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Abstract 

The use of big data analysis (BDA) in business decision-making has attracted significant 

attention in recent years. However, hardly any research discussing the most basic big data 

issues which is the appropriateness of the data collection, this study investigate how data can 

be properly collected to improve the accuracy of decision-making.  

First, this study shows that quality factors in data collection affect decision-making, where 

quality factors are domain, source, frequency, length, quantity, regeneration, and 

depreciation. Second, this study explores hierarchical questions, indicating the conditions 

under which the comprehensiveness of the quality factors of data collected impact the 

effectiveness and efficiency of decision-making, and the contexts under which the data 

characteristics of the collected data can moderate the relationship between data collection 

quality and decision-making quality.  

To address these questions, this study analyzes five cases of successful companies and 

considers the gaps between the collection and analysis departments in practice. Finally, it 

concludes that the quality factors in the data collection show different performance in the 

manufacturing and service industries and then presents a proposal for appropriate data 

collection. This study may develop into a measurement standard and guideline for enterprises 

in data collection and analysis. 
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摘要 

近年來，大數據分析（BDA）在商業決策中的應用引起人們的極大關注。然而，幾乎

沒有研究討論最基本的大數據問題，即數據收集的適當性，本研究探討如何正確收

集數據以提高決策的準確性。 

首先，本研究透過文獻回顧找出會影響決策制定的數據收集的品質因素（the 

quality factors of data collection），其中數據收集品質因素為領域、來源、

頻率、長度、量、再生性和折舊度。其次，本研究探索更有層次的問題，即是，在

什麼情況下，收集越全面數據收集品質因素，對決策的有用性、有效性有影響；以

及，身為調節變數的再生性、貶值度，如何影響資料收集品質因素和決策。 

為了解決這些問題，本研究分析五個不尋常的啟示個案，並考慮實務上數據分析和

收集在不同部門的差異。最後研究發現數據收集品質因素在製造業和服務業表現截

然不同，並且本研究也提出在哪些情境需要收集、分析全面的數據收集品質因素。

本研究期望發展成為企業在數據收集和分析方面的衡量標準和指南。 
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Chapter 1:  Introduction 

1.1 Industry background 

Computers have been generating large amounts of data at a rapid rate since their invention. 

Big data analytics (BDA) has transformed the way that businesses compete (Müller et al., 

2018). It allows new techniques for extracting hidden patterns for making decisions from 

raw data, increasing productivity, generating knowledge, and upgrading innovations 

(Acharya et al., 2018; Yaqoob et al., 2016). Big data refers to data sets that are so large and 

complex that they cannot be analyzed using traditional methods to provide actionable, 

descriptive, predictive, and prescriptive results. Characteristics of big data are given as the 

5Vs, namely volume, velocity, variety, veracity, and value. Extracting valuable knowledge 

and information from masses of data is complex (Maroufkhani et al., 2020). 

The use of BDA in business decision-making has attracted significant attention in recent 

years (Mcafee &Brynjolfsson, 2012). More and more companies are accelerating the 

deployment of big data analysis, hoping that it can provide them with key insights to gain 

competitive advantages (Constantiou &Kallinikos, 2015). The use of large, fast-changing, 

diverse, and complex data may fundamentally change the way organizations make decisions. 

It also helps organizations make more accurate and efficient decisions (LaValle et al., 2011; 

Provost &Fawcett, 2013). 

1.2 Motivation 

According to Gartner (2015), 60 percent of BDA projects fail, either going over budget, 

exceeding schedule, or failing to deliver necessary features. The quality of data-driven 

decision-making rests not only on the data itself, but also on the strategies used for its 

collection and analysis (Shamim et al., 2019).Therefore, if poor quality or inaccurate data 

are collected, or if too much or too little of it is collected and analysis, this will inevitably 

affect all subsequent stages the processing, resulting in inaccurate and inefficient decision-

making. Many cases have also arisen indicating that over- or under-collection or analysis of 

data during data collection, resulting in excessive or insufficient investment and 

unsatisfactory results. 

For example, the case of Primera Air, which was established in 2003 as a low-cost carrier, 

represents a typical big data investment failure (Amie Tsang, 2018). Following a failure to 

secure financial support to sustain its services, Primera Air collapsed in 2018. There were 
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many reasons for this, but the most important was that, in the first step of data collection, 

data from too few domains were collected. A thorough analysis of bookings, fares, flight 

schedules, and airport passenger data would have shown Primera that its routes were 

extremely risky (Goedeking, 2018). In addition, Primera Air conducted little analysis of 

unstructured data (such as social media, consumer, and flight data). Therefore, the results of 

the analysis were distorted, which led to inefficient decision-making.  

On the other hand, Masi et al. (2016) raised the following question: do we really need to 

collect millions of data points for effective decision making on face recognition? They found 

that for accurate and effective facial recognition, it is only necessary to augment number of 

facial images using artificial intelligence algorithms, which reduces cost and time. In a recent 

study, IBM conducted a survey of nearly 3000 executives and managers, and 6 of 10 

respondents agreed that their organization has more data than it can effectively use (LaValle 

et al., 2011). 

Thus, the case of Primera Air and the result of IBM survey show that the inappropriate data 

collection, may lead to an ineffective and inefficient decision making. This is because in the 

industry data collection and analysis departments are usually separated, it may happen that 

the collection department doesn’t understand the usefulness of each domain of data it 

collected for the analysis in the beginning, so the collection team will collect almost all the 

data for subsequent analysis, but they are not directly related, so it still happens that the data 

that needs to be analyzed was not collected. Hence, led the quality of decision-making 

become inaccuracy. 

1.3 Research objectives 

The above indicates that the quality of decision-making depends not only on the quality of 

the data but also on its appropriate collection and analysis. Moreover, Fan et al. (2014), Wu 

et al. (2014), Janssen et al. (2017), Sivarajah et al. (2017), and Shamim et al. (2019) all 

propose the same point of view in their research, proper data collection may affect the quality 

of data analysis and decision-making. 

Although big data research is widely considered to be one of the most important 

technological developments in recent years (Davenport et al., 2012), most of the literature 

has investigated analytical capabilities (Najafabadi et al., 2015), the relationship between big 

data and decision-making capabilities (Grover et al., 2018; Shamim et al., 2019; Mikalef et 
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al., 2020). However, hardly any research discussing the most basic big data issues which is 

the appropriateness of the data collection.  

Therefore, more empirical research is needed to investigate how data can be properly 

collected to improve the accuracy of decision-making. The research questions for this study 

are as follows: 

• What are the factors that can affect the quality of data collection on business decision-

making?   

• What are the impacts of the quality factors of data collection on decision making? 

1.4 Structure 

The remainder of this paper is organized as follows. First, the definition of big data and the 

impact of data collection and data analysis on decision-making frameworks are established 

from a review of the literature of relevant years. Next, 5 cases of successful use of big data 

by companies in manufacturing and service industry are investigated using interviews and 

case studies. Moreover, an analysis of the difference for each type of case and the rules of 

data collection for manufacturing and service industry. This research will be a guideline for 

businesses to study their big data collection strategies. 
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Chapter 2:  Literature review 

2.1 Definition of big data  

A range of definitions of big data are given in the below Table 2-1 The definition of big data. 

Mcafee &Brynjolfsson (2012), Philip Chen &Zhang (2014), Sun et al. (2015) and 

Constantiou &Kallinikos (2015) proposed the following fundamental attributes of big data, 

including characteristics such as large amounts, diversity in dimensions, and complex and 

dynamic relationships. Mcafee &Brynjolfsson (2012) indicated the advantages that big data 

had for business. Sun et al. (2015), Opresnik &Taisch (2015) and Grover et al. (2018) defined 

big data by source: coming from heterogeneous and autonomous resources.  

Table 2-1 The definition of big data 

Author(s) and date Definition Key arguments 

(Mcafee 

&Brynjolfsson, 

2012) 

Big data, like analytics before it, seeks to glean 

intelligence from data and translate that into 

business advantage. However, there are three key 

differences: Velocity, variety, volume. 

Fundamentals 

Advantage 

(Philip Chen 

&Zhang, 2014) 

Commonly, big data is a collection of large 

amounts of complex data that cannot be managed 

efficiently by the state-of-the-art data processing 

technologies. 

Fundamentals 

Complexity 

(Sun et al., 2015) Big data: the data-sets from heterogeneous and 

autonomous resources, with diversity in 

dimensions, complex and dynamic relationships, 

by size that is beyond the capacity of conventional 

processes or tools to effectively capture, store, 

manage, analyze, and exploit them. 

Fundamentals 

Complexity 

Source 

(Opresnik 

&Taisch, 2015) 

Big data typically refers to the following types of 

data: (1) traditional enterprise data, (2) machine-

generated/sensor data (e.g. weblogs, smart meters, 

manufacturing sensors, equipment logs), and (3) 

social data. 

Source 
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(Constantiou 

&Kallinikos, 

2015) 

Big data often represents miscellaneous records of 

the whereabouts of large and shifting online 

crowds. It is frequently agnostic, in the sense of 

being produced for generic purposes or purposes 

different from those sought by big data crunching. 

It is based on varying formats and modes of 

communication (e.g. text, image, and sound), 

raising severe problems of semiotic translation 

and meaning compatibility. Big data is commonly 

deployed to refer to large data volumes generated 

and made available on the Internet and the current 

digital media ecosystems. 

Fundamentals 

Complexity 

Source 

(Grover et al., 

2018) 

Diverse data are generated not only internally, but 

also from public, proprietary, and purchased 

sources at unprecedented rates. This phenomenon 

is broadly known as big data, which encompasses 

not only structured data such as transactional 

records stored in traditional databases and data 

warehouses, but also unstructured data such as 

text documents, web content, videos, audio, 

images, and sensor data. 

Source 

(Lu, 2020) “Big data” refer to data sets so large and complex 

that it would be impossible to analyze them using 

traditional methods. 

Complexity 

 

Three central characteristics of big data are the three Vs, volume, velocity, and variety 

(Mcafee &Brynjolfsson, 2012; George et al., 2016). Volume refers to the large amount of 

data; easily reaching the terabyte or even petabyte size. Velocity reflects the speed with 

which data are collected, updated, and analyzed and the speed at which their values become 

obsolete (Akter &Wamba, 2016). Variety refers to data that are not only structured (such as 

transaction records stored in traditional databases and data warehouses) but also unstructured 

(such as text documents, web content, video, audio, image, and sensor data) (Grover et al., 

2018; Opresnik &Taisch, 2015; Akter &Wamba, 2016). These data sets are so large and 
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complex that they cannot be analyzed using traditional methods (Lu, 2020). 

In addition, another two Vs have been added to the characterization of big data: veracity and 

value. Veracity refers to the degree to which the data can be trusted and are authentic and 

protected from unauthorized access and modification (Belhadi et al., 2019). High-quality and 

reliable data must be analyzed to enable decision makers to make wise decisions and obtain 

strategic business value (Akter &Wamba, 2016). The data have no intrinsic value but become 

valuable through processing and analysis (Belhadi et al., 2019). These points are summarized 

in Table 2-2 The points of big data. 

Table 2-2 The points of big data 

Attribute  Definition  

Volume Volume represents the sheer size of the dataset due to the aggregation 

of a large number of variables and an even larger set of observations 

for each variable(George et al., 2016). 

Velocity Velocity reflects the speed at which data are collected and analyzed 

but also concerns how quickly the data ages(Hand &Adams, 2015), 

whether in real time or near real time from sensors, sales transactions, 

social media posts, and sentiment data for breaking news and social 

trends(George et al., 2016). 

Variety Variety in big data comes from the plurality of structured and 

unstructured data sources such as text, videos, networks, and 

graphics among others(George et al., 2016). 

Veracity Veracity ensures that the data used are trusted, authentic, and 

protected from unauthorized access and modification(Seddon 

&Currie, 2017). 

Value Value represents the extent to which big data generates economically 

worthy insights and/or benefits through extraction and 

transformation(Seddon &Currie, 2017). 

 

The following definitions are used here. 

Big data: data sets that are so large and complex that it would be impossible to collect, 

recode, analyze, and process them using traditional methods; these sets include structures, 
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semi-structured, and unstructured data. The following aspects are used to characterize big 

data. Volume: the amount of data that is created. Velocity: the speed at which new data are 

generated and the speed at which they move. Variety: the number of types of data and places 

that are being created. Veracity: trustworthiness. Value: potential for value in application.  

Market needs can be captured, opportunities grasped and seized, insight and decision-making 

can be enhanced, optimize the business process through highly detailed data. 

2.2 Big data process 

Big data analysis has been widely documented and are summarized in Table 2-3 Big data 

process. K.Zhou et al.(2016) studied smart energy management using big data, finding seven 

steps in the process. Bizer et al.(2012), Z. H.Zhou et al.(2014) and Philip Chen &Zhang(2014) 

proposed six steps, with a somewhat different. Chen et al.(2014) found only three steps. 

Table 2-3 Big data process 

Author Number 

of steps 

Steps 

(K.Zhou et al., 

2016) 

7 Data Collection/Storage, Data Clean, Data 

Integration, Data Mining, 

Representation/Visualization, Decision 

Making/Real-Time Interaction, Smart Energy 

Management 

(Bizer et al., 2012) 6 Data Capturing, Data Storage, Data Searching, Data 

Sharing, Data Analysis, And Data Visualization 

(Z. H.Zhou et al., 

2014) 

6 Data Collection, Data Storage, Data Management, 

Data Manipulation, Data Cleansing and Data 

Transformation  

(Philip Chen 

&Zhang, 2014) 

6 Data Recording, Data 

Cleaning/Integration/Representation, Data Analysis, 

Data Visualization/Interpretation, Decision Making 

(Chen et al., 2014) 3 Data Handling, Data Processing and Data Moving 

 

This study found that data collection (K.Zhou et al., 2016; Bizer et al., 2012; Z. H.Zhou et 

al., 2014),  data transformation (Z. H.Zhou et al., 2014; Philip Chen &Zhang, 2014), and 
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data analysis (K.Zhou et al., 2016; Bizer et al., 2012; Philip Chen &Zhang, 2014; Chen et 

al., 2014; K.Zhou et al., 2016) are the processes proposed by most scholars. However, 

LaValle et al.(2011) and Provost &Fawcett(2013) found that the most significant value for 

big data is to help organizations make more accurate and efficient decisions, so the final step 

in the use of big data should always be decision making. In addition, interviews with big data 

experts and research, this study found that a step of data visualization and interpretation 

(Philip Chen &Zhang, 2014; K.Zhou et al., 2016) is required after data analysis. That is, the 

information that is used by decision-makers or senior executives must go through data 

visualization or interpretation to become usable. 

