithm itself. Therefore, in order to interpret data 

effectively and accurately, combining quantitative and qualitative methods to process text 

data can be regarded as a solution of DSS that is based on text data. Another way of putting 

this is to say that adding qualitative analysis to machine learning-based DSS can significantly 

improve the analysis ability of text-based DSS, thereby making more comprehensive 

decisions based on subjective judgment and objective empirical research. 

3. The framework of text-based DSS 

In order to construct a DSS based on machine learning and qualitative analysis for analyzing 

text data, a fundamental framework, TLE-DSS was proposed in this chapter. This 

experimental framework consists of three components: TA, LDA, and EGT. 

3.1 Three modules of TLE-DSS 

3.1.1 Thematic analysis (TA) module 

In the TLE-DSS, TA module is used to process theoretical data. 

                                                             
8 SVD is a method of matrix decomposition in linear algebra. 
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TA is one of the most commonly used qualitative analysis methods for capturing complex 

meanings from text data (Guest et al., 2011, p. 11), and it can be used to define topics from 

data classification (Braun & Clarke, 2006). As a subjective research method, TA emphasizes 

participants' cognition and human experience (Guest et al., 2012). Therefore, the 

classification of topics comes from analysts' subjective cognition and judgments. More 

specifically, TA is used to achieve a conceptual framework through topic words based on 

system analysts' experience and judgment to theoretical data, such as phenomena or 

definitions, etc. 

3.1.2 Latent Dirichlet Allocation (LDA) module 

In TLE-DSS, LDA module is used to process empirical data, namely ‘big’ text data. 

 

Brief description of LDA 

In the text data world, the standard methods to determine the degree of association between 

two documents is to calculate the number of same words that appear in two documents, such 

as calculating TF-IDF. However, such methods fail to find associations hidden behind the 

text. In reality, two documents may contain fewer identical words, but they express the same 

or similar themes. For example, an article describing football and another describing skiing 

share the same topic-‘sport’. In order to solve the aforementioned problem, scholars have 

developed some well-known topic modeling algorithms. Through these algorithms, scholars 

can obtain common topics of multiple documents and find the hidden relationship between 

them. Although there are many superior algorithms can be utilized to construct topic 

modeling, the TLE-DSS focuses on Latent Dirichlet Allocation (LDA) (Blei et al., 2003) in 

this thesis. LDA algorithm as an unsupervised machine learning technology can construct a 

document generation model, and it can generate the probability distribution of the topic for 

each document in the corpus. Researchers can estimate the document’s specific topic 

involved in through such a probability distribution. In fact, the LDA is a complex 

mathematical process, but in order to understand the LDA algorithm easily, the authors of 

LDA introduce a simple example in their paper to illustrate the process of generating an 

article. There are four topics, ‘Arts,' ‘Budgets,' ‘Children,' ‘Education,' and their 

corresponding words (Figure 1). 
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Figure 1 Four topics (Blei et al., 2003, p.1009) 

 

The construction process of a document is that selecting a topic from these four topics with a 

certain probability, and then selecting a corresponding word with a certain probability within 

this topic. Repeating this process can generate the entire article (Figure 2). LDA can be 

viewed as the inverse process of the above: inferring a specific topic from a given document. 

In other words, LDA can be understood as the process of refining corpus: transforming a 

large number of words of the corpus into several explicit topics. However, LDA, as a 

‘bag-of-words’ algorithm, does not consider the order between words and semantic 

connection. Therefore, the algorithm of LDA as a tool to research corpus still cannot solve the 

latent semantic and logic information within words.  

 

 

Figure 2 Entire article from four topics in Figure 1 (Blei et al., 2003, p:1009) 

 

The optimal number of topics for LDA 

There are some significant scientific methods for estimating the optimal number of topics of 

LDA models. By calculating logP(w|T) value, a topic-number-logP(w|T) curve can be drawn 

to obtain the LDA model with the optimal number of topics and the highest point of the 

vertical axis in the curve is the best value of the number of topics (Griffiths & Steyvers, 2004). 
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Another evaluation method introduces that when the average similarity of the topic structure 

is minimum, the corresponding model is optimal (Cao et al., 2009). Also, Hierarchical 

Dirichlet process (HDP) explains that the topic itself is generated by data rather than 

pre-fixed and the problem of LDA optimal topic selection can be solved by calculating the 

mixture of HDP (Teh et al., 2005). However, this thesis focuses on obtaining the optimal 

number of topics by calculating the ‘Perplexity’ of LDA models (Blei et al., 2003). 

The ‘Perplexity’ of LDA is the degree that how uncertain the model is about which topic 

document d belongs to. Therefore, “a lower perplexity score indicates better generalization 

performance” (Blei et al., 2003, p.1008). This means ‘the lower, the better.’ 

To test dataset D with M documents, the ‘Perplexity’ is: 

1

1

log ( )

( ) exp{ }

M

d

d
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d

d

p w

perplexity D

N





 



 

Nd is the number of words in document d, and wd is the word of document d. Moreover, 

p(wd) is the probability of the word wd in Document d, that is: 

( ) ( | )* ( | )d

z

p w p z d p w z  

Theoretically, however, the ‘Perplexity’ will decrease with the number of topics increasing 

so that excessive topics may lead to over-fitting.  

 

Visualizing LDA by LDAvis 

LDAvis is a tool that uses multidimensional scales for analysis, extracts principal components 

as different dimensions, and maps topics to the plane with two dimensions (Sievert & Shirley, 

2014). Moreover, LDAvis is an interactive graphical interface based on the web. Through this 

interpretive graphical interface, analysts can intuitively see the relationship between different 

topics generated by the LDA model and the word distribution of topics (Figure 3). This 

interactive interface via multidimensional scaling can observe the distribution of words 

under the topic by clicking on the topic, and also can observe the distribution of topics 

contain the specific word by clicking on the word. In Figure 3, the blue bar represents overall 

word frequency, and the red bar represents the estimated word frequency within the selected 

topic. The size of the circle of topic represents the importance of the topic, and the proximity 

of the position between topics expresses the proximity of the relationship between topics. 