This study organizes the use of big data into the following steps:  

Data collection (and storage), data transformation, data analysis/data mining stage, 

data visualization/interpretation stage, and decision-making stage. 

Data collection and transformation are important preparatory stages for data analysis, after 

which, useful information can be extracted. Following this data visualization occurs to 

support decision-making. 

2.2.1 Data collection 

Data collection is generally the first stage of any big data process. In it, special techniques 

are utilized to acquire raw data from a specific environment. Large amounts of data are 

created in the forms of log file data and data from, for example, sensors, mobile equipment, 

satellites, laboratories, supercomputers, searching entries, chat records, posts on Internet 

forums, and microblog messages(Yaqoob et al., 2016). Then, the data are collected and 

loaded into a storage environment like Hadoop or NoSQL. 

Thus, it can be said that data analyst can access data that is continuously generated by 

‘physical devices’, such as sensors, RFID, as well as a vast amount of data obtained from 

‘online data sources’, such as digital clickstreams, imagery, social media postings, forum 

discussions and transaction recode(Acharya et al., 2018). 

Data collection stage is an important stage in the preparation of big data (K.Zhou et al., 2016), 

because the goal of data collection is to find data that can help future decision-making (Roh 

et al., 2019).  

2.2.2 Data transformation  

Data transformation stage is the process of changing the format, structure, or values of data 
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to process big data and prepare to integrate it into a structured analysis platform or data 

warehouse. Processes such as data integration, data migration, data warehousing, and data 

wrangling may all involve data transformation. 

The first phase of data transformations should include things like conversion of the data type 

and flattening of hierarchical data. These operations increase the compatibility of data with 

analytical systems. Data analysts and data scientists can additively implement further 

transformations as necessary as individual layers of processing. Each layer of processing is 

designed to perform a specific set of tasks that meet a known business or technical 

requirement. 

2.2.3 Data analysis stage 

The data in the data analysis stage is usually analyzed based on the data collected by the 

collection department and the data has been transformed and stored in the company's 

database. Therefore, in enterprises, data analyst/data scientist usually do not involve in the 

data collection stage. 

Due to the characteristics of big data outlined above, advanced algorithms and effective data 

mining methods are required to provide accurate calculations. The most common analytical 

method are data mining techniques, MapReduce, and corresponding frameworks can also be, 

among which the most common are Hadoop and Spark.  

Data mining techniques are used to summarize data into meaningful information. The 

techniques include learning by association, cluster analysis, classification, and regression. 

MapReduce (Dean &Ghemawat, 2008) has been in use since 2008. This is a framework 

composed of a programming model and its implementation. It is an essential first step in the 

new generation of Big Data management and analytics tools, and it enables the processing 

of massive volumes of data through cost-effective mechanisms and can support parallel 

processing. Based on this framework for, in the following year, Yahoo! proposed Hadoop 

(White, 2009), which was designed to avoid the challenges of poor performance and 

complexity that are encountered when analyzing Big Data using traditional technology, 

allowing the analysis of large volumes and highly various data. The arrival of Spark in 2010 

(Zaharia et al., 2010), in-memory system to improve the performance of Hadoop, enabled 

real-time processing of high-veracity data. This generated much value for companies. 
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2.2.4 Data visualization/interpretation  

Visualization methods are utilized to create tables and diagrams to understand data. Big data 

visualization is more difficult than traditional small data visualization because of the 

complexity of the Vs characteristics (Geng et al., 2012; Heer et al., 2008). After BDA is 

performed, the output is unexplained, diverse, and messy data. To proceed to the decision-

making stage, it is necessary to provide a simple and clear information. For big data 

visualization, researchers have use batch-mode software to obtain the highest data resolution 

in a parallel manner (Ma &S. Parker, 2001). 

2.2.5 Decision making  

Decision-making happens at every industry and every position. This study divided industries 

into roughly two groups, namely, manufacturing and service. In general, the manufacturing 

industry provides customers with tangible products, and the service industries usually 

provide customers with intangible services. The manufacturing and service industries usually 

care about different points and decision-making encounters vary for each. For example, in 

manufacturing industry, the product provision includes product demand analysis, design, 

sourcing, manufacturing, transportation, sales, and after-sales (Ryan &Riggs, 1996). In 

service industry, service provision includes demand analysis, service design, marketing, 

sales, user experience, market enhancement, after-sales service, organization performance, 

and the creation of symbolic value, such as business image and reputation (Grover et al., 

2018).  

Each company have their way to evaluate the decision-making quality, especially in 

manufacturing and service industry they have different business and their data 

analyst/scientist have different job description. But there are common things in the decision-

making evaluation of manufacturing and service industry which are effectiveness and 

efficiency (Clark et al., 2007). Effectiveness—the achievement of desired outcomes. And 

decision-making efficiency considers the resources involved—i.e., time, cost, etc. (Shamim 

et al., 2019). All companies want their decisions to be the most effective at the lowest cost. 

Moreover, big data and decision making have a strong relationship. Hulland &Wade(2004) 

and Wamba et al.(2017) proposed that the big data capabilities of a firm, including the skills 

and processes brought to bear, can influence firm outcomes and produce greater value; 

further, Janssen et al.(2017) argued that big data processing and analytical capability can 

influence a firm’s ability to make quality decisions; Similarly, Shamim et al.(2019) found 
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that a firm’s decision-making capabilities related to big data enhance its effectiveness and 

efficiency. The main point indicated in the literature is that firms can use big data to enhance 

data-driven decision-making and enhance their effectiveness and efficiency. 

Big data can enrich organizational intelligence and benefit decision making, develop a more 

dynamic organizational structure to respond to market and environmental changes, improve 

capacity utilization, and increase returns on assets (Grover et al., 2018). Hence, incorporating 

big data analysis enhances the effectiveness and efficiency of decision making. 

2.3 Quality of data collection  

This study assesses the quality of data collection with the following five variables: domain, 

source, frequency, length and quantity. The following sections cover these five variables in 

detail.  

2.3.1 Domain of data collection 

The domain of data collection is a particular field or a type of field for data collection, it will 

affect the comprehension of decision-making. Usually, the correlation between different 

domains is very low, but within the same domain, cohesion is very high. For example: 

content providers (such as Amazon and Netflix) not only collect data in the core domain of 

the business but also in other domains, such as social media, transactions, geographic areas, 

and so on.  

Domain of data collection affects the effectiveness and efficiency of decision-making. For 

example, Dutch tax organization use big data capabilities to improve tax filling and 

collection by detecting patterns relating to incorrect or fraudulent tax fillings (Janssen et al., 

2017). Dutch tax organization routinely collect large volumes of data in the domains of health, 

business activities, crime, safety, security, weather, pollution, traffic, paid taxes, and income. 

They process immense amounts of data related to the millions of people and companies who 

pay taxes. Using big data-based decision making, they managed to reduce costs and improve 

decision compliance; i.e., they enhance the effectiveness and efficiency of decision making 

(Janssen et al., 2017). 

This study therefore presents the following.  

Proposition 1. The comprehensiveness of the domains of data collected has a positive impact 

on the effectiveness and efficiency of decision-making.   
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2.3.2 Source of data collection  

Data sources are the root or the original place where the data is collected in each domain. 

For example, in domain of social media, the sources might include Facebook, Line, Twitter, 

Instagram, or company’s own communication platform. 

It can be separated into two types, namely, physical and virtual. Data that are collected from 

sensors or machines are called physical sources. Those from online, webpage is drawn from 

virtual sources. Different type of sensor or webpage means different source. 

The source of data collection affects the effectiveness and efficiency of decision-making. 

For example, better management of emergency operations in one enterprise was found to 

require the integration of multiple sources of data (structured and unstructured) across 

multiple agencies (Fosso Wamba et al., 2015). The combination of these data with historical 

information can provide better emergency service delivery. NSW SES aggressively collects 

data from communication device sources, such as paging, telephony, radio, spatial systems, 

enterprise resource planning, communications, and mapping tools, to provide improved 

capabilities to its volunteers during emergency response operations. Typical emergency 

operations case would involve multiple actions of information gathering and processing to 

obtain urgent information instantly. 

This study presents the following proposition: 

Proposition 2. The comprehensiveness of the sources of data collected has a positive impact 

on the effectiveness and efficiency of decision-making. 

2.3.3 Frequency of data collection 

Frequency of data collection is measured as occurrences per unit of time. For example, if a 

machine can perform the data collection event 100 times per minute, the frequency is 100 

times/min. NASA’s Solar Dynamics Observatory uses telescope that gather eight images of 

the Sun every 12 seconds (Gudivada et al., 2015); thus, the frequency is 0.66 images/second. 

Frequency of data collection will eventually become the rows in database it not only 

represents the timeliness of data collection, but also represents the accuracy of the data. And 

it may affect the effectiveness and efficiency of decision making. For example: the 

semiconductor manufacturer Intel is a prominent case study (Mikalef et al., 2020). Intel 

inspects every chip on its production line through quality testing. More frequent data 

collection enables faster assessment of chip quality, which can prevent malfunction in the 
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production line and improve production process.  

Southwest Airlines, as reported by Erevelles et al. (2016), showed that, in the interaction 

between Southwest Airlines employees and customers, big data analysis is used to solve 

customer needs, supplemented by voice recognition technology when necessary to 

understand otherwise unrecognized needs. This leads to responding to customers’ central 

needs, including disrupted flights, details on reservations, food and beverage preferences, 

and personalized offers, as well as for training service personnel. In this case, for Southwest 

Airlines to better understand a customer’s speech, the sampling frequency must reach a 

certain level that can enable the voice recognition technology to obtain a clear result. The 

insights gained through the analysis of voice data enable Southwest Airlines to keep abreast 

of the latest trends and make accurate and appropriate decisions. This pattern can also be 

seen with Google Maps (Hagiu &Julian, 2020). This software provides real-time traffic 

prediction and optimal route recommendation. To accomplish this, it needs to frequently 

collect users’ driving data to obtain real-time road traffic conditions and recommend the best 

route. 

This study proposes the following:  

Proposition 3. The frequency of data collection has an impact on the effectiveness and 

efficiency of decision-making. 

2.3.4 Length of data collection 

Data collection also varies by length of time in which they are collected. For example, 

company A might to know something of the latest topics in social media, so it spends 30 

days collecting data from various social media providers. Here, 30 days is the length of its 

data collection. Thus, length refers to the time it takes to complete a collection event, while 

frequency refers to the number of samples taken per unit time.  

The length of data collection affects the effectiveness and efficiency of decision-making. For 

example: in a recent article (Ransbotham &Kiron, 2017) discussed the Nedbank case. 

Nedbank is the fourth-largest bank in South Africa. Market Edge, developed by Nedbank, 

can combine credit and debit card information with geolocation, demographic, and other 

transactional data to identify users with their consumption ability and to enable decision 

makers to gain insight into customer behavior. Nedbank continuously collects transaction 

data and geographic data and has done so for many years, allowing Market Edge to more 
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effectively identify customers with their consumption ability and develop a solution for 

Market Edge’s customers to better the seize market needs and opportunities using highly 

detailed data, increasing the number of customers by providing personalized discounts. 

Market Edge is currently been used by many large companies, including McDonalds, Burger 

King, and Nedbank itself. 

Thus, the following is proposed: 

Proposition 4. The length of data collection has an impact on the effectiveness and efficiency 

of decision-making. 

2.3.5 Quantity of data collection 

The quantity of data collection refers to the amount of data that are collected per time. It will 

be depending on the number of rows, the number of columns, and the number of collected 

points. For example, company B has 10 sensor, one sensor can collect 5GB data per minute, 

so the quantity of company B is 50GB/min. 

The quantity of data collection affects the effectiveness and efficiency of decision-making. 

The Large Synoptic Survey Telescope, for instance, records 30 trillion bytes of image data 

per day of operation (Philip Chen &Zhang, 2014). This equal double the production of the 

Sloan Digital Sky Surveys. Astronomers utilize these data to investigate the origins of the 

universe. Another example is seen in Wal-Mart, where 267 million transactions occur per 

day in 6000 stores worldwide (Philip Chen &Zhang, 2014). To obtain greater 

competitiveness in retail, Wal-Mart collaborated with Hewlett Packard to establish a data 

warehouse, tracing every purchase record from their point-of-sale terminals. Taking 

advantage of big data analysis to exploit the knowledge hidden in this huge volume of data, 

they successfully improve the efficiency of their pricing strategies and advertising campaigns. 

The management of their inventory and supply chains also shows significant benefits from 

large-scale data. One common point here is that enormous data sets are generated that 

ultimately lead to positive results in decision-making. 

Thus, this proposition is posited: 

Proposition 5. The quantity of data collected has a impact on the effectiveness and efficiency 

of decision-making. 
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2.4 Typical data characteristics  

There Data sets have many characteristics, and each set has its own special features. For 

example, some are irreplaceable, some are indispensable, and some can be fundamentally 

important. This section classifies and discusses these characteristics. 

2.4.1 Regeneration 

• Non-regenerated data are those data, usually raw, that cannot be repeatedly generated. 

This includes, for example, the log file and behavioral data generated by a user when 

visiting a website (車品覺, 2020). 

• Regenerated data are derived from the original data are accumulated and 

continuously processed for a long time, and they are calculated from big data 

gathered over a long period of time. For example, the data model for multi-angle face 

recognition be composed from more facial images of the original image via an 

artificial intelligence algorithm (Masi et al., 2016). 

Regeneration and facial recognition have recently made extraordinary leaps, but image 

processing has been thwarted by obstacles. A facial recognition system must learn how to 

build models not only according to differences between people but also the changes in 

appearance of a single person. This seems to be a challenge for data collecting. To answer 

this question, Masi et al.(2016) proposed a far more accessible means of increasing training 

data sizes for face recognition systems, using domain-specific data augmentation. The 

performance obtained by this approach match the state-of-the-art results reported by systems 

collected and analyzed on millions of downloaded images.  