More importantly, the design of LDAvis contains a parameter λ, which can adjust the 

relevance between the topic and the distribution of words within the conresponding topic. 

According to Sievert & Shirley (2014), the relevance between topic (t) and word (w) with λ is: 

 

relevance (w | t)= λ*p(w|t)+(1−λ)*p(w|t)/p(w)   (0<λ<1) 

 

If the value of λ is close to one, high relevance rankings about frequent terms will be given 

within a given topic, whereas the value of λ is close to zero, high relevance rankings about 



8 
 

exclusive terms will be given within a topic. Therefore, researchers can adjust the value of λ 

according to the research object to obtain the term rankings within a given topic. According 

to Sievert & Shirley (2014, p. 67), based on their analysis, the value of λ is 0.6, which can be 

regarded as the optimal value to obtain term rankings. For all sociological datasets, 0.6 may 

not the optimal value, but it has a certain reference value. 

 

Figure 3 LDA model graphical interface in LDAvis 

(Available at: https://github.com/cpsievert/LDAvis ) 

 

LDAvis can easily visualize LDA models in Python or R environments through simple codes. 

Visualized interfaces facilitate researchers to study topics based on LDA model, especially the 

relationships among diverse topics. 

3.1.3 Evolutionary Grounded Theory (EGT) module 

In TLE-DSS, EGT uses topics generated by LDA to form strategies and frameworks for 

relevant decision support 

Grounded theory (GT) is referred to as one of the most widely used methodologies in 

sociological research (Suddaby, 2006; Shah & Corley, 2006; Denzin & Lincoln, 1994). About 

GT, John Dewey (1917) thinks the theory is vigor and meaningful if it exists in cognition and 

experience. Practice as a guide can be the foundation of the epistemology of grounded theory. 

The fallibilism of pragmatism as another epistemology of GT allows the existing theory is 

falsified or surpassed by the theory of the future (Bryant, A., 2009). Thus, it allows theory is 

conceptualized through human being’s experience and different perspectives, even if the 

theory will prove unreasonable through sufficient evidence in the future. These provide a 

cognitive basis for the researcher who wants to construct and realize theory. About the 

methodology of GT, as Glaser (1992) points out, the theory of grounded theory is a general 

methodology, and through combining with data collection and analysis, a systematic method 

of application is used to form an inductive theory of a specific field of substance. In other 

words, the grounded theory advocates the development of theory and social phenomenon is 

based on research data rather than a deductive hypothesis from existing theories (Glaser et 

al., 1968). Therefore, GT is the process of constructing theory through data induction. 

Nowadays, this methodology has been widely applied in many disciplines, such as health 

science, education, psychology, sociology, management, and gender studies (Glaser & Holton, 

2007). 

Nevertheless, as a significant method of data induction, this thesis focuses on a novel 

‘Evolutionary Grounded Theory’ (EGT) based on machine learning in the big data context 

rather than the traditional classical GT. King (2014) thinks that with the emergence and use 

of big data, the empirical basis of social science research will change dramatically, and even 

https://github.com/cpsievert/LDAvis
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accelerate the integration of qualitative and quantitative research. The classical GT is a 

process of extracting data from field work to form codes and abstracting these codes 

continually, whilst LDA is a process of generating topics from massive corpus data. Therefore, 

as the inductive method from raw data, both of these two methods have high similarity, 

which provides a basis for merging the two methods. GT generates theory and social 

phenomena from three-level coding: open coding, axial coding, and selective coding (Corbin 

& Strauss, 1990), whilst LDA can generate topics and word distribution within a certain topic. 

Word distribution can be regarded as open coding, while topics as axis coding. Therefore, 

comparing GT, EGT as a new methodology combining GT with LDA, can use ‘words 

distribution’ instead of ‘open coding’ and ‘topics’ instead of ‘axial coding’ to generate theory 

and social phenomena (Figure 4). 

 

Open coding

Axial coding

Selective coding

Word 

distribution

Topics

Selective coding

Word 

distribution

Topics

Grounded 

Theory
LDA

EGT

Figure 4 Evolutionary grounded theory based on combining grounded theory with LDA 

3.2 Logical structure and data flow of TLE-DSS 

Appendix 1 is a systematic framework and data flow of TLE-DSS. TLE-DSS consists of three 

parts: ‘Data collecting,' ‘Data processing’ and ‘Decision support information.' ‘Data collecting' 

includes some methods of data collection. ‘Data processing' refers to qualitative, quantitative, 
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and graphical visualization analysis methods. ‘Decision support information' includes 

analysis results of system, namely decision-support information. The decision-support 

information will support decision makers in formulating strategic plans and adjusting the 

strategic layout. TLE-DSS also includes two dimensions, ‘Theoretical data analysis' and 

‘Empirical data analysis,' which provide support for decision-making from both theoretical 

and empirical perspectives.  

Furthermore, according to Appendix 1, in the framework of TLE-DSS, LDA module is the 

core component among these three modules, because TA and EGT need to combine the 

results of LDA analysis to produce decision support information. LDA generates topics of 

empirical data, and by LDAvis, these topics can be visualized and form ‘Visualization fields’. 

Moreover, in the graphical interface of LDAvis, the importance of different ‘Visualization 

fields’ (topics) and the relationship between these ‘Visualization fields’ (topics) can be 

observed very intuitively (e.g., Figure 3). By processing and reconstructing the theoretical 

data, the TA module can produce a conceptual framework. By integrating the conceptual 

framework into the graphical interface of LDAvis, an ‘Empirical interpretation of the 

conceptual framework’ (the conceptual framework is from TA module) will be generated. 

Besides, by analyzing the topics generated by LDA, EGT can generate ‘Selective codes’. By 

abstracting and summarizing these codes through analyst's experience, ‘Development 

framework and strategy’ will be obtained. 