However, some data cannot be regenerated, such as those generated by users of search 

engines, like Baidu and Google. The keywords used by users and the records of the webpages 

they click are very important to search engines. While, as time goes by, searches for certain 

keywords may become rare, and searches for new keywords may begin to appear more and 

more frequently, having many years of historical search data is of undeniable value in 

providing precise services to contemporary users (Hagiu &Julian, 2020). 

If the characteristics of the data can be regenerated, the huge quantity of data that is collected, 

the better the quality of the decision-making, but the marginal value can easily drop off, 

resulting in a waste of property, manpower, and other resources. If it cannot, however, the 

huge quantity of data needs to be collected to make better decisions. 
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Proposition 6. The regenerability of collected data can moderate the relationship between 

data collection quality and decision-making quality. 

2.4.2 Depreciation 

Data can be divided into groups with fast and slow depreciation rates (Hagiu &Julian, 2020). 

• Google Maps traffic data show rapid depreciation. Only a few minutes after they are 

gathered, those data become obsolete and worthless. 

• Mobileye, which is developing autonomous vehicles, shows slow depreciation. It 

collects current drivers’ data and all data that can be collected from the car 

manufacturer, as they are all still valuable today and can improve the accuracy of 

their systems.  

The degree of data depreciation affects the quality of decision-making. If data depreciates 

rapidly, just like the traffic data of Google Maps, the frequency and length of data may be 

collected very frequently and short to be actionable (Hagiu &Julian, 2020). 

However, data related to user habits tends to have a low depreciation rate. Mobileye has 

collected data on the driving habits of many users from car manufacturers, and all of the data 

it collected are still valuable today (Hagiu &Julian, 2020). It may be necessary to observe a 

new user’s driving habits very frequently, but when a certain amount is collected, the pattern 

of user’s driving behavior can be understood, so there is no longer any need to collect data 

as frequently as beginning. The value of the user’s driving habits is slowly depreciating. 

Another example of slow depreciation rate is in smart thermostats, such as those made by 

Honeywell, Nest, and Ecobee. These products only need a few days to understand the user’s 

temperature preferences throughout the day. In this case, there is no need to frequently collect 

user preference temperature data over a long period of time (Hagiu &Julian, 2020). 

Proposition 7. The depreciability of collected data can moderate the relationship between 

data collection quality and decision-making quality. 
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Chapter 3:  Research design   

3.1 Research framework  

In order to answer the research questions of “what are the factors that can affect the quality 

of data collection on business decision-making” and “what are the impacts of the quality 

factors of data collection on decision making?”, this study adopts qualitative data collection 

to verify and enhance the propositions about quality of data collection and decision-making. 

This section is developed from the discussion of big data and data collection above. The 

below Table 3-1 are the definitions and examples of the quality of data collection, and 

research framework shown in Figure 3-1. This study investigates the comprehension to 

quality of data collection (domain, source, frequency, length, and quantity) all have impact 

on the effectiveness and efficiency of decision-making. The moderator is typical data 

characteristics, which include regeneration and depreciation, which affect the relationship 

between the quality of data collection on the one hand and effectiveness and efficiency of 

decision making on the other.  

Table 3-1 The definitions and examples of the quality of data collection 

Variables Definition Examples  

Domain  A particular field or a type of field of data 

collection. 

Social media domain 

Source   The root or the original place where the 

data are collected in each domain. 

Facebook, Instagram etc.  

Frequency  The number of occurrences of data 

collection event per unit of time. 

100 times/day 

Length  Length of time spent collecting data. One month 

Quantity  The amount of data that are collected per 

unit time. 

30 TB/day 

Regeneration It can be divided into groups with 

regeneration and non-regeneration via 

artificial intelligence algorithm. 

Regenerability 

Non-regenerability 

Depreciation  Data can be divided into groups with fast 

and slow depreciation rates. 

Slow depreciation  

Fast depreciation 
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3.2 Research approach  

Because little empirical evidence has published regarding the relationship of big data to 

decision making, this study adopted a multiple case studies approach to develop a model 

firmly grounded in the analysis of data. A qualitative case study is a useful tool for analyzing 

complex phenomena; to understand and compare similarities and differences of various cases; 

also, the propositions are more deeply grounded in varied empirical evidence, so multiple 

case studies should be conducted (Eisenhardt &Graebner, 2007) (Baxter &Jack, 2008). This 

study chooses as study targets 5 enterprises that have invested in big data, and it uses a semi-

structure questionnaire (the questionnaire is illustrated in Appendix 1: Questionnaire), 

designed from the reviewed literature, to conduct an in-depth interview.  

The study then investigates how industries collect and analysis appropriate data and analyzes 

each proposition from the literature review. Then, the findings will be systematically 

compared and find the pattern across the 5 cases to draw conclusions based on the results 

and the literature review. The conclusions of the study are expected to be the guideline of 

big data collection. 

Figure 3-1 Research model 

Quality of data collection 

Length 

Source  

Domain 

Frequency 
Effectiveness and Efficiency 

of Decision Making 

Data characteristics 

Depreciation  

Regeneration    

Quantity 



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

DOI:10.6814/NCCU202100884

26 

 

3.3 Data collection  

This study chose 5 cases from manufacturing and service industries to investigate the factors 

that can affect the quality of data collection and the impacts in them, the details are illustrated 

in Table 3-2. This approach enhances the analytical generalizability of our findings.  

For case selection, the study targets will all be representative companies and have high 

competitiveness. Moreover, they are unusually revelatory, extreme exemplars, or 

opportunities for unusual research access (Yin, 2009). For example, all cases in this study 

are exemplar firms that were the highest performing technology-based corporations in the 

world for several decades. Second, they will have been using big data for at least one year. 

Third, to underline the difference between traditional data analysis and big data analysis, the 

data from the selected cases must not admit of handling by traditional tools and technique. 

Fourth, the data scale of our selected cases must be larger than 10 terabytes or more than 1 

billion records (Russom, 2011). Alternatively, data source of the selected cases must include 

semi-structured or unstructured data that are difficult to handle with traditional tools and 

techniques. Last, even though the collection and the analysis department are separate, the 

company’s data analysts/scientists will have the ability to answer questions or translate into 

what the quality of data collection they will use to analyze.  

Table 3-2 The summary of five cases 

No. Case Industry  Sub-industry Job title Hour  

1 M1 Manufacturing Semiconductor foundry  Data analysis consultant  2 

2 M2 Manufacturing Cement  Data scientist  1 

3 S1 Service  Web services provider  Program manager 3 

4 S2 Service Web services provider  Data analyst 1 

5 S3 Service Banking Data analyst 1 

 

3.4 Data analysis 

First, this study analyzed each case as a separate study to allow a focus on the collected case 

data and understand each case’s unique patterns; moreover, using the sign of O, X, to 

indicate the performance of quality factors of data collection, and the way to measure it is 

through the judgement of the researcher. In the second step, this study do cross-case analyses 

and aggregated the findings of the within-case analyses to determine whether they made 
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sense beyond each individual case (Eisenhardt, 1989). After the within-case and cross-case 

analyses, this study will investigate the relationships between The Quality of Data Collection 

and The Effectiveness and Efficiency of Decision Making to answer the following research 

questions: what are the factors that can affect the quality of data collection on business 

decision-making and what are the impacts of the quality factors of data collection on decision 

making? 
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Chapter 4:  Research results 

4.1 Manufacturing industry  

4.1.1 Case M1 

4.1.1.1 Big data project description of M1 

This company is a Taiwanese semiconductor foundry that manufactures different products 

using distinct technologies for customers. The data analysis work mainly analyzes the 

fabrication and the quality of the wafer. Wafer fabrication is a procedure composed of 

repeated processes. When the first stage is over, the wafers will be transported to the next 

fab to continue the next manufacturing stage, which will probably go through four stages. In 

each stage, the data of wafers, transportation and gas will be collected. At the beginning of 

the next stage, a variety of electrical tests will be conducted. The quality of the wafers, such 

as black spots, cracks, etc., will be examined and scored by the scorecards to measure 

whether the batch of wafers is abnormal. Since the sampling inspection is randomly 

conducted, some of the abnormal wafers may not be inspected. Therefore, one of the data 

analysts’ jobs is to find out which features will affect the quality of the wafers and establish 

a data model to make a prediction. In the future, it is possible to accurately know which batch 

of wafers may have defects, increase the efficiency of the inspection and improve the 

optimization process.   

The quality of this decision is judged according to the performance of the trained 

mathematical model. If the feature adds into the model and let the performance become 

higher, then it will be a significant feature, and vice versa. 

4.1.1.2 The quality of data collection of M1 

4.1.1.2.1 Domain 

• Wafer  

The data in this domain is the fundamental data to understand the quality of the wafers 

and conduct the sampling inspection. The details that need to be collected are the test 

data at each stage of the manufacturing process, such as wafer type, dark spot index, 

burning index, crack index, etc. 

• Transportation  

The transportation status will affect the quality of the wafers, and can also be used as 

early warning data. It is possible to know the condition of the trucks using for 
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transported, so the defects that may be caused by transporting can be avoided, and it 

is also possible to know which batch of wafers are high-risk and require multiple 

quality test. Therefore, the detailed data that need to be collected in this domain are 

tire pressure, engine, fuel, cargo weight, shaking index, etc. 

• Gas  

The data in this domain can be used to avoid the qualitative change of the wafer 

which in contact with the air. Nitrogen is always filled in the production stage and 

the transportation stage to avoid oxidation, so the data of nitrogen concentration data 

at each stage will be collected. 

Wafer data is the most direct data in the decision-making of this company, but the data of 

merely one domain is not comprehensive enough to make effective and efficient decisions. 

Therefore, collecting more data from indirect domains such as transportation and gas is 

beneficial for decision-making.  

"The data in these domains is good enough for me to make accurate decisions, but there are 

more data of indirect domains that allow me to analyze more comprehensively, and may be 

able to identify significant features for decisions." 

The analyst said that searching for significant features has no end. Although the current 

domains have sufficiently improved performance, it is necessary to fully understand the 

electronics industry to find out more potential features and it may optimize the model to 

predict more precisely in the future. That is because even a little performance improvement 

is very important for the electronics industry. Therefore, based on case M1, this study 

found that it is most likely necessary to collect and analyze comprehensive domain data 

in order to make effective and efficient decisions. 

4.1.1.2.2 Source 

• Wafer  

The source in this domain only has measurement machine. 

The analyst did not mention that more sources are more helpful for decision-making 

because the source that measures wafers only has measurement machines. However, 

the machine contains many sensors, so data of wafer can be measured such as dark 

spot, burn, crack index, etc. at the same time. In order to have a more comprehensive 

understanding of the quality of wafers, more types of sensors are needed in the 

measurement machine. Therefore, based on case M1, this study found that it is 
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most likely necessary to collect and analyze comprehensive source data in the 

wafer domain in order to make effective and efficient decisions.  

• Transportation  

The sources are sensors on the trucks, such as sensors to monitor the tire pressure, 

engine, fuel, weight, shaking, etc. 

The analyst said that these transportation sources are enough for him to make good 

decisions, extra sources are not needed. For example, he does not need the data of 

driving routes or drivers’ driving habits, because the traffic routes in the fab are fixed 

and there are fewer uncertainties. He only needs to collect data that will affect the 

quality of the wafers. Therefore, based on case M1, this study found that it is most 

likely unnecessary to collect and analyze comprehensive source data in the 

transportation domain in order to make effective and efficient decisions. 

• Gas  

The source in this domain is the sensor which is used to identify the nitrogen 

concentration and whether the wafer is oxidized. 

The analyst said that the source of nitrogen is sufficient for him to identify the degree 

of wafer oxidation, because he can use this value to back-calculate the concentration 

of oxygen. Therefore, based on case M1, this study found that it is most likely 

unnecessary to collect and analyze comprehensive source data in the gas domain 

in order to make effective and efficient decisions. 

4.1.1.2.3 Frequency 

• Wafer  

In each stage of wafer fabrication, data is usually collected once in each stage (there 

are many measuring machines), and only the abnormal wafers will be tested for the 

second time. 

"This frequency is enough for me to analyze accurate decisions, but I can't reduce or 

increase the frequency of measurement, because If I ever do that, the wafer may be 

broken." 

Due to the limitations of the wafer testing, two tests can be conducted for one stage 

most. However, the analyst said that the data is enough for him to make accurate 

decisions since he has other indirect data to support. Therefore, based on case M1, 

this study found that it is most likely unnecessary to collect and analyze high 
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frequency data in the wafer domain in order to make effective and efficient 

decisions. 

• Transportation and gas 

The collection frequency is every 15 minutes, and the sensors are installed in the 

conveyance and the wafer shipping boxes. The sensors will transmit the data directly 

to the SAS system. The reason to collect every 15 minutes is that it takes roughly 15 

minutes to convert raw data into the data that can be read by the system, and the 

performance of the device and system may not be able to load for a shorter time. 

"Although this frequency is good enough to make decisions, I still expect the instant 

collection of data." 

The analyst stated that if the real-time collection is achieved, it can increase the 

accuracy of the model. Although only a small amount of performance can be 

improved, real-time collection of data is important in the electronics industry. 

Therefore, based on case M1, this study found that it is most likely necessary to 

collect and analyze high frequency data in the transportation and gas domains 

in order to make effective and efficient decisions. 

4.1.1.2.4 Length 

• Wafer  

Since the analyst will not be involved in the data collection stage, the length of data 

collection in this case is the length of data analysis. The analysis time of a wafer is 

six months to one year. Since it is the product life cycle of a wafer, the past data is 

needed to determine whether there is any abnormal pattern.  

"Of course, it is possible to reduce the length of data analyze, but this is based on 

there were already a large amount of data and the abnormal pattern was not 

complicated, so we have tried to make a decision on certain types of wafers within a 

month." 

Although the length of analysis has been reduced from the original six months to one 

month, and the performance of the model remains almost the same. The length of the 

analysis of wafer data can only be reduced when there is a large amount of data, but 

the length of analysis exceeds the length of the product life cycle is not beneficial to 

decision-making. Therefore, based on case M1, this study found that it is most 

likely unnecessary to analyze long length data in the wafer domain to make 
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effective and efficient decisions, but collecting long length data is required for 

subsequent analysis. 