4. Test case and data collection methods 

To better understand the operation mechanism of TLE-DSS in dealing with massive text data, 

a test case about decision support of UK innovation strategy will be introduced in this chapter. 

Meanwhile, related data and data collection methods will be another focus of this chapter. 

The decision support information generated by TLE-DSS will help the UK government to 

make innovation strategy decisions and adjust the layout of innovation fields. 

4.1 Motivation for test case selection 

The selection of this test case is based on four following motivations: firstly, compared with 

text data from other sources, such as the data from Twitter or Facebook, the text data from 

the UK government official website is completely open and objective, so the results of the 

analysis of these data do not involve personal privacy and national security. Secondly, 

considering the volume of data, more than 10 million words in these announcements can 

meet the test requirements. Also, considering availability and accessibility of data, data can 

be completely obtained by some simple codes in analysis software, which reduces the time 

cost and improves efficiency. Thirdly, as one of the economic, cultural and political centers in 

Europe, the UK is also among the world's top innovators in various fields. Therefore, the 

study of the UK innovation can provide a reference for the use of TLE-DSS in innovation 

research in other countries and fields in the future. The last one, innovation is a buzz word at 

present. Almost all countries are striving to improve domestic productivity and reduce 
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environmental pollution through innovation. Therefore, decision support for innovation has 

very significant research value. 

4.2 Data and data collection methods 

Theoretical data and data collection method 

Because considering that the research object is the decision support of UK innovation 

strategy, ‘Innovation’ will be the ‘core term' of the research object.   

25 classical definitions of innovation (see Appendix 2) from scholars and institutions will 

be the theoretical data source. Fox example, Schumpeter (1939, p.80) noted types of 

innovation: 

 

Five different types of innovation: new products or a new quality of a product, 

new methods of production, new markets, new sources of supply of raw materials 

and intermediate goods, and new methods of organizing the economic process.  

 

Also, Drucker (1985, p.31) also defined innovation in his writings: 

 

Innovation is the change that creates a new dimension of performance, and to 

innovate is to turn change into opportunity. Systematic innovation, therefore, 

consists of the purposeful and organized search for changes, and in the systematic 

analysis of the opportunities, such changes might offer for economic or social 

innovation. 

 

These theoretical data collection methods include automatic online retrieval and literature 

review. In fact, whether through online retrieval or literature review, there are a lot of 

definitions and explanations about innovation. Moreover, with the development of science 

and technology and academic updates, the definition of innovation is constantly changing. As 

an experimental data to test the operation mechanism of TLE-DSS, however, TA module uses 

25 classical innovative definitions from famous scholars as theoretical data in the following 

data analysis part. 

 

Empirical data and data collection method 

The empirical data are official announcements that come from the website of the UK 

government (www.gov.uk), and these announcements were published by various 

government's departments, institutes, and agencies. These announcements cover all UK 

government's events published on the official website about ‘innovation' from 2007 to the 

beginning of 2019, involving in global cooperation, venture capital, public welfare, national 

defense, education, government policy, and other diversification fields. These 

announcements cover 13601 documents, of which 12862 are valid data. These 12862 valid 

data constitute a corpus for analysis. The corpus contains 13366697 words as total and 

6522713 words without stop-words such as ‘of' or ‘an.'         

Data collection is based on automatic web crawling and was finished in R studio.  

http://www.gov.uk/
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4.3 Ethical considerations in data collection and research 

All these test text data, including theoretical and empirical data, come from public platforms 

and open literature resource, so they do not involve any national or business secrets; 

meanwhile, they also do not involve any privacy or personal information. Besides, the 

research of this thesis has not received financial support or funding from any institution or 

organization, so the research involved in this thesis is objective, independent, without special 

tendencies and purposes. Moreover, the experimental conclusions of all these test data only 

reflect the test results of TLE-DSS framework. These conclusions do not have political 

standpoint and do not involve the evaluation, judgment, and prediction about the work of the 

UK government. 

5. Data Analysis  

In this chapter, theoretical and empirical data will be applied to TLE-DSS framework for 

analysis. 

5.1 Reconstructing theoretical data through TA module 

These theoretical data (25 definitions) are grouped and summarized as conceptual terms in 

the TA module, which constitute the conceptual framework of the core word-‘innovation’. In 

this process, all stop-words of these definitions are removed such as ‘a' and ‘of,' conjugate 

words are merged such as ‘method' and ‘methods,' and some words that cannot be 

categorized are deleted such as ‘final' and ‘results.' The rest of the words of these 25 

definitions of innovation are grouped into different conceptual terms because they have 

similar meanings or involve similar fields. For example: ‘organizations,' ‘profits' and ‘growth' 

were categorized in the term of ‘Economy' because they belong to the category of the 

economy. Also, ‘improved,' ‘modification' and ‘stage' were categorized in the ‘Development' 

because they describe the various status of development. Appendix 3 shows the categorized 

words and the six conceptual terms: ‘Creativity,' ‘Sustainability,' ‘Development,' 

‘Globalization,' ‘Economy,' and ‘Tech.' These six conceptual terms reconstruct 25 

definitions of innovation and form the conceptual framework of innovation (Figure 5). 
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Innovation

 Sustainability

Development

Globalization

Tech

Economy 

Creativity

 

Figure 5 Conceptual framework of innovation and six conceptual terms 

 

According to categorized words in Appendix 3, the conceptual framework of innovation can 

be interpreted more detail as: 

Creativity: not only expresses the meaning of creating new ideas and concepts but also 

expresses the viewpoint of inventing new affairs, studying new knowledge and constant 

exploration. In other words, in innovation, creativity represents the exploration of scientific 

development for the improvement of productivity.  

Sustainability: includes not only the formulation of sustainable development policies 

but also a systematic framework for social progress constantly. 

Development: transformation, change, and adaptability. 

Globalization: large-scale, multi-dimensional collaboration and multilateral 

cooperation. 

Economy: constantly adjust the organization and improve policy to achieve the goal of 

economic growth on the basis of innovation, at the same time, seizing the opportunity to 

continuously obtain higher benefit and returns and improving the employment rate. 

Tech: the generation of advanced technology and the emergence of high-performance 

equipment. These technologies and equipment are the derivatives of innovation and also 

guarantee the sustainability of innovation. 

5.2 Empirical data analysis through LDA module 
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5.2.1 Estimating the optimal number of topics 

To establish LDA analysis model based on the optimal number of topics, the perplexity of 

different models is calculated based on the number of topics presupposed. By selecting the 

number of specific topics ranging from 2 to 5000, the corresponding model’s perplexity 

based on corpus without low-frequency words (less than 5%) and stop-words are analyzed in 

Table 1 and visualized in Figure 6. According to Figure 6, the curve declines sharply as the 

number of topics grows. When the number of topics exceeds 2000, the curve gradually tends 

to be parallel to the X-axis. However, a large number of topics cannot be discussed and 

summarized in sociological research. Therefore, the optimal topic model should be built in a 

small number of topics. 

 

The number of 

topics  
Perplexity 

The number of 

topics  
Perplexity 

The number of 

topics  
Perplexity 

2 717.1132 19 555.7648 300 393.4019 

3 688.3232 20 553.5815 350 387.5816 

4 673.4531 25 539.3318 400 382.1231 

5 651.7141 30 525.4137 450 378.0586 

6 640.4783 35 513.8988 500 374.5027 

7 628.4345 40 504.8815 600 369.5501 

8 617.6781 45 496.9915 700 365.5918 

9 608.3423 50 491.3238 800 362.3941 

10 601.2668 55 484.9862 900 360.4059 

11 594.1232 60 479.3222 1000 359.5869 

12 588.3375 70 469.2834 1500 352.1109 

13 582.8965 80 461.4423 2000 349.1948 

14 577.4876 90 455.9851 3000 350.9581 

15 571.5921 100 450.0491 4000 349.9089 

16 567.4887 150 427.0586 5000 349.0091 

17 563.2675 200 412.3748 
  

18 560.4675 250 402.9481     

Table 1 The value of perplexity based on a different number of topics 
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Figure 6 The perplexity of models with 2-5000 topics  

     

Based on the above analysis, the optimal topic model can be considered in the range of from 

5 to 60 topics. However, according to Figure 6, the perplexity curve continues to decline in 

the topic range of from 5 to 60, so it is impossible to determine which topic model is optimal. 

Therefore, the concept of ‘Model Similarity’ can be proposed to assess the differences 

between topic models established in different methods. The models with a small difference; 

in other words, the models with high similarity can be the optimal topic model. 

Based on corpus excluding low-frequency words (less than 5%) and stop-words, through 

the cross-validation of 5-folds, the perplexity of models with topics ranging from 5 to 60 is 

calculated, and the average perplexity for each model based on cross-validation of 5-folds is 

shown in Table 2. Also, Table 2 shows the perplexity values of corresponding topics that 

come from Table 1. More importantly, Table 2 also contains the different values of perplexity 

between average perplexity of 5-folds cross-validation and perplexity of corresponding topics 

from Table 1. The perplexity fitting curve of 5-folds cross-validation and the perplexity curve 

of corpus without stop-words are shown in Figure 7. Moreover, the curve of perplexity 

difference is shown in Figure 8. According to Figure 8, the number of topics corresponding to 

the lowest perplexity difference is the optimal number of topics. In other words, the models 

obtained in two different methods have the highest similarity. Therefore, the optimal number 

of topics is 25 in accordance with the analysis above. 
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The number of 

Topic 

The average 

perplexity of 

5-folds 

cross-validation 

The perplexity of 

corpus without 

stop-words 

(Table 1) 

Difference 

5 655.4166 651.7141 3.7025 

10 606.1357 601.2668 4.8689 

15 576.6934 571.5921 5.1013 

20 558.1039 553.5815 4.5224 

25 542.2875 539.3318 2.9557 

30 529.8219 525.4137 4.4082 

35 519.5694 513.8988 5.6706 

40 510.7213 504.8815 5.8398 

45 503.0048 496.9915 6.0133 

50 497.1109 491.3238 5.7871 

55 491.1665 484.9862 6.1803 

60 486.0002 479.3222 6.6780 

Table 2 Average perplexities of 5-folds cross-validation, the perplexity of full corpus and 

their difference based on different topic models  

 

 

Figure 7 The perplexity fitting curve of 5-folds cross-validation and the perplexity curve of 

corpus without stop-words 
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Figure 8 The curve of perplexity difference 

 

5.2.2 Topic visualization by LDAvis 

In order to simplify the operation of the model, the corpus for LDAvis contains 31151 words, 

which do not contain words with less than five occurrences, repetitive words, and stop-words. 

The 20 high ranking words in each corresponding topic listed in Appendix 4 (λ=0.6). 

According to the induction of the words in Appendix 4, the name of each topic can be 

obtained. Topics visualization and the name of each topic are shown in Figure 9. 
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Figure 9 Topics visualization based on the inter-topic distance map 

 

In Figure 9, each blue circle represents an innovation-related field in the UK, and the bigger 

the circle, the more important it is. Moreover, considering the proximity of blue circles, there 

is an intricate relationship between these topics.  

According to Figure 9, improving people's life quality (topic 1) is the most important topic 

because of the biggest size. Meanwhile, the topic ‘people's life' intersects profoundly with 

other two fields, the care for children and disabled (topic 7) and environmental protection 

(topic 22). Besides these three fields, the UK government has also made innovations in 

education (topic 8), medical care (topic 18) as well as crime prevention and protecting 

women (topic 20) in varying degrees and scales. The judicial system (topic 3) is also one of 

the fields in which the UK government carries out innovations. Similarly, judicial innovation 

also involves the supervision of people's living environment (topic 12). The above fields 

involve the innovation of government functions (topic 9), that is, the innovation of 

government structure and work process. Moreover, the upgrading of the welfare system 

(topic 17) brought about by the new technology is well-being for staff in all fields. 