• Transportation and gas 

The length of data collection in these domains is determined by the length of the 

distance, and there is no fixed time.  

"The length of collection is enough for me to make a judgment. I only need to analyze 

data on the length of the routes. It is useless to extend the length of the collection."  

The length of transportation and gas collection data shouldn’t be short, otherwise it 

cannot be referred comprehensively. It is essential to collect the lengths of the routes. 

Therefore, based on case M1, this study found that it is most likely necessary to 

collect and analyze long length data in both transportation and gas domains to 

make effective and efficient decisions. 

4.1.1.2.5 Quantity 

• Wafer  

The amount of data analyzed at one time is 45 TB, because a wafer is a table (5GB), 

a wafer will go through 50 kinds of inspections, and the product life cycle is 6 months. 

5GB * 50 = 250 GB/day = 7.5 TB/month = 45 TB/6 months. 

• Transportation and gas 

It depends on the length of the data collection and the length of the journey, and it is 

not fixed. 

"I think it's already a lot of data! So, I will delete some unnecessary data before analysis." 

The analyst will first perform a comprehensive EDA (exploratory data analysis) on the data 

of wafers, transportation, and gas domains. At this time, useful fields can be found and a 

small number of fields will be shaved such as some unimportant timestep. Therefore, based 

on case M1, this study found that it is most likely unnecessary to analyze huge quantity 

data in all domains to make effective and efficient decisions, but collecting huge 

quantity data is required for subsequent analysis. 

4.1.1.2.6 Regeneration 

• Wafer  

The data has regeneration characteristics, but the company will not regenerate the 

data. 
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"Usually we do data regeneration because of insufficient of data, but for me, the data 

on the wafer is much more than the data I need to analyze. Even if the data is 

regenerable, we will not do data regeneration." 

It is best to use original data. Moreover, the data collection causes no cost for the 

company because all the sources of data are produced by the company itself. 

Basically, the wafer data is sufficient, and data regeneration will not be carried out. 

Therefore, based on case M1, this study found that the regenerability of wafer 

data will most likely not affect the quality of data collection.  

• Transportation and gas 

These domains have no regeneration characteristics. As shown in Table 4-1 The 

summary of regeneration of case M1. 

Table 4-1 The summary of regeneration of case M1 

Regeneration 

Domain  Wafer  Transportation  Gas  

Quantity X - - 

X: not affect the quality of data collection, -: N/A 

4.1.1.2.7 Depreciation 

• Wafer  

The depreciation rate of wafer is six months to one year. 

Since the company’s wafer data analysis length is also half of a year to one year (one 

month in the minority), the data analyst said that the length of collection and analysis 

depends on the data depreciation characteristics. Therefore, based on case M1, this 

study found that the depreciability of wafer data will most likely affect the 

length of wafer data collection and analysis. 

Nonetheless, the company did not change the frequency of data collection due to the 

degree of wafer depreciation because the collected frequency has been limited by the 

limit of the wafer. Therefore, based on case M1, this study found that the 

depreciability of wafer data will most likely not affect the frequency of wafer 

data collection and analysis. 

• Transportation and gas 

The expiration time expires after each delivery, and it depends on the length of the 

routes. 
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Because the company's transportation and gas data collection Length equal to the 

degree of data depreciation. Therefore, based on case M1, this study found that 

the depreciability of transportation and gas data will most likely affect the 

length of data collection. 

The depreciation of the transportation and gas domains is relatively out of date, so it 

is necessary to collect data more frequently. Even if it is limited by the system 

performance to return every 15 minutes, but the interviewer said that the timelier data 

can help the system analyze accurate data before it becomes obsolete. Therefore, 

based on case M1, this study found that the depreciability of transportation and 

gas data will most likely affect the frequency of data collection. As shown in Table 

4-2 The summary of depreciation of case M1. 

Table 4-2 The summary of depreciation of case M1 

Depreciation 

Domain  Wafer  Transportation  Gas  

Frequency X O O 

Length O O O 

X: not affect the quality of data collection, O: may affect the quality of data collection 

4.1.1.3 Summary of M1  

The following are Table 4-3The quality of data collection of case M1 and Table 4-4 The 

details of case M1 collection. 

Table 4-3The quality of data collection of case M1 

Decision: Improve the performance of AI model that can judge the quality of a 

wafer 

Domain Wafer  Transportation  Gas  O 

Source O X X 

 
Frequency X O O 

Length  O O 

Quantity    

O: both collection and analysis are necessarily as comprehensive as possible, X: both 

collection and analysis are not necessarily as comprehensive as possible, : The 

collection needs to be comprehensive, but the analysis does not need to be comprehensive.
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Table 4-4 The details of case M1 collection 

Company: M1 

Industry: Manufacture 

Decision: Improve the performance of AI model that can judge the quality of a wafer 

Domain Purpose Source Detail Frequency Length Quantity Characteristic 

Wafer  
Understand the 

quality of wafers 

Measurement 

machine 

Wafer type, dark 

spot, burn, crack 

index, etc. 

Once per stage 
Six months 

to one year 
45 TB/6 month 

Regenerability  

Slow depreciation 

Transportation  Assist in 

understanding 

wafers and raising 

early warnings 

Sensors on 

transportation 

Tire pressure, 

engine, fuel, cargo 

weight, shake index, 

etc. 1 time/15min 
Depend on 

the distance 

Depend on the 

distance 

Non-regenerability 

Fast depreciation 

Gas  Gas Sensors 
Nitrogen 

concentration 
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4.1.2 Case M2 

4.1.2.1 Big data project description of M2 

The company is a cement company headquartered in Taiwan providing business that includes 

the production and trading of cement, and other paper products. The main job of the 

company’s data analysts is to help the company meet national environmental standards and 

become an eco-friendly enterprise. It is required that factories achieve carbon neutrality and 

air pollution control to earn green marks. However, the cement industry has high carbon 

emissions, so the company and data analysts mainly focus on green environmental 

engineering such as carbon emissions reductions, nitrogen oxides reductions, and so on.  

As the interviewee said: "We aim at reducing carbon emissions, such as burning wasted tires 

instead of coals so the amount of coal used will be reduced. At the same time, carbon dioxide 

emissions will also decrease. We don't want people to think that we are the killers of the 

environment. " Due to the rising awareness of environmental protection, more and more 

shareholders and investors will also check the green marks and ESG (Environment, Social, 

Governance) ratings when investing. In the past, the environmental performance index score 

of the company was not good enough, resulting in fewer and fewer investors willing to invest. 

Therefore, data analysis was introduced for environmental protection. 

The current case of data analysts is to do AI modeling to control the concentration of nitrogen 

oxides. The process of producing cement will produce a large amount of mixed gas including 

nitrogen oxides which are toxic gas. The solution is that the company will spray ammonia 

water before emissions to reduce the concentration of nitrogen oxides to meet the national 

environmental standards. However, there are certain limitations in spraying ammonia, such 

as the components of the machine will be affected due to the alkaline properties of ammonia. 

Therefore, the data analysts collect data on every machine and train a model, so the ammonia 

water can be used in the most appropriate amount. Not only reducing the cost of ammonia 

water but meeting the nitrogen oxides regulation standards and avoiding equipment 

corrosion.  

The decision-making evaluation method is based on comparing the proportion of ammonia 

consumed in each raw material between the human control and the control after using AI 

model without exceeding nitrogen oxide regulation standards. If the outcome of 

mathematical models is better than human control, then the decision is effective and efficient. 
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4.1.2.2 The quality of data collection of M2 

4.1.2.2.1 Domain 

• Coal  

The data of this domain is collected to predict the concentration of nitrogen oxides 

because the combustion of coal with air will produce nitrogen oxides. The 

concentration of nitrogen oxides will depend on the amount of ammonia. The 

collected details are the amount of coal, the type of coal, etc. 

• Raw material of cement 

The number of raw materials depends on how much coal is used for combustion, so 

the domain data also has an indirect relationship with the amount of ammonia. The 

collected details are the number of raw materials. 

• Kiln operation  

The data of this domain is collected to reflect the real-time operation status. If the 

over-operation deviates from the normal range, the amount of ammonia may be 

abnormally high or low. Therefore, the domain data also has an indirect relationship 

with the amount of ammonia. The detailed items collected are kiln speed, 

temperature, pressure, fan power, etc. 

• Gas  

The data of this domain is collected to understand whether the emitted gas complies 

with environmental standards and regulations. Therefore, it is directly related to the 

concentration of ammonia. The collected details are nitrogen oxide value, oxygen 

value, carbon dioxide value, and so on. 

"The data from these domains are not enough for me! Collect as much as you can because 

you don’t know if you need it in the future." said the data analyst. 

It has something to do with the organizational structure because the company's analysis 

department and the factories are in different countries. Data analysts cannot directly 

correspond to the employees who operate the machines. The current solution is that data 

analysts will first conduct interviews with leaders with a background in cement 

manufacturing and refer to their experience to understand which domains may be more likely 

to influence this decision, and they will also look for the significant features in a large amount 

of data. "However, this cooperation model is top-down, rather than bottom-up. It may be 

right in the general direction of implementation, but many small details are not considered. 
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So, if I can collect more domains, my model will be more accurate.” Therefore, based on 

case M2, this study found that it is most likely necessary to collect and analyze 

comprehensive domain data in order to make effective and efficient decisions. 

4.1.2.2.2 Source 

• Coal and Raw material of cement 

The source comes from the corresponding sensors. 

• Kiln operation  

The source comes from the corresponding sensors. It will have 20-30 temperature 

sensors in a kiln because the length of a kiln is very long, the sensors need to be 

distributed evenly on the kiln. 

• Gas  

The source comes from the corresponding sensors. There are 4-5 gas sensors in 

each kiln. 

"Collecting the number of these sources is enough for my analysis at present. But from my 

perspective, I hope that the sensors in a certain domain can be as diverse as possible because 

I will have more data that can be used." 

For example, in the cement manufacturing process, the raw materials will be burned in the 

kiln, and the completeness of combustion will affect the concentration of nitrogen oxides and 

ammonia. At present, the company judges the completeness of combustion based on 

temperature. If the temperature is higher, the combustion is more complete, and vice versa. 

However, the data analyst said that this method is inaccurate. “If you want to judge the degree 

of combustion, you can also use the thermography to show the uniformity of combustion, and 

combine it with the analysis. This will be more accurate and intuitive.” 

Therefore, based on case M2, this study found that it is most likely necessary to collect 

and analyze comprehensive source data in order to make effective and efficient 

decisions. 

4.1.2.2.3 Frequency 

All the domain data is collected every millisecond at the factory side because the factory side 

needs to know the machine operation in time. However, due to software, hardware, and 

network limitations, it is impossible to return this data to the data analysis department in the 

headquarters in milliseconds. Instead, these millisecond-level data are averaged into minute-



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

DOI:10.6814/NCCU202100884

39 

 

level data to return. 

"I think that the minute-level data is not enough. What I want most is real-time data because 

it will lose some accuracy when averaged into minute-level data. However, since the 

hardware is limited, I took second place and used this frequency data to train the model. 

After the actual deployment to the factory, I will ask the operators at the factory for feedback, 

such as accuracy, effectiveness, and so on. Then make changes, so this problem can be 

overcome at present. " 

In conventional industry, relatively large errors in data can be tolerated. The data analyst has 

solutions to solve the limited problems. Therefore, based on case M2, this study found 

that it is most likely unnecessary to analyze high frequency data in all domains in order 

to make effective and efficient decisions, but high frequency data needs to be collected 

for subsequent analysis. 

4.1.2.2.4 Length 

The data collection length of all domains can accept the shortest as 3 months, and the best is 

1 year. 

Choosing 3 months as the minimum tolerance for the data collection length is because it 

depends on the type of coal, and the result of each coal is different. Currently, the company 

has 3 different coals, and it takes just 3 months to burn all these three different coals once. 

And 1 year is chosen as the best collection length because data in one year has covered almost 

all situations, including equipment adjustments, shutdowns, and so on. 

"We only collect three months of data to model when there is a lack of data. Basically, we 

collect one-year data to model because it is more accurate." 

Therefore, based on case M2, this study found that it is most likely necessary to collect 

and analyze long length data in order to make effective and efficient decisions. 

4.1.2.2.5 Quantity 

The company has many kilns, but the data collected from each kiln is different because the 

equipment composition of each kiln is different. For example, the fan of the first kiln uses 

manufacturer A, but the second kiln uses manufacturer B, so the performance of each kiln is 

different. Therefore, data analysts need to build models for each kiln independently. 

The quantity of all the data in the cement process in a kiln is 7TB/year, but the data analyst 



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

DOI:10.6814/NCCU202100884

40 

 

uses only the above domains, and the quantity of these domains in a kiln is 7GB/year. 

"For now, it is enough! And the results are good! I think it is better to improve the accuracy 

of the data than to require a large amount because the sensors of the cement plant may cause 

inaccurate due to the powder layer and dirt. Therefore, regular maintenance of the machine 

is very important in our company." 

Therefore, based on case M2, this study found that it is most likely unnecessary to 

analyze huge quantity data in all domains to make effective and efficient decisions, but 

huge quantity data needs to be collected for subsequent analysis. And the accuracy of 

the data is more helpful for decision-making.  

4.1.2.2.6 Regeneration 

None of the above domain data has regenerability because these data reflect the real status. 

4.1.2.2.7  Depreciation  

The data in all domains are deprecated in two to three years because the frequency of a kiln 

renovation is approximately once every 2-3 years. As long as the kiln is refurbished, it is 

unlikely to use the previous data. 

The frequency of data collection will not change due to the degree of depreciation of the 

data. This company wants to increase the frequency of data collection because it wants to 

increase data accuracy. Therefore, based on case M2, this study found that the 

depreciability of data in all domains will most likely not affect the frequency of data 

collection. 

However, the length of the company's data collection is one year, and data analysts also 

indicated that one year is the life cycle of a kiln since almost the full condition of a kiln can 

be seen before renovation. Therefore, based on case M2, this study found that the 

depreciability of data in all domains will most likely affect the length of data collection. 

As shown Table 4-5 The summary of depreciation of case M2. 
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Table 4-5 The summary of depreciation of case M2 

Depreciation 

Domain Coal  
Raw material 

of cement 
Kiln operation Gas  

Frequency X X X X 

Length O O O O 

X: not affect the quality of data collection, O: may affect the quality of data collection 

4.1.2.3 Summary of M2 

The following are Table 4-6 The quality of data collection of case M2 and Table 4-7 The 

details of case M2 collection. 

Table 4-6 The quality of data collection of case M2 

Decision: build a model that compliance with environmental standards-NOx 

Domain Coal  
Raw material 

of cement 
Kiln operation Gas  O 

Source O O O O 

 
Frequency     

Length O O O O 

Quantity     

O: both collection and analysis are necessarily as comprehensive as possible, X: both 

collection and analysis are not necessarily as comprehensive as possible, : The 

collection needs to be comprehensive, but the analysis does not need to be comprehensive.
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Table 4-7 The details of case M2 collection 

Company:  M2 

Industry: Manufacturing  

Decision: build a model that compliance with environmental standards-NOx 

Domain Purpose Source Detail Frequency Length Quantity Characteristic 

Coal 

To predict the concentration of 

nitrogen oxides 

Corresponding 

sensors 

The amount of coal, the 

type of coal, etc. 

One per 

minute 

3 months to 

1 year 

Total 7GB 

per year per 

kiln 

Non-regenerability 

Slow depreciation 

Raw 

material of 

cement 

The amount of raw 

materials 

Non-regenerability 

Slow depreciation 

Kiln 

operation 

Reflect the real-time operation 

status 

Kiln speed, temperature, 

pressure, fan power, etc. 

Non-regenerability 

Slow depreciation 

Gas  

Reflect whether the emitted gas 

complies with environmental 

standards, the data in this field is 

directly related to the amount of 

ammonia 

Nitrogen oxide value, 

oxygen value, carbon 

dioxide value, etc. 

Non-regenerability 

Slow depreciation 
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4.2 Service industry  

4.2.1 Case S1 

4.2.1.1 Big data project description of S1 

The company is a multinational computer technology company in the United States, 

developing R&D, manufacturing, licensing, and providing a wide range of computer software 

services. One of its eminent software services is search engines, so the company’s data 

analysis department has a business that is relevant to search engine advertisements. The 

company's advertising operations are opening up some advertising positions on its own search 

engine for advertisers to place ads, and choose ads based on bidding algorithm, then profit 

from the placement of advertisers. Normally, the advertisement ranking factors include 

advertisers’ bids, the quality of advertisers’ ads and landing pages, search context and 

keyword relevance, etc., so the most suitable ads for advertisers will win this bid and display 

their ads on search engines. The job description of the data analyst is to propose effective 

features for advertisers to win the bid, offer advice on how to be seen easily, get higher scores 

in the bidding algorithm, and improve their competitive advantage before the auctions. These 

features include bidding price, advertiser budget, presentation method of advertisement, a 

clear eye-catching headline, a clear call to action, business' contact information, etc. Different 

advertisers will have different features, and a feature is proposed after very rigorous 

simulation, prediction, feedback, and continual learning. 

The way to measure the quality of decisions is based on the goal set by the advertiser. The 

data analysts will examine whether the advertisers have reached their goals and whether they 

are satisfied with. Furthermore, to find out the measures of a good feature, they will conduct 

a user study for advertisers to figure out how much benefit has been improved by advertising 

on the search engine, the satisfaction, and whether customers continue to advertise on this 

platform, etc.  

4.2.1.2 The quality of data collection of S1 

4.2.1.2.1 Domain  

• Advertiser 

The data of this domain is to understand whether the feature proposed by the data 

analysts meets the target set by the advertisers and their satisfaction, so the data 

analysts need to understand whether the feature applies to the advertisers and receive 
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their feedback. The collected details are the income of the advertiser, ROAS (Return 

on AD Spending), ROI (Return on Investment), feedback, etc. 

• Bidding platform 

The purpose of collecting data from this domain is to allow the data analysts to offer 

appropriate suggestions and features for advertisers. Therefore, it is necessary to 

understand the quality of each advertisement, the amount of bidding, the behavior of 

the advertisers, and the conversion rate that advertisers follow the feature 

recommendations and adopted. The collected details are the historical records of the 

auction performances and the bid amount of the advertisers, the budgets, and the UI 

log files of the advertisers, etc. 

• Market 

Collecting data from this domain is used to propose more diverse features. Therefore, 

the data analysts need to understand the market trend, the market acceptance of 

advertising forms, and the behavior of end-users. The collected details are the end-

user log files and the sales feedback. 

• Platform competitor 

The data collecting from this field is used to understand what functions the competitors 

own and for a reference, and the collected details are any announcements from the 

competitors. 

"Collecting data in all of these domains is not enough for a comprehensive understanding, it 

can only be a reference. When encountering a domain that cannot be collected, I will look for 

some indirect information. It may still not be enough, but we have another solution. If those 

data cannot be found, I can’t estimate the value of the feature. I will give up on it and look for 

other ones because there are much more features waiting for me to find.” 

The more domains you collect, you can get a more complete understanding of a good feature. 

However, in reality, it is impossible to collect as much data as you want, usually because of 

cost, private and confidential constraints. Therefore, the company's solution is to collect end-

user feedback, embed API in the websites of advertisers with high throughput, etc.  

First, understand which feature is more essential. After having a feature target, collect the data 

that can verify the feature, so the domains of data collection can be reduced. If the data still 

cannot be collected and the feature cannot be estimated, the data analysts will transfer the 

targets. Therefore, based on case S1, this study found that it may most likely unnecessary 
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to collect and analyze comprehensive domain data in order to make effective and 

efficient decisions, because there may be other solutions. 

4.2.1.2.2 Source 

• Advertiser  

The source comes from the advertisers and the sales. Data on advertisers’ performance 

can be obtained from themselves, and the opinions are usually coming from the sales 

because they are the ones to deal with the issues of advertisers directly.  

"It's not that collecting more sources the better. You have to think about whether it is 

necessary to collect. For example, to understand the satisfaction of advertisers, I can 

obtain feedback from sales, small advertisers, medium advertisers, large advertisers, 

and end-users, but when I propose a feature, do I need to care about everything?" 

Since different types of advertisers will propose different features, not all sources are 

useful for a feature. It depends on which party's data is needed for the feature proposed 

now, because some may be suitable for large advertisers, but they may not be helpful 

for small and medium advertisers. Therefore, based on case S1, this study found 

that it is most likely unnecessary to analyze comprehensive source data in the 

advertiser domain to make effective and efficient decisions, but comprehensive 

data needs to be collected for subsequent analysis. 

• Bidding platform 

The source is the platform itself. 

There is only one source in this field, so almost every detail can be collected from it. 

Therefore, based on case S1, this study found that it may most likely unnecessary 

to collect and analyze comprehensive source data in the bidding platform domain 

to make effective and efficient decisions. 

• Market  

The Sources are the websites with high throughput and sales. The company will collect 

end-user log files by embedding APIs and web crawlers on high throughput websites 

to find potential features. Since the sales is an external interface, they will do surveys, 

interviews, and participate in advertising forums.  

The information of the market changes with each passing day, collecting data on more 

websites or more information from sales is very helpful for data analysis to have a 

comprehensive understanding of the market. Therefore, based on case S1, this study 
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found that it is most likely necessary to collect and analyze comprehensive source 

data in the market domain to make effective and efficient decisions. 

• Platform competitor 

The sources of the collection are from the sales, competitor's websites, and 

competitor's advertising platforms. Subscribing the competitor’s blogs, participating 

in the conferences, using the web crawler, and operating on the competitor’s 

advertising platform to obtain the competitor’s information. 

"Of course, it is best to know more information about our competitors, but since we 

can only get one-sided information through these channels, we cannot fully 

understand them." The interviewee said. Therefore, based on case S1, this study 

found that it is most likely necessary to collect and analyze comprehensive source 

data in the competitor’s domain to make effective and efficient decisions. 

4.2.1.2.3 Frequency  

• Advertiser 

No exact data collection frequency. It is based on a sales-driven and event-driven 

approach, such as advertisers who actively seek advice from the sales or collect the 

parameters of the bids when winning. 

• Bidding platform  

No exact data collection frequency. The advertisers participate in all auction data on 

the platform such as UI log, the bid amount, the budget amount, etc., and the date will 

be recorded through system detected. 

• Market  

No exact data collection frequency. Instead, it will collect data before proposing new 

features, and only when the sales receive the feedback from the end-users or the API 

on the web page is triggered, so it is sales-driven approach, event-driven approach, 

and system detected. 

• Platform competitors 

No exact data collection frequency. The notifications would be pushed whenever the 

competitors release any news, so it is push-notification-driven. 

The collected frequency in the above domains will be collected when system detected or 

event-driven, and the data is comprehensive without any missing during the collection. 

Therefore, based on case S1, this study found that the data collection method in all 
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domains is most likely unable to be measured by frequency and it cannot be judged. 

4.2.1.2.4 Length  

• Advertiser, Market, Platform Competitor 

There is no clear length to be collected because the data will be collected as long as 

the event is triggered. 

Therefore, based on case S1, this study found that the data collection method of 

advertiser, market and platform competitor’s domains is most likely unable to 

be measured by length and it cannot be judged. 

• Bidding platform  

The collection length in this domain can be interpreted as how long the data was 

analyzed from the database, because the data analyst doesn’t involve data collection. 

"The length of the data collection is feature by feature. Some features require long-

term data to be identified, but some are the opposite." 

Some features require long-term data. For example, the feature of some 

advertisements which contain pictures or not need to be collected for a long period to 

have referenceable results. However, bid recommendation only needs a short length 

of time to find out. The expiration time of the bid record is 7 days because it is 

relatively fixed and there is usually not much change in a week. If collecting data for 

over 7 days, there might be more variables when encountering holidays and long 

weekends. 

The length data collected from the platform data is according to characteristics of the 

features and data instead of overall long-term data. Therefore, based on case S1, this 

study found that it is most likely unnecessary to analyze long length data in the 

bidding platform domain to make effective and efficient decisions, but long 

length data needs to be collected for subsequent analysis. 

4.2.1.2.5 Quantity 

• Advertiser, Market, Platform competitor 

Since the data of platform competitors and advertisers is qualitative and one-time 

information, both of the quantities are not fixed. 

• Bidding platform  

The data of the platform is stored in Cosmos DB, and the size of the database will be 

50TB per day.  
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“We basically still collect data based on our domain knowledge first and then decide whether 

something is must have or good to have according to different features or scenarios. However, 

there's always resource constraint like engineering cost, storage cost, performance cost, etc. 

We don't really consider if it's thought of big data or small data, it's just a buzzword for people 

to say it...”  

It is better that we collect more data from the above domains. The reason is that it can be 

analyzed more comprehensively and carefully, to have different functions according to 

different features. Although the collected comprehensive quantity data would be less helpful 

to make a single decision, the collected data may be used for subsequent analysis in practice. 

Therefore, based on case S1, this study found that it is most likely unnecessary to analyze 

huge quantity data in all domains to make effective and efficient decisions, but huge 

quantity data needs to be collected for subsequent analysis. 

4.2.1.2.6 Regeneration 

• Advertiser, Market, Platform competitor 

The data has no re-generability. 

• Bidding platform  

Some data have re-generability, but the company will not regenerate data. Therefore, 

based on case S1, this study found that the regenerability of the bidding platform 

domain will most likely not affect the quality of data collection. 

As shown in Table 4-8 The summary of regeneration of case S1. 

Table 4-8 The summary of regeneration of case S1 

Regeneration 

Domain Advertiser 
Bidding 

platform  
Market  

Platform 

competitors 

Quantity - X - - 

X: not affect the quality of data collection, -: N/A 

4.2.1.2.7 Depreciation  

• Advertiser, Market, Platform competitor 

It is hard to measure the depreciability of the data from these domains because the data 

collection of both length and frequency is not fixed. 
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• Bidding platform  

The frequency of data collection will not be changed due to the depreciability of the 

data. Because as long as the system detected will collect the data. Therefore, based 

on case S1, this study found that the depreciability of the bidding platform 

domain will most likely not affect the frequency of data collection. 

From the previous example, it can be seen that the length of data analysis depends on 

the data depreciability. For example, the depreciation rate of bid recommendation is 7 

days, and so is the analysis length. Therefore, based on case S1, this study found 

that the depreciability of the bidding platform domain will most likely affect the 

length of data collection.  As shown in Table 4-9 The summary of depreciation of 

case S1. 

 

Table 4-9 The summary of depreciation of case S1 

Depreciation 

Domain Advertiser  
Bidding 

platform  
Market  

Platform 

competitors 

Frequency - X - - 

Length - O - - 

X: not affect the quality of data collection, O: may affect the quality of data collection, -: 

N/A 

4.2.1.3 Summary of S1 

The following are Table 4-10 The quality of data collection of case S1 and Table 4-11 The 

details of case S1 collection. 
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Table 4-10 The quality of data collection of case S1 

Decision: Propose effective feature for advertisers. 

Domain Advertiser  
Bidding 

platform  
Market  

Platform 

competitors 
X 

Source  X O O 

 
Frequency - - - - 

Length -  - - 

Quantity     

O: both collection and analysis are necessarily as comprehensive as possible, X: both collection 

and analysis are not necessarily as comprehensive as possible, : The collection needs to be 

comprehensive, but the analysis does not need to be comprehensive, -: N/A.
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Table 4-11 The details of case S1 collection 

Company: S1 

Industry: Advertising 

Decision: Propose effective feature for advertisers. 

Domain Purpose Source Detail Frequency Length Quantity Characteristic 

Advertiser 

Understand whether the features 

have reached the target set by 

the advertisers, understand the 

advertisers’ feedback, and 

understand whether the features 

are helpful to the advertisers. 

Advertisers, 

Sales 

Advertiser's income, ROAS 

(Return on AD Spending), ROI 

(Return on Investment), feedback 

Sales-driven 

Event-driven 
- 

Depend 

on the 

situation  

Non-regenerability 

 

Some are rapid 

depreciation, some are 

slow depreciation. 

Platform 

Whether the data analysts offer 

appropriate suggestions and 

features to the advertisers, 

understand the quality of each 

advertisement, the bid amount, 

and the behavior of the 

advertisers. 