Green energy (topic 10), information technology (topic 13), and defense technology (topic 

21) are all cutting-edge fields and they are closely related. Meanwhile, innovation-driven 

economic development (topic 2) and scientific research (topic 4) are the fields of very 

significant concern from the government. In the above five fields, the UK has more 

cooperation with African countries and the United States (topic 6) than with Asian countries 

and Latin American countries (topic 5). Besides, about innovation, transport and 

infrastructure (topic 11), culture and tourism (topic 14) and engineering project construction 

(topic 15) have an intrinsic connection. Domestic, regional development (topic 24), 

government work innovation (topic 16), and leadership innovation (topic 19) also involve 

innovative development. 

Policy-making and business regulation (topic 23) and capital provision and human 
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resources supervision (topic 25), to some extent, embody the innovation of management 

mechanism and means. 

5.3 Empirical interpretation of ‘Innovation’ based on TA and 

LDA 

To obtain the ‘Empirical interpretation of the conceptual framework’ (see Appendix 1), the 

‘Conceptual framework’ of ‘Innovation’ (see Figure 5) generated by the TA module will be 

input into the ‘Topic visualization’ generated by LDA module. Through the manipulation of 

the interactive interface generated by LDAvis, some topics highly related to the conceptual 

framework of innovation can be observed. In Appendix 5, the relevance of each topic to the 

‘Conceptual framework’ of ‘Innovation’ is measured by the size of its circle, and the red circle 

represents the topic most relevant to the conceptual framework of innovation.  

Generally speaking, topic 2 is most relevant to ‘Creativity,' followed by topics 4 and 16 as 

well as topic 2 is also most relevant to ‘Sustainability’ and topic 16, 22 and 10 are following. 

Topic 6 has the highest relevance to ‘Development’, followed by 4, 12, and 15. About the 

‘Globalization’, topic 6 in the first place, followed by topic 5, 4, and 2. To ‘Economy’, topic 2 

dominates, and other topics are following such as topic 1, 4, 5, and 16. Topic 4 occupies a 

leading position in the concept ‘Tech’, followed by 13 and 15.  

More specifically, empirical interpretation of ‘Innovation’ is following: 

‘Creativity’ 

In the conceptual framework of ‘Innovation’ (see Figure 5), the core meaning of creativity 

is transforming innovation into productivity improvement (see chapter 5.1). Therefore, 

according to Appendix 5, the UK is committed to improving productivity through innovative 

economic development (topic 2). Besides, improving productivity is also reflected in scientific 

research innovation (topic 4) and government capacity innovation (topic 16).  

‘Sustainability’ 

The sustainability of innovation is mainly involved in four fields: economic development 

(topic 2), green energy (topic 10), environmental protection (topic 22) and government 

capacity (topic 16). The UK wants to constantly implement sustainable development through 

economic and other field innovation such as green energy, environmental protection, and 

government capacity.  

‘Development’ 

The concept of development is mainly emphasized in cooperation with some developed 

countries in Europe and the United States as well as underdeveloped regions in Africa (topic 

6). Cooperation also refers to innovation in scientific research (topic 4), construction of 

infrastructure construction (topic 15), and improving people's living environment (topic 12).  

‘Globalization’ 

UK's global innovation strategy mainly covers cooperation with two regions, one with 

African countries and the United States (topic 6), and the other with Asian countries (topic 5). 

The concept of globalization has also penetrated into the economic (topic 2) and scientific 

fields (topic 4), which are also the two most important primary fields of the UK’s 
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globalization strategy.  

‘Economy’ 

In the conceptual framework of ‘Innovation’ (see Figure 5), the definition of the innovative 

economy is to adjust organizational structure and policies on the basis of innovation in order 

to obtain higher returns and improve the employment rate (see chapter 5.1). Besides 

economic development (topic 2), fields most relevant to the innovative economy include 

people's lives (topic 1), scientific research (topic 4), cooperation with Asian and Latin 

American countries (topic 5), and government capacity (topic 16).  

‘Tech’ 

Science and technology are the backbones of innovation. Innovation is inseparable from 

the development of science and technology. The meaning of tech in innovation is sustainable 

innovation development brought about by advanced technology and high-performance 

equipment (see chapter 5.1). In UK, innovative tech mainly involves in three fields: science 

research (topic 4), IT (topic 13) and engineering construction (topic 15).  

To sum up, in this analysis process, the conceptual framework of ‘Innovation’ (Figure 5) is 

integrated into diverse fields of innovation in UK (Figure 9). The framework combining 

empirical findings clarifies that UK’s innovation is multi-domain and multi-dimensional 

innovation. 

5.4 Analysis through EGT module 

In Figure 9, it can be seen intuitively that these 25 topics generated by LDA module 

constitute some independent areas of different scale according to the relationship of their 

positions on the four quadrants. Therefore, these fields can be regarded as the different 

categories of these topics. Moreover, according to Figure 4, in EGT, based on the concept that 

by using ‘topics’ instead of ‘axial coding’ to generate theory and social phenomena, through 

further abstracting and summarizing these topics contained in different categories, the 

selective codes (I) are obtained. Also, by further abstracting and summarizing to these 

selective codes (I), selective codes (II) are obtained. All codes are shown in Table 3. 
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Table 3 Analysis through EGT module 

 

Selective codes (I): a development framework 

The four social systems (category 1) cover diverse fields of innovation in the UK. Three 

directions (category 2) involve the main aims of UK innovation and they are a cycle of mutual 

promotion and reinforcement. One power (category 3), namely the government’s power, has 

played a significant role in promoting and supervising the innovation activities in various 

fields. Therefore, they constructed a development framework of innovation. 
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Government's 
power

Social security 
system

Government 
and judicial 

system

Social welfare 
system

Environmental 
protection 

system

Economic 
development and 

globalization

Infrastructure Science and 
technology

 

 

Figure 10 The framework of the UK Innovation 

 

Selective codes (II): a development strategy 

Combining category 1, 2, and 3 in selective codes (II), the development strategy of UK 

innovation can be inducted as following:  

 

The UK government regards strengthening its political influence in the diversified 

fields of innovation as a mean of implementing innovation in order to achieve the 

goal of perfecting social mechanism and improving national productivity. 

6. Main findings 

6.1 A semi-automated DSS framework for ‘big’ text data 

Based on the above analysis, TLE-DSS is a semi-automated system framework. From data 

collection to decision-support information generation, TLE-DSS always runs in an 

environment of automatic machine processing and manual analysis. 
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In the part of ‘Data collecting’ (see Appendix 1), the TA module collects theoretical data by 

means of automatic retrieval. In a test case, TA automatically retrieved theoretical data based 

on the core word-‘innovation’ and used 25 classical definitions from well-known scholars as 

final experimental data. Therefore, the TA module has automatic functionality. LDA module 

also has automatic functionality. In the test case, LDA automatically collected 13 601 

announcements from the official website of the UK government as empirical data. These 

empirical data are processed by LDA and form high ranking words distribution (Appendix 4) 

and an interactive graphical interface based on the web (Figure 9). The data input of EGT 

module comes from the topic generated by LDA module. Therefore, data collection of EGT 

module is also an automatic process, namely collecting topic from LDA. 

In the part of ‘Data processing’ (see Appendix 1), the TA module needs to depend on the 

analyst's experience and judgment when forming the conceptual framework. Although LDA 

module can automatically generate word distribution and topic visualization, the formation 

of topics of different words distribution needs to be abstracted and summarized by analysts. 

Also, EGT module needs analyst's experience to generate selective codes. Therefore, TA, LDA 

and EGT are inseparable from manual processing, that is, the experience and judgment of 

analysts. 

In the part of ‘Decision-support information’ (see Appendix 1), although the graphics of 

‘Empirical interpretation of the conceptual framework’ (e.g. Appendix 5) can be 

automatically obtained, these so-called ‘interpretations’ must come from analysts (e.g. 

chapter 5.3). Although the topic visualization graphic is automatically generated by LDAvis in 

LDA module, due to the interactivity of the visualization graphic, it still needs analysts’ 

judgment to obtain decision-support information through this interface. Similarly, about 

‘Development framework and strategy’, its induction is also derived from the experience of 

analysts. 

To sum up, TLE-DSS is a complex semi-automatic system framework. On the one hand, it 

has the functionality to automatically collect and process data; on the other hand, it also 

needs the experience and judgment of analysts to generate analysis results and 

decision-support information. TLE-DSS can not only process ‘big’ text data efficiently, more 

importantly, but also interpret the semantic information of text data. For example, in the test 

case, LDA efficiently processed corpus containing more than 13 million words. Meanwhile, 

TA and EGT interpret and explain the semantic information of these ‘big text data’ and form 

corresponding decision-support information. Therefore, taking into account the needs of 

both data analysis and semantic interpretation, the semi-automated framework, TLE-DSS, is 

an effective solution to deal with growing volume text data in big data context. 

6.2 Making decisions through TLE-DSS 

In the test case, TLE-DSS produced some data flow and information, such as theoretical data, 

the conceptual framework of ‘Innovation’, word distribution and development strategy. In 

order to observe these data flows and information more intuitively, they will be reflected in 

the logical structure and data flow graph of TLE-DSS (Appendix 6). According to Appendix 6, 

through the analysis of theoretical and empirical data, TLE-DSS generated three types of 
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decision-support information: 

 

A. The UK's innovation is multi-domain, and multi-dimensional innovation based 

on the conceptual framework of innovation. 

B. The UK's innovation involves 25 main fields, including people's living, education, 

medical, defense, and government work, etc. 

C. The development framework and strategy of the UK Innovation. 

     

These three types of information include more detailed interactive interface (Figure 9) and 

graphics (Appendix 5), as well as some specific analysis results (e.g. chapter 5.3 and 5.4). 

They will assist the UK government to make decisions on innovation development, planning, 

and strategic layout adjustment. For example:        

Information A: according to Appendix 5, considering the balanced development, the UK 

government can focus on those relatively fields in the next development strategy stage. For 

instance, to ‘Creativity,' the UK government can focus on the creative improvement of 

education (Topic 8) and government functions (Topic 9). Combining with the definition of 

‘Creativity,' improving productivity by strengthening the scientific development of education 

and government functions can be placed in the next stage of the government's innovation 

strategic plan. Besides, according to the current economic situation and international 

development trend, the government can moderately adjust the focus of development. For 

instance, the government may consider transforming innovation in some areas from 

government-led to market-led. 

Information B: 25 fields of innovation, their relationship and scale are shown in Figure 9. 

In the next stage of strategic planning, the government could consider whether it needs to 

bring into new fields or whether it needs to make the relationship between specific fields 

closer. For instance, according to Figure 9, the government could consider strengthening the 

relationship between people's life (Topic 1) and economy (Topic 2) in innovation in the next 

stage of strategic planning. 

Information C: according to Figure 10 and innovation strategy of the UK, the UK 

government could consider the overall framework and blueprint of innovation and 

development for future aim. Constantly utilizing government power to adjust the existing 

social mechanism and further improve social security can enhance people's happiness and 

strengthen domestic productivity. 

Therefore, based on the above experimental results of the test case, TLE-DSS can provide 

a comprehensive set of decision-support information for stakeholders. By using these 

decision-support information, stakeholders can effectively make judgments and adjustments 

to strategic planning, thereby helping them to make decisions. 