Platform  

the conversion rate of advertisers 

receives the recommendations 

and actually adopt, the 

performance of the advertiser’s 

auction, the amount of the 

advertiser’s bid, the advertiser’s 

budget, and the advertiser’s UI 

log file 

System 

detected 

a week, 

a month, 

always 

50TB/day 

Some are re-

generability 

 

Some are rapid 

depreciation, some are 

slow depreciation. 

Market  

Understand market trends, 

propose more diversified 

features, the trend of market 

acceptance of advertising forms, 

and understand the behavior of 

end-users. 

Websites with 

high throughput, 

Sales 

End-user log file, sales feedback 

Sales-driven 

Event-driven 

System 

detected 

- 

Depend 

on the 

situation  

Non-regenerability 

 

Some are rapid 

depreciation, some are 

slow depreciation. 

Platform 

competitors 

understand what functions the 

competitors have and for 

reference 

Sales, 

Competitor's 

website, 

Competitor's 

advertising 

platform 

Announcement  

Push-

notification-

driven 

- 

Depend 

on the 

situation  

Non-regenerability 

 

Some are rapid 

depreciation, some are 

slow depreciation. 
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4.2.2 Case S2 

4.2.2.1 Big data project description of S2 

The company is a web services provider in the United States providing services that include 

portals, e-mails, shopping platforms, news networks, search engines, and multi-screen services, 

etc. Therefore, the work of data analysts in the advertising department is mainly to assist the 

advertisers in market analysis, potential customer preferences, customer segmentation, 

advertising budgets, and strategic planning. Since the company's business is very diverse, the 

users’ behavior can be fully analyzed. 

"Usually, the data analysts maintain a good relationship with the sales because they know the 

preferences of advertisers, and I use data analysis to support and verify sales’ hypothesizes." 

The data analyst said. The company's data analysts and the sales would work together to help 

the advertisers find suitable TAs and offering suggestions such as advertising positions and 

copy design by researching TAs. 

The data analysts’ decisions need to make are to distinguish customer segmentation and analyze 

data to assist the sales in tailoring excellent marketing strategies. For example, a toothpaste 

advertiser hopes to find the TAs who have interests in teeth whitening, and the analysts will 

divide platform end-users into groups based on the searching related keywords, brands, and 

articles. After the platform end-users are segmented, they can find the commons of the users, 

such as they may also like makeup and beauty topics. Therefore, data analysts will recommend 

to add more relevant elements to the copy. 

There are two ways to measure the quality of a marketing proposal. The first and the most 

important one is to judge the suitability based on the experience of the sales. Since they know 

the advertisers better than the analysts, it can be preliminarily judged from the sales side to 

figure out whether advertisers will accept the proposal or not. The second one is the advertisers 

directly giving the feedback regardless of the suitability of the marketing proposal to the 

analysts when there are activities held by the company occasionally. 

4.2.2.2 The quality of data collection of S2 

4.2.2.2.1 Domain  

• End-user behavior 

The purpose of collecting data from this domain is to understand the daily behaviors and 

preferences of platform end-users, so it can be used to do customer segmentation. The 
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collected details include end-users’ historical search, transaction records, types of 

articles being browsed, stay time on certain platforms, and so on. 

• Advertisement browsing and clicking 

Collecting data from this domain is to understand which types of end-users click on 

which types of advertisements, so the potential TAs can be found out for advertisers. 

The collected details include end-user’s information, the length of viewing time, etc. 

"It's never going to be enough. For me, the more domains, the more comprehensive and the 

better the proposal. The way we solve the problem is to obtain data from a third-party platform." 

The interviewee said. Since the company is an online platform, the data that can be collected is 

also online activity data. However, some advertisers hope to advertise based on offline 

information, such as advertising for a target audience within a 500-meter radius of the branch. 

At this time, resources from third-party platforms are needed. In order to meet the needs of 

advertisers and make better proposals, based on case S2, this study found that it is most likely 

necessary to collect and analyze comprehensive domain data to make effective and 

efficient decisions. 

4.2.2.2.2 Source  

The sources from the above domains come from the company's platforms, including search 

engines, shopping platforms, news networks, stock websites, and so on. 

"Not enough. I think the source is the same concept as a domain. The more diverse data is 

needed to analyze it more comprehensively." 

Since the types of decisions are diverse and complex, it is necessary to help advertisers 

customize marketing proposals and more sources of data are needed for a complete analysis. 

Therefore, based on caseS2, this study found that it is most likely necessary to collect and 

analyze comprehensive source data in all domains to make effective and efficient decisions. 

4.2.2.2.3 Frequency 

The above domains have no exact data collection frequency because it is not measured by time 

but system detected. The data will be recorded whenever the number of clicks and watched 

times has been detected by the system detected and there will be no missing data during the 

collection. Therefore, based on case S2, this study found that this data collection method 

is most likely unable to be measured by frequency and it cannot be judged. 
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4.2.2.2.4 Length 

Since the analysts do not involve in data collection, the length of data collection here means 

how long the data was analyzed in the database. 

• End-user behavior 

The length of this domain is one year because it can be observed that the behavior of 

end-users on the platform changes in each season. 

• Advertisement browsing and clicking 

The length of this domain is one month because the company’s advertising plan is 

calculated by month. The effectiveness of the advertising will be measured every month. 

" I think the length is not long enough because sometimes I want to see the change in end-users' 

behavior and compare the change between this year and last year, but the system can only save 

data for one year."  

The analyst said that there is currently no way to change the system's limitations, but it depends 

on the characteristics of the products. Some products are seasonal products, and collected data 

does not require saving for more than one year. For example, the data of sunscreen-related 

products do not need to be compared to the data from the previous years because the trend is 

similar every year.  

The length of the data analysis depends on the characteristics of the product. Some analyses can 

be more comprehensive if it takes more than a year; however, some products only need to be 

collected according to the degree of depreciation, and collecting for a long time is meaningless. 

Therefore, based on case S2, this study found that it is most likely necessary to collect and 

analyze long length data in order to make effective and efficient decisions in some products. 

4.2.2.2.5 Quantity  

The above domains are based on the number of platform end-users instead of the number of 

data because the amount of data produced by each platform end-user is different. The company 

would tag the platform end-users in advance and analyze their habits. Currently, the number of 

active platform users is 5 million, and the analysis is usually based on 8,000 to one million users 

which varies according to the needs of advertisers. 

" I'm not sure. It depends on the case. Although some cases have very few samples, they are 

accurate and free of impurities. However, some cases have a large number of samples but it 

may be vague and hard to find a clear common behavior."  
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In the case of a small but accurate case, it is usually a niche market. For example, milk powder 

advertisers want to target babies with poor gastrointestinal niches. The intentions of this kind 

of consumer are very clear. Therefore, the marketing proposal can be closer to the needs of 

consumers. However, compared to cases that are full of samples but inaccurate such as 

Almighty Milk Powder. There are many TAs of this kind of product, so it is difficult to come 

up with an appropriate marketing plan. 

The quantity of data collected depends on the advertiser's TA, neither too much nor too little. 

Therefore, based on case S2, this study found that it is most likely unnecessary to analyze 

huge quantity data in all domains to make effective and efficient decisions, but huge 

quantity data needs to be collected for subsequent analysis.  

4.2.2.2.6 Regeneration 

Some data have regenerability, but the company will not regenerate data. 

“Assuming that there is a popular topic regarding a drama, if the data regenerated by artificial 

intelligence, it may become that all the platform end-users are interested in the drama. And the 

fact is not, so there will be inaccuracy problems.” 

Therefore, based on case S2, this study found that the regenerability of data in all domains 

will most likely not affect the quality of data collection. 

4.2.2.2.7 Depreciation 

• End-user behavior 

The depreciation rate is 1 year, just the same as the length of the data collection. 

• Advertisement browsing and clicking 

The depreciation rate is a month, just the same as the length of the data collection. 

The frequency of data collection will not be changed due to the characteristics of depreciation 

because it will be collected as long as the system detected. Therefore, based on case S2, this 

study found that the depreciability of data in all domains will most likely not affect the 

frequency of data collection. 

In this case, it can be seen that the length of data collection depends on the degree of data 

depreciation. Therefore, based on case S2, this study found that the depreciability of data 

in all domains will most likely affect the length of data collection. As shown in Table 4-12 

The summary of depreciation of case S2. 
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Table 4-12 The summary of depreciation of case S2 

Depreciation 

Domain End-user behavior Advertisement browsing and clicking 

Frequency X X 

Length O O 

X: not affect the quality of data collection, O: may affect the quality of data collection 

4.2.2.3 Summary of S2 

The following are Table 4-13 The quality of data collection of case S2 and Table 4-14 The 

details of case S2 collection. 

Table 4-13 The quality of data collection of case S2 

Decision: customer segmentation, propose marketing plan 

Domain End-user behavior 
Advertisement 

browsing and clicking 
O 

Source O O 

 
Frequency - - 

Length O O 

Quantity   

O: both collection and analysis are necessarily as comprehensive as possible, X: both collection and 

analysis are not necessarily as comprehensive as possible, : The collection needs to be 

comprehensive, but the analysis does not need to be comprehensive, -: N/A.
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Table 4-14 The details of case S2 collection 

Company: S2 

Industry: Advertising 

Decision: customer segmentation, propose marketing plan  

Domain Purpose Source Detail Frequency Length Quantity Characteristic 

End-user 

behavior 

Understand the daily behaviors 

and preferences of platform 

end-users, so it can be used to 

do customer segmentation  

The company's 

platforms, 

including: search 

engines, shopping 

platforms, news 

networks, stock 

websites, etc. 

End-users' historical search, 

transaction records, types of 

articles browsed, stay time on 

certain platforms, etc. 
System 

detected 

A year 

8000~billion  

Non-regenerability 

 

Slow depreciation 

Advertisement 

browsing and 

clicking 

Understand which types of 

platform end-users click on 

which types of advertisements, 

so it can advise advertisers 

which potential TAs are 

End-users’ information, 

viewing time, etc. 
A month 

Non-regenerability 

 

Slow depreciation 
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4.2.3 Case S3 

4.2.3.1 Big data project description of S3 

The company is a financial company in Taiwan that provides a full range of financial services 

such as banking, securities, insurance, and venture capital. The company’s data analysis 

department is mainly to optimize the process of banking services. For example, in the past, 

users had to input their personal information and obtain verification before applying for a 

credit card which may take a week to get approved and receive a new card. However, in the 

past two years, the company has adopted image recognition technology for users to scan their 

ID cards and automatically input personal information into the system. After data analysis 

and artificial intelligence predictions, users can get the approval of cards online instantly.  

Another application of data analysis is to detect fraudulent/unauthorized credit card 

transactions. In the past, bank employees made phone calls to users about the authenticity of 

transactions based on self-experience or random calls, but nowadays, the transactions that 

may be fraudulent are quickly detected through AI model. The list of fraudulent transactions 

will be ranked according to the degree of risk, and the bank employees will call the clients 

to confirm whether there is any unauthorized purchase. 

The criterion for decision-making is to predict the accuracy of fraudulent transactions. Due 

to the limited number of calls that bank employees can make a day, the accuracy of predicting 

fraudulent transactions will be an effective and efficient decision which is much higher 

compared to the random accuracy in the past. 

"In the field of data analysis, the characteristics of the artificial intelligent model are 

determined according to the types of decisions. The characteristics are divided into 

immediacy and accuracy." The interviewee said.  

Decisions with immediacy characteristics require the model to respond promptly, but it is 

not accurate enough. In the company, it is usually user-related decisions that need to be made 

timely such as detecting fraudulent transactions, ID card recognition, etc. because the essence 

is to make the process more efficient. If the result is wrong, the user will modify it. Therefore, 

the model will be compressed to make the predictions faster. However, the need for an 

accurate model is biased towards the repetitive, complicated, and large-scale decision-

making within the organization, which can greatly reduce the resource of manpower and the 

time of manual inspection. 
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4.2.3.2 The quality of data collection of S3 

4.2.3.2.1 Domain 

• Credit card transaction  

The data in this domain is to understand fraudulent transaction patterns from the 

historical data to predict every transaction in the future. The details are transaction 

time, transaction amount, card number, location of purchases, transaction store, card 

type, etc. 

• Financial-related service 

For some young people who have just started using a credit card, they do not have 

enough transaction records to make a judgment of their consumption behavior, so 

more financial-related information will be collected such as funds, foreign currencies, 

loans which are the services provided by the bank. 

• User information 

The data of this domain is used to do user segmentation because the consumption 

behavior of different groups varies. For instance, people with average incomes are 

less likely to buy luxury goods or the consumers who live in Taiwan with a 

transaction in Japan that may be identified as transactions with a high probability of 

credit card fraud. The collected details are card number, place of residence, birthday, 

gender, Asset Under Management (AUM), etc. 

"I think the performance is good because it was much higher than manual verification. Now 

it can be used to improve the identification of fraudulent transactions more quickly and 

accurately." The analyst said. 

Since the identification of fraudulent transactions is listed in the company as an immediacy 

decision, the users will correct it if there is an error. More domains mean that the model is 

larger and the analysis speed is slower. Hence, in the training phase, a lot of data will be 

input into the AI model to recognize which domains are important and try to remove the 

unimportant domains. In the end, only the important domains will be used for actual 

prediction. Therefore, based on case S3, this study found that it is most likely 

unnecessary to analyze comprehensive domain data to make effective and efficient 

decisions, but comprehensive data needs to be collected for subsequent analysis. 

4.2.3.2.2 Source  

• Credit card transaction  
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This source comes from credit card transactions, and it will be stored in the company's 

database as long as there is any transaction.  

• Financial-related service 

From the platforms and transactions of funds, foreign currencies, loans, etc. As long 

as there is any transaction, it will be stored in the company's database. 

• User information 

The source comes from the web page of account opening and deposit information. 

"In credit card transactions record and financial-related service domains, I think the source 

is the same concept as the domain. Comprehensive sources can be used when training the 

model, but we will only use the significant source for the actual prediction." 

Since the source is a subset of the domain, when the algorithm analyzes those domains that 

are more significant, the source will be analyzed together. Therefore, based on case S3, this 

study found that in card transaction and financial-related service domains are most 

likely unnecessary to analyze comprehensive source data to make effective and efficient 

decisions, but comprehensive data needs to be collected for subsequent analysis. 

However, there are only a few sources in the user information domain such as the account 

opening page and deposit information, and the required data can only be collected from those 

sources. Therefore, based on case S3, this study found that it is most likely unnecessary 

to collect and analyze comprehensive source information in the user information 

domain to make effective and efficient decisions.  

4.2.3.2.3 Frequency 

The above domains have no exact data collection frequency because it is not measured by 

time but system detected and transaction detect. As long as the system detected a change or 

a transaction, it will be recorded. The data will not be missed during the collection. 

Therefore, based on case S3, this study found that this data collection method is most 

likely cannot be measured by frequency, so it cannot be judged. 

4.2.3.2.4 Length 

• Credit card transaction, Financial-related service 

The collection length in these domains can be interpreted as how long the data was 

analyzed from the database because the data analyst is not involved in data collection. 

The length of these domains is 1 month. 
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"For decision-making of fraudulent transactions, the length is sufficient because the 

transaction records in one month are up to tens of millions which is enough to find 

the pattern of fraudulent transactions." The analyst said. 

The company determines the length of data analysis based on the quantity of data. 

Since the data of the domains are very large, the analysts only need to analyze the 

appropriate quantity. There is no need to analyze all lengths of data. Therefore, 

based on case S3, this study found that in card transaction and financial-related 

service domains, it is most likely unnecessary to analyze long length data to make 

effective and efficient decisions, but long length data needs to be collected for 

subsequent analysis. 

• User information 

There is no collected length in this domain because the data is unique and it is used 

to identify each user. If the user modifies the personal information, the system will 

directly modify the original data. 

4.2.3.2.5 Quantity 

• Credit card transaction, Financial-related service 

There is no exact quantity in this area because the transaction amount in a day is not 

fixed. However, the average is tens of millions of data per day. 

• User information 

This domain is based on the number of card users. There is no exact number in this 

field, and it is also a constantly changing number, but currently, there are millions of 

card users. 

" for fraudulent decision-making, this quantity is sufficient. The concept of quantity is the 

same as the concept of domain and source which is the actual analysis model will not use 

much quantity of data." The analyst said. 

To make the model respond more quickly, the analyst will weigh the transactions that have 

been identified as fraudulent in the historical record instead of analyzing a large amount of 

data, so the model can evenly identify authorized and unauthorized transactions. Therefore, 

based on case S3, this study found that it is most likely unnecessary to analyze huge 

quantity data to make effective and efficient decisions in all of these domains, but huge 

quantity data needs to be collected for subsequent analysis. 
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4.2.3.2.6 Regeneration 

"The above domains have no regeneration features because this is authentic data. If 

regenerating data, the result will be inaccurate. Normally, the data regeneration is only used 

for image recognition." 

Therefore, based on case S3, this study found that the regenerability of data in all 

domains will most likely not affect the quality of data collection. 

4.2.3.2.7 Depreciation  

The data in the above domains will not depreciate because Taiwan's regulations require banks 

to retain every transaction for the protection of users and banks. While in the user information 

domain, as long as the users cancel their bank accounts, the information will automatically 

disappear. Therefore, based on case S3, this study found that the depreciability of data 

in all domains will most likely not affect the frequency and length of data collection. As 

shown in Table 4-15 The summary of depreciation of case S3. 

Table 4-15 The summary of depreciation of case S3 

Depreciation 

Domain 

Credit card 

transaction 

record 

Financial-related 

service 

User 

information 

Frequency X X X 

Length X X X 

X: not affect the quality of data collection, O: may affect the quality of data collection 

4.2.3.3 Summary of S3 

The following are Table 4-16 The quality of data collection of case S3 and Table 4-17 The 

details of case S3 collection.  
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Table 4-16 The quality of data collection of case S3 

Decision: predict fraudulent/unauthorized credit card transitions 

Domain 
Credit card 

transaction  

Financial-

related service 

User 

information 
 

Source   X 

 
Frequency - - - 

Length   - 

Quantity    

O: both collection and analysis are necessarily as comprehensive as possible, X: both 

collection and analysis are not necessarily as comprehensive as possible, : The 

collection needs to be comprehensive, but the analysis does not need to be comprehensive, 

-: N/A.
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Table 4-17 The details of case S3 collection 

Company: S3 

Industry: Financial 

Decision: predict fraudulent/unauthorized credit card transitions 

Domain Purpose Source Detail Frequency Length Quantity Characteristic 

Credit card 

transaction  

Understand the fraudulent 

transaction pattern in the 

historical data to predict in the 

future  

credit card 

transactions 

Transaction time, transaction 

amount, card number, location of 

purchases, transaction store, 

card type, etc. 

Transaction-

detect 

1 month Tens of millions  

Non-regenerability 

No depreciation 

Financial-

related 

service 

Rich data to analyze customer 

with less data 

the platforms and 

transaction of the 

financial related 

service of S3 
 

Funds, foreign currencies, loans, 

etc. 

Transaction-

detect 

User 

information 
User segmentation 

the page of 

account opening, 

deposit 

information 
 

card number, place of residence, 

birthday, gender, Asset Under 

Management (AUM), etc. 

System 

detected 
- 

Millions of card 

users 
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4.3 Cross-case analysis 

4.3.1 Decision type 

The manufacturing industry cases M1 and M2 feature similar decision types, as both build AI 

models and optimize the manufacturing process. For example, M1 uses an AI model to predict 

the quality of the wafer to avoid needing to measure every batch of wafers, and M2 uses data 

analysis to find the balance point between operating cost and national environmental standards 

to optimize the efficiency and effectiveness of the optimization. 

On the other hand, the decision-making in the service industry cases S1 and S2 in is biased 

toward analyzing customers and users. For example, although S1 performs data analysis to 

propose appropriate features related to end-users’ habits and are related to advertisers; S2’s 

decisions are related to customer segmentation to create suitable marketing proposals for 

advertisers. The result for each advertiser is different, because every advertiser has different 

objectives and TAs. Moreover, in the service industry, decisions are also made about 

forecasting and process optimization. For example, S3 uses data analysis to predict and identify 

fraudulent transactions. Hence, the essence of service decision-making is to improve the 

quality and the processes of services and bring better service to customers. 

To sum up, the decision-making of the manufacturing industry is biased toward the factory, so 

it is relatively simple. For example, M1 needs only to identify the quality of the wafer, and M2 

only needs only to identify gas concentrations. However, decision-making in the service 

industry is more complicated and diverse because it requires dealing with people's preferences. 

As shown in Table 4-18 The decision type of the case studies.
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Table 4-18 The decision type of the case studies 

Industry  Manufacturing  Service  

Company  M1 M2 S1  S2 S3 

Decision  

Build a model 

that can judge 

the quality of 

a wafer 

build a model that 

compliance with 

environmental 

standards-NOx 

Propose 

effective feature 

for advertisers 

User 

segmentation, 

propose 

marketing plan 

Predict fraudulent 

credit card transactions 

Objective  
Optimize the manufacturing 

process 

Know customers’ preferences; 

customer segmentation; improve 

the quality and the processes of 

services; allow customers to enjoy 

better service. 

Improve the quality 

and the processes of 

services. 

Type  Simple  Complicated  Simple  

Interactive 

with 

customer  

No  Yes  

 

4.3.2 Domain of data collection 

In the cases analyzed of this study, it is found that in both manufacturing and the service industry, 

more comprehensive domains are more helpful for decision-making. For example, as M1 is 

limited by wafer measurement, as each wafer can only be measured twice at most before being 

broken, and the sampling inspection is randomly conducted, some of the abnormal wafers may 

not be inspected, resulting in data analyst cannot directly know the quality of the batch of wafer, 

so more indirect domains are needed to be collected and analyzed. Moreover, M2 has a top-down 

organizational structure, so data analyst neither contact on-site operators, nor know the actual 

operations performance of the AI model, hence, it is required to collect comprehensive domains 

to help improve the accuracy of AI model in actual operations. According to the case analysis, 

then, we can state that proposition 1, the comprehensiveness of the domains of data collected has 

a positive impact on the effectiveness and efficiency of decision-making is most likely well 

established in the manufacturing industry in contexts where the measured product is restricted 

and the sampling inspection is randomly conducted; or due to the relationship of the 

organization’s structure, data analysts cannot actually contact those in roles that directly 

function on-site.  

In the service industry, case S1 indicates it is not necessary to collect data from comprehensive 

domains; in essence, however, if they wish to propose a good feature, they must collect more 

comprehensive domains to develop an overall understanding because the decision-making is 
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very diversified, in addition to the direct domains, S1 also collects indirect data, namely on 

markets and platform competitor. S1 only uses four domains to accumulate good features 

because its solution is feature targeted. It obtains the feature target first and then collects the data 

to verify the feature, allowing the domains of data collection to be reduced. However, S2’s 

decision-making types are more diversified, in addition to the current domains of end-user 

behavior and advertisement browsing and clicking, a comprehensive domain is needed to 

achieve effective and efficient decision-making because they require customized the results and 

present appropriate marketing proposals to different advertisers. For S3, since its decision 

requires an immediate response, the actual model will compress domains the model to speed up 

the prediction. But, whether it is immediate or accurate decision-making, in the training phase, 

comprehensive domain data will be input into the AI model to recognize which domains are 

important. Therefore, based on case analysis, proposition 1 is most likely established in the 

service industry in contexts where the decision-making is very diversified, even if the problem 

is the same, the output will be very different depending on the type of customer 

requirements; it need to customize the service; or requiring to train the prediction AI 

model. As shown in Table 4-19 The summary of the domain of data collection. 
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Table 4-19 The summary of the domain of data collection 

Industry  Manufacturing  Service  

Company  M1 M2 S1 S2 S3 

Domain  O O X O  

Detail  

Wafer, 

transportation, 

gas 

Coal, raw material of 

cement, kiln 

operation, gas 

Advertiser, 

bidding 

platform, 

market, platform 

competitor 

End-user 

behavior, 

advertisement 

browsing and 

clicking 

Credit card 

transaction, 

financial-related 

service, user 

information 

The 

conditions of 

establishing 

proposition1 

The measured product is restricted 

and the sampling inspection is 

randomly conducted; or due to the 

relationship of the organization’s 

structure, data analysts cannot 

actually contact those in roles that 

directly function on-site. 

The decision-making is very 

diversified, even if the problem is 

the same, the output will be very 

different depending on the type of 

customer requirements; it need to 

customize the service. 

Requiring to 

train the 

prediction AI 

model 

Alternative 

methods 

Conduct interview with leaders with a 

background in cement manufacturing 

and refer to their experience to 

understand which domains may be 

more likely to influence decision-

making. 

It has the feature 

target first, then 

collect the data 

that can verify 

the feature. 

Buy data - 

O: both collection and analysis are necessarily as comprehensive as possible, X: both collection and 

analysis are not necessarily as comprehensive as possible, : The collection needs to be comprehensive, 

but the analysis does not need to be comprehensive, -: N/A. 
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4.3.3 Source of data collection 

Sources of data collection exhibit different levels of performance in manufacturing and the 

service industries. For M1, because it is an electronic industry, the products are relatively 

meticulous. Therefore, it is necessary to gather a variety of sources of measurement to 

comprehensively understand the quality of the wafer. However, in indirect domains, such as 

transportation and gas, the only needed data is what will affect the quality of wafer or data that 

can produce other value. However, the result produced by M2 is completely the opposite to that 

of M1. This is because M2’s products are cement, which is usually less likely to alter in quality 

due to minor mistakes. Furthermore, the amount of output is usually very large, so the machinery 

required is gigantic, meaning that the raw materials required are likewise massive, producing a 

large output of gas so this is hard to use only few sources to understand the operation. Each 

domain, therefore, requires a variety of sensors to receive the values and analyze them. Therefore, 

based on case analysis, the proposition 2, namely, the comprehensiveness of the sources of data 

collected has a positive impact on the effectiveness and efficiency of decision-making, is most 

likely well founded in the manufacturing industry where the measured products are 

meticulous; the amount of output is very large; or the required machinery is gigantic. As 

shown in Table 4-20 The summary of the source of data collection-manufacturing. 

In the service industry, customers and end-users are diverse. To serve each customer, it is 

necessary to collect a variety of sources in each domain for subsequent analysis. To propose 

good features, S1 extensively collects sources in markets and platform competitors’ domains 

because those data are external and provide only one-sided information that is hard to interpret 

to discover trends and competitors’ actions. For S2, which creates customized marketing 

proposals for different advertisers, this may differ due to the differences between advertisers’ 

products and goals. Therefore, in order to fulfill the requirement of advertisements, various 

sources must be collected for each domain. For S3, the source is same as the domain, and the 

decision-making is intended to make predictions quickly, so it does not need to comprehensively 

analyze sources, but in training stage, it need to collect comprehensive data to know which are 

useful. Therefore, proposition 2 is well founded in the service industry in contexts where the 

domain data are external, and it can only get one-sided information; it wants to understand 

market trends and customized services; its customer and service are diversified; or 

requiring to train the prediction AI model. As shown in Table 4-21 The summary of the source 

of data collection-service.
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Table 4-20 The summary of the source of data collection-manufacturing 

Industry  Manufacturing 

Company M1 M2 

Domain Wafer Transportation  Gas  Coal 
Raw material 

of cement 

Kiln 

operation 
Gas  

Source  O X X O O O O 

The conditions 

of establishing 

proposition2 

The measured products are meticulous. 
The amount of output is very large, and the required 

machinery is gigantic. 

 

Table 4-21 The summary of the source of data collection-service 

Industry  Service  

Company S1 S2 S3 

Domain Advertiser 
Bidding 

platform  
Market  

Platform 

competitors 

End-user 

behavior 

Advertisement 

browsing and 

clicking 

Credit card 

transaction  

Financial-

related service 

User 

information 

Source   X O O O O   X 

The conditions 

of establishing 

proposition2 

The domain data are external, it can only get 

one-sided information, it wants to understand 

market trends. 

Customized services, its 

customer and service are 

diversified. 

Requiring to train the prediction AI model. 