7. Discussion 

7.1 ES, IDSS and TLE-DSS 
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The Expert System (ES) is a computer system that simulates human experts' decision-making 

(Jackson & Jackson, 1990). It contains two key components: inference engine and 

the knowledge base. The function of the inference engine is to apply logic rules to the 

knowledge base, and the function of a knowledge base is to store a large amount of data and 

information. The core of TLE-DSS is clustering algorithm and qualitative analysis. It does not 

have the function of applying logical rules and storing information. Therefore, technically, 

TLE-DSS is not ES. However, considering the technical update of TLE-DSS in the future, 

TLE-DSS can extend inference engine and knowledge-base module. With the application of 

logical rules and knowledge base, TLE-DSS can store a large number of data analysis results 

and provide decision-makers with query and knowledge association functions. This will be a 

very valuable part of TLE-DSS in the next research. 

Intelligent Decision Support Systems (IDSS) is a DSS that incorporates a lot of advanced 

technologies, such as neural networks and evolutionary computing (Phillips-Wren, 2013). 

TLE-DSS, as a DSS integrated with the machine learning algorithm, can be regarded as a 

basic IDSS. However, TLE-DSS requires a lot of manual analysis to obtain the semantic 

interpretation of text data, so it is difficult to achieve full automation and integral intelligence. 

To a certain extent, the application of intelligent module with a certain ability of language 

recognition can weaken the labor cost, but at this stage, the understanding of semantics by 

intelligent module cannot replace the experience and judgment of analysts. 

7.2 Challenges of the TLE-DSS 

7.2.1 Data bias and decision bias 

 

Data bias 

TLE-DSS consists of two data analysis processes, theoretical data analysis, and empirical data 

analysis (Appendix 1). Data from different data sources can produce different analysis results. 

For example, in the analysis of the UK's innovation strategy in this thesis, theoretical data are 

derived from 25 definitions of innovation from famous scholar, and empirical data are 

derived from 13601 announcements of the UK government. If analysts use another set of data, 

however, such as theoretical data from other innovative definitions and empirical data from 

Twitter, the decision-support information from different analysis results may result in totally 

different decision-making. Therefore, ‘data bias’ is generated. For reducing the risk of data 

bias effectively, decision-makers should choose multi-channel data to consider the results of 

analysis comprehensively. 

 

Decision bias 

The process of qualitative analysis comes from subjective human experience, so the analysis 

results are based on the analysts’ perception of the objective world. People's observation of 

the objective world is different, so they have different opinions about it. In TLE-DSS, whether 

TA or EGT, they must generate conceptual topics or codes based on the experience of 

analysts, so different analysts will get biased decision support information. This will lead to 

‘decision bias’. ‘Decision bias’ can be fatal because organizations or enterprises will formulate 

https://en.wikipedia.org/wiki/Inference_engine
https://en.wikipedia.org/wiki/Knowledge_base
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completely different strategic guidelines based on different decision-support information. 

Therefore, in the future use of the TLE-DSS, decision makers need to synthesize 

decision-support information from various analysts, and even make decisions through 

several rounds of ‘Delphi’ method (Dalkey & Helmer, 1963), so as to reduce the risk of 

decision bias. 

7.2.2 Potential ethical considerations in TLE-DSS 

Ethical considerations are a very important aspect of DSS research (Meredith & Arnott, 

2003). The potential ethical considerations of TLE-DSS mainly involve two aspects:  

1. Automated data collection improves the efficiency of data acquisition and reduces the 

labor cost to a certain extent, but in the process of data collection, it is not possible to avoid 

some sensitive information, such as information related to national security or personal 

privacy etc. For avoiding this problem, TLE-DSS needs to construct some logic rules to 

eliminate sensitive information when collecting data. 

2. Decision support information generated by analysts' experience cannot completely 

circumvent some individual subjective opinions, such as discrimination, prejudice, or even 

stubborn opinions about something. All of these will affect the production of 

decision-support information, thereby affecting the judgment of decision-makers. Therefore, 

TLE-DSS should introduce some regulatory mechanisms and review rules to monitor 

analysts' judgments on decision-support information. 

The above ethical considerations are based on an understanding of system framework and 

system shortcomings. Some ethical considerations that are not considered need to be 

discovered through more data tests in future research. 

7.3 Far-reaching attempt in EGT 

Savage & Burrows (2007) point out that empirical sociology, marked by sampling theory, 

survey design and qualitative interviews, lags far behind in methodology, which is related to 

contemporary sociologists' adherence to conventional methods and neglect of the data flood 

of the surge in modern life. They believe that although sampling and qualitative interviews 

are still important research tools, this situation will gradually be marginalized or even 

abandoned in the future. Therefore, they appeal sociologists to thoroughly rethink the 

methodology of empirical sociology, meanwhile, to consider more about how to use massive 

data in sociological research. Uprichard (2012) thinks modern society is a digital information 

society; the combination of sociology and digital is appropriate. Sociologists have been 

learning and improving their methods and computational skills. Over time, relevant big data 

research will provide new knowledge for existing theoretical frameworks and research 

methods. Big data can produce real, objective, and accurate knowledge (Boyd & Crawford, 

2012) and can be considered as a factor of production (Tao et al., 2018). Big data will bring 

destructive changes to the empirical basis of the whole social science (King, 2014). 

Sociological SSCI journals began to emerge many topics related to big data after 2011, and 

the trend has been increasing (Table 4). With the deepening and expanding the scope of 

research, soaring sociological studies will use big data as an essential research resource. 
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Year Before 2011 2012 2013 2014 2015 2016 2017 2018 

Social Sciences 15 35 104 285 510 757 1109 490 

Sociology 1 3 1 13 25 32 42 13 

Table 4 Number of social sciences and sociology papers about big data in SSCI in 

2008-2018 (Tang B.B et al., 2018) 

 

In the big data environment, the combination of qualitative and quantitative analysis, 

especially machine learning, has become a new trend of sociological research methods. 

Törnberg & Törnberg (2016), in their research, used a method with a combination of 

discourse analysis and machine learning to study islamophobia and anti-feminism. Chen and 

other scholars (2018) grounded machine learning into social science research to demonstrate 

their perspective towards human-centered machine learning. Fournier-Tombs (2018), in his 

doctoral dissertation, elaborated an automatic method for analyzing the quality of political 

discourse by combining discourse analysis with machine learning. Therefore, in this thesis, 

the combination of qualitative analysis method GT and machine learning algorithm LDA 

conforms to the developing trend of sociological research methods in the big data context. 

Moreover, EGT combined with LDA possesses both the objectivity of LDA based on 

mathematical operation and the subjectivity of GT. From this point of view, EGT can be 

regarded as a combination of subjectivity and objectivity. The significance of this 

combination is not only to provide a new way of thinking for the sustainable study of GT and 

its methodology but also to provide a reference for the combination of other sociological 

methodologies and machine learning algorithms. Therefore, the presentation and application 

of EGT is a far-research attempt. 

7.4 Additional contribution and challenge 

7.4.1 Additional contribution: get the optimal number of topics based on 

the difference of perplexity. 

By comparing the perplexity of the emotional-term model and emotion-topic model based on 

LDA under multiple iterations and different topics, researchers determined the optimal 

number of topics through observation (Bao et al., 2012). Kim and his co-authors (2012) 

determined the optimal number of topics and algorithm by comparing the perplexity of some 

algorithms and LDA on different topics. In order to avoid the contradiction mathematical 

goodness-of-fit measures and human interpretation, and to realize the research value of data 

rather than mathematical prediction, the number of topics may be optimal at between 25 and 

50 in LDA (Jacobi et al., 2016). However, these researchers did not elaborate on how to 

choose the best topic through LDA's perplexity. 

The perplexity in LDA is not a complicated concept, and the optimal model with the lower 

perplexity can be obtained through a lot of model calculations such as Figure 6. However, in 

practice, the number of topics corresponding to the minimum perplexity is often large. For a 
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corpus with big data, it is difficult to obtain sociological interpretation with a large number of 

topics. Therefore, how to obtain the optimal model in a low number of topics is the 

contribution of this thesis. 

The difference of perplexity between different types of models with the same number of 

the topic can be interpreted as the similarity of models such as Figure 7 and 11. The model 

with high similarity can be used as a reference for selecting the optimal model, which has a 

more meaningful mathematical explanation than the number of topics selected by 

experience. 

7.4.2 Additional challenge: EGT vs. GT, ‘theoretical saturation' and 

‘constant comparison' 

Although through empirical research, GT and LDA are found to have striking similarities in 

the data generation process and conclusion (Baumer, 2017), there is no evidence in academia 

to prove which method is better. In this thesis, EGT, as a novel methodology, is used to 

abstract the topics generated by LDA to obtain a theory describing the UK innovation 

strategy. This is a valuable attempt at sociological research in the big data context. However, 

this thesis does not explain the practical significance of combining LDA with GT and whether 

EGT is better than either LDA or GT. Comparing the differences between EGT and GT 

requires a lot of theoretical research and experimental verification. However, this does not 

affect the feasibility of applying EGT as a new methodology for future research in sociology 

and related fields.  

‘Theory saturation’ is an important part of grounded theory’s methodology as and Glaser 

and Strauss (1967) discussed ‘theoretical saturation.' It means that the theoretical 

constructor can't get the development of the theory through additional data. In this thesis, it 

is necessary to collect a large amount of additional data and analyze these data by LDA to 

realize the examination of theoretical saturation. Such work is not considered in the present 

work for two reasons: for one thing, consideration about the source and availability of 

additional data; for another, consideration about the cost of calculation and time. Although 

how to define theoretical saturation is a problem (Bulmer, M., 1979), ‘theoretical saturation’ 

can be carried out in the continuous study of UK innovation based on EGT in the following 

research to come. 

About ‘constant comparison,' Glaser (1978) pointed out the theory generated by GT can be 

compared with other concepts to form more abstract theory, and when a theory has reached 

its theoretical integrity, it can be compared with existing literature or personal experience. In 

this thesis, the framework and strategy of UK innovation originate from the subjective 

judgment of the researcher on objective events. Therefore, ‘constant comparison’ with 

existing theories and other subjective perceptions can fully construct the integrity and 

universality of the theory. However, considering the length of the article, such work has not 

been completed in this thesis. Nevertheless, the empirical research results about the 

framework and strategy of UK innovation are still significantly valuable research.  
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8. Conclusion 

In the big data context, the growing volume text data has brought the challenge to decision 

support. To meet this challenge, this thesis constructed a DSS framework based on machine 

learning and qualitative analysis, namely TLE-DSS. By testing the experimental data from 

the official website of the UK government, TLE-DSS not only showed it has high efficiency 

ability in text data mining, but also, more importantly, it can generate a set of comprehensive 

decision support information by interpreting the semantic information of text data. 

9. Future work 

I. Continue to test the feasibility and operational efficiency of TLE-DSS using other 

empirical data and corresponding theoretical data. 

II. Multi-perplexities within a given topic can be obtained through the establishment of 

various LDA models. Such multi-perplexities can form a perplexity-topic matrix with the 

corresponding topic. The similarities of the models can be calculated by other clustering 

methods based on the perplexity-topic matrix so as to achieve the purpose of determining the 

optimal number of topics. 

III. Attempting to add other modules in TLE-DSS, such as knowledge base and intelligent 

semantic analysis module, will increase the applicability and scope of TLE-DSS. 

IV. Continuous research on the application of EGT in sociological research based on 

different corpus will become a significant work.  
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Appendix 1: Logical structure and data flow of TLE-DSS 
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Appendix 2: 25 definitions of innovation 
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Appendix 3: Six conceptual terms in 25 definitions of 

innovation 
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Appendix 4: 20 high ranking words for each topic (λ=0.6) 
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Appendix 5: Empirical interpretation of ‘Innovation’ 
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Appendix 6: Making decisions through TLE-DSS 
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1. The UK’s innovation is multi-domain and multi-dimensional innovation based on the conceptual framework of innovation.
2. The UK's innovation involves 25 main fields, including people's living, education, medical, defense, and government work etc.
3. The development framework and strategy of the UK Innovation.

 