O: both collection and analysis are necessarily as comprehensive as possible, X: both collection and analysis are not necessarily as 

comprehensive as possible, : The collection needs to be comprehensive, but the analysis does not need to be comprehensive.
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4.3.4 Frequency of data collection 

In the manufacturing industry case studies, For M1, the number of wafer measurements 

is limited, so transportation and gas domains are the main data sources for the AI model 

and those data must be real-time and detailed data because they will affect the accurate 

of the model. Moreover, in the electronics industry, the accurate is important due to the 

tolerance for errors is extremely low. However, M2’s results contradict those of M1. 

The frequency of the data analysis is much lower than the frequency of data collection, 

because traditional industry can tolerate larger data errors than the electronics industry 

but still needs to collect high-frequency data for other analyses, such as monitoring on-

site operation because they need to know the real-time situation to avoid machine 

malfunction. Therefore, based on case analysis, the proposition 3, which indicates that 

the frequency of data collection has an impact on the effectiveness and efficiency of 

decision-making, is most likely established in the manufacturing industry in the context 

that the measured product cannot withstand high-frequency collection, so data in 

other domains must be more accurate; industries with a low tolerance for errors; 

or requiring real-time monitoring. As shown in Table 4-22 The summary of the 

frequency of data collection-manufacturing. 

However, in the service industry case studies, almost all data comes from online sources, 

and all data are system detected and are collected so long as the system is detecting, 

such that no data are missed during collection. This is a characteristic of online data. In 

the service industry, the timely collection and analysis of data is very important, 

because it can react to adjust service provision in real time. For example, S1 must 

collect and analyze data for the bidding platform in enough time to immediately give 

bidding suggestions to advertisers. S2 analyzes each end-user’s clicking and browsing 

to understand the given user’s behavior. S3 immediately reflects to the user whether a 

given credit card transaction is fraudulent. Therefore, based on case analysis, 

proposition 3 is the best founded for the service industry in contexts that require real-

time response and adjustment of service provision. As shown in Table 4-23 The 

summary of the frequency of data collection-service.



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

DOI:10.6814/NCCU202100884

72 

 

Table 4-22 The summary of the frequency of data collection-manufacturing 

Industry  Manufacturing 

Company M1 M2 

Domain Wafer Transportation  Gas  Coal 
Raw material 

of cement 

Kiln 

operation 
Gas  

Frequency   X O O     

The conditions 

of establishing 

proposition3 

The measured product cannot withstand 

high-frequency collection, so data in other 

fields must be more accurate; industries 

with a low tolerance for errors. 

Require real-time monitoring. 

Table 4-23 The summary of the frequency of data collection-service 

Industry  Service  

Company S1 S2 S3 

Domain Advertiser 
Bidding 

platform  
Market  

Platform 

competitors 

End-user 

behavior 

Advertisement 

browsing and 

clicking 

Credit card 

transaction  

Financial-

related service 

User 

information 

Frequency  
Sales driven, 

Event driven 

System 

detected 

Sales driven, 

Event driven, 

System 

detected 

Push-

notification 

driven 

System 

detected 

System 

detected 

Transaction 

detected 

Transaction 

detected 

System 

detected 

The 

conditions of 

establishing 

proposition3 

Require real-time response and adjustment of service provision. 

O: both collection and analysis are necessarily as comprehensive as possible, X: both collection and analysis are not necessarily as comprehensive as 

possible, : The collection needs to be comprehensive, but the analysis does not need to be comprehensive.
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4.3.5 Length of data collection 

In the manufacturing industry case studies, for M1, because the transportation and gas domains 

are the main data sources for the model, it is necessary to collect data occurring on the route as 

comprehensively as possible to improve the accurate of the model. If the wafer data do not 

appear in large amounts or have an abnormal or complex pattern, the length that must be 

collected and analyzed becomes extended to half a year because it need longer time to gather 

enough data and discover the data pattern. For M2, the length of each domain must be collected 

as long as possible, it is necessary to fully understand all the operating conditions of the factory 

in relation to environmental and equipment factors including shutdowns, equipment 

adjustments, types of coal, and so on that can cause different operational results. Therefore, 

based on case analysis, proposition 4, which indicates that the length of data collection has an 

impact on the effectiveness and efficiency of decision-making is likely well established in the 

manufacturing industry in contexts where there are little data; the pattern of data is complex; 

the data are the main source of the decision; or the results may be affected by 

environmentally and equipment factors. As shown in Table 4-24 The summary of the length 

of data collection-manufacturing. 

In the service industry, the S1 case study collects long length data on the bidding platform 

domain because the company incorporates numerous decisions and various features must be 

made and proposed. Therefore, even if a decision uses only part of the collected data, it is 

necessary to collect long length data for other decision-making needs. In S2, it is shown that a 

certain analytical length of data can be used understand the habits of end-users in each season, 

but an analytical goal is to compare the changes in end-user habits each year, so a longer 

collection length is required. For S3, the decision of the analyzed length is based on the amount 

of data. For larger amounts of data, the analytical length can be shorter, and vice versa. For 

example, the forecast for fraudulent credit card transactions forecast is classified as large 

amount of data, so it only needs to analyze 1 month’s data to have tens of millions of data points 

for transactions; however, when analyzing the consumption habits of a user, the amount of data 

is relatively small, because the transactions produced by a user are limited, so a company 

generally analyzes 1 year’s data. Therefore, based on case analysis, proposition 4 is most likely 

well established in the service industry in contexts where the types of decisions are diversified, 

long length data are used for subsequent analysis; changes in user habits are compared; 

or the amount of data is small. As shown in Table 4-25 The summary of the length of data 

collection-service.
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Table 4-24 The summary of the length of data collection-manufacturing 

Industry  Manufacturing 

Company M1 M2 

Domain Wafer Transportation  Gas  Coal 
Raw material of 

cement 

Kiln 

operation 
Gas  

Length   O O O O O O 

The conditions 

of establishing 

proposition4 

There are little data, the 

pattern of data is complex. 

The data are the main 

source of the decision. 

The results may be affected by environmentally and 

equipment factors. 

 

Table 4-25 The summary of the length of data collection-service 

Industry  Service  

Company S1 S2 S3 

Domain Advertiser 
Bidding 

platform  
Market  

Platform 

competitors 

End-user 

behavior 

Advertisement 

browsing and 

clicking 

Credit card 

transaction  

Financial-

related service 

User 

information 

Length  -  - - O O   - 

The conditions 

of establishing 

proposition4 

The types of decisions are diversified, long 

length data are used for subsequent analysis. 

Changes in user habits are 

compared. 
The amount of data is small. 

O: both collection and analysis are necessarily as comprehensive as possible, X: both collection and analysis are not necessarily as 

comprehensive as possible, : The collection needs to be comprehensive, but the analysis does not need to be comprehensive, -: N/A.
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4.3.6 Quantity of data collection 

The quantity of data analyzed in both the manufacturing and service industries is less 

than the quantity collected, because the huge quantity of data must be collected for 

subsequent diversified analysis and decision-making. Moreover, in S2, the accuracy of 

the data is more helpful for decision-making than quantity.  

The method to not using huge quantity of data for M1 is that the analyst first performs 

EDA to shave off some unimportant fields; for S3, the analyst may give weight to 

transactions that have already been identified as fraudulent. Therefore, using case 

analysis, the proposition 5, which indicates that the quantity of data collected has a 

positive impact on the effectiveness and efficiency of decision-making is most likely 

well established in manufacturing and service industry in contexts where the types of 

decisions are diversified, and huge quantity data are used for subsequent analysis. 

As shown in Table 4-26 The summary of the quantity of data collection-manufacturing 

and Table 4-27 The summary of the quantity of data collection-service.
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Table 4-26 The summary of the quantity of data collection-manufacturing 

Industry  Manufacturing 

Company M1 M2 

Domain Wafer Transportation  Gas  Coal 
Raw material 

of cement 
Kiln operation Gas  

Quantity         

The conditions 

of establishing 

proposition5 

The types of decisions are diversified, and huge quantity data are used for subsequent analysis. 

Alternative 

method 
EDA   

 

Table 4-27 The summary of the quantity of data collection-service 

Industry  Service  

Company S1 S2 S3 

Domain Advertiser 
Bidding 

platform  
Market  

Platform 

competitors 

End-user 

behavior 

Advertisement 

browsing and 

clicking 

Credit card 

transaction  

Financial-

related service 

User 

information 

Quantity            

The conditions 

of establishing 

proposition5 

The types of decisions are diversified, and huge quantity data are used for subsequent analysis. 

Alternative 

method 
  Add weight to important data 

O: both collection and analysis are necessarily as comprehensive as possible, X: both collection and analysis are not necessarily as 

comprehensive as possible, : The collection needs to be comprehensive, but the analysis does not need to be comprehensive, -: N/A. 



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

DOI:10.6814/NCCU202100884

77 

 

4.3.7 Regeneration of data characteristics 

This study found that in the service industry and the manufacturing industry, whether 

the data can be regenerated does not affect the quality of data collection and analysis. 

In practice, all data are collected for subsequent analysis because it is best for 

companies to use original data. For example, wafer data collected in M1, bidding 

platform data collected in S1, and all of the data for M2, S2, and S3 are the internal data 

collected by the company, which incurs no cost in obtaining them. Moreover, if the data 

reflect user preferences, such as in the S2’s and S3’s data, they are not regenerated, 

because this may lead to inaccuracy. However, the interviewee for S3 stated that the 

only data that the company would regenerate is image data, such as ID card 

identification, as image processing is thwarted by obstacles, the system must know the 

changes in angle for the same picture and clearly identify the position of the text in the 

image. Thus, this seems to be a challenge for data collecting and can lead to financial 

difficulties and waste of manpower. 

Therefore, based on case analysis, proposition 6, which asserts that the regenerability 

of collected data can moderate the relationship between data-collection quality and 

decision-making quality is most likely established in the manufacturing and service 

industry in the context that the data is acquired at high cost and is image data. As 

shown in Table 4-28 The summary of the regeneration of data collection-manufacturing 

and Table 4-29 The summary of the regeneration of data collection-service.
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Table 4-28 The summary of the regeneration of data collection-manufacturing 

Industry  Manufacturing 

Company M1 M2 

Domain Wafer Transportation  Gas  Coal 
Raw material 

of cement 

Kiln 

operation 
Gas  

Quantity  X - - - - - - 

The conditions 

of establishing 

proposition6 

The data is acquired at high cost and is image data. 

 

Table 4-29 The summary of the regeneration of data collection-service 

Industry  Service  

Company S1 S2 S3 

Domain Advertiser 
Bidding 

platform  
Market  

Platform 

competitor

s 

End-user 

behavior 

Advertisement 

browsing and 

clicking 

Credit card 

transaction  

Financial-

related service 

User 

information 

Quantity   - X - - - - - - - 

The conditions 

of establishing 

proposition6 

The data is acquired at high cost and is image data. 

 X: not affect the quality of data collection, O: may affect the quality of data collection, -: N/A 
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4.3.8 Depreciation of data characteristics 

The depreciation of the data in the manufacturing industry is inconsistent between case 

studies: M1 and M2 showed differences here. Regarding the quality factor of frequency, 

M1’s transportation and gas data depreciate more rapidly than wafer data, so the 

interviewee for M1 hopes to increase the frequency of collection; however, the data for 

M2 depreciate relatively slowly but it is hoped to increase the frequency of data 

collection to avoid losing data accuracy, a factor that has nothing to do with the 

depreciability of the data. However, in the service industry, because the collected 

frequency in all cases are system detected, this figure will likely not change due to the 

depreciability of the data. The frequency of data collection represents the accuracy of 

the data, such that the timelier the collected data is, the better that it can reflect the 

situation and the lower distortion. Therefore, based the case analysis, this study finds 

that the frequency of data collection is most likely affected by accuracy and the 

depreciation rate, but the depreciation rate does most likely not affect the 

frequency of data collection. As shown in Table 4-30 The summary of the 

depreciation of data collection-manufacturing. 

For the length of data collection, whether the industry is manufacturing or service, the 

depreciability of the data affects the length of data collection or the length of data 

analysis. For example, for M1, the depreciation of the data on the wafer is a half-year 

to 1 year, which is the product life cycle of the wafer, so the length of collection and 

analysis matches the depreciation rate; in addition, for M2, the depreciation of the kiln 

is 2 to 3 years, which is the life cycle of the kiln. Even though the length of the analysis 

data is 1 year, which is not equal to the length of data collection, the interviewee 

indicated that 1 year is also the life cycle of a kiln, as it accounts for much of the full 

operational condition of a kiln before renovation. Moreover, both S1 and S2 change the 

length of data analysis due to the timeliness and seasonality of services or products. 

However, the analysis length of S3 is not affected by the depreciability of the collected 

data, as all none of the data are deprecated, as the laws of Taiwan require banks to 

permanently collect every transaction. Therefore, from the case analysis, this study 

found that the depreciability of data most likely affects the length of data analysis, 

and the length of the data collection is most likely affected by depreciation and 

local regulations in both the manufacturing and service industries. As shown in  

Table 4-31 The summary of the depreciation of data collection-service.



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

DOI:10.6814/NCCU202100884

80 

 

Table 4-30 The summary of the depreciation of data collection-manufacturing 

Industry  Manufacturing 

Company M1 M2 

Domain 
Wafer Transportation  Gas  Coal 

Raw material 

of cement 

Kiln 

operation 
Gas  

Frequency  X O O X X X X 

Length O O O O O O O 

 

Table 4-31 The summary of the depreciation of data collection-service 

Industry  Service  

Company S1 S2 S3 

Domain 

Advertiser 
Bidding 

platform  
Market  

Platform 

competitors 

End-user 

behavior 

Advertisement 

browsing and 

clicking 

Credit card 

transaction  

Financial-

related service 

User 

information 

Frequency    - X - - X X X X X 

Length - O - - O O X X X 

X: not affect the quality of data collection, O: may affect the quality of data collection 
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4.3.9 Summary  

According to the cross-case analysis, this study found that the quality factors of data 

collection may affect the quality of data collection on decision-making in the 

manufacturing and the service industry but under certain conditions. Because, the 

decisions of manufacturing and service industry are divergent, the conditions of 

establishing propositions may also be different. The only thing that is the same is both 

industries need the insights from big data to make effective and efficient decisions. 

Hence, this study has summarized the conditions of establishing propositions with 

manufacturing and service industry shown in Table 4-32. 
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Table 4-32 The conditions of establishing propositions  

Proposition 

The quality 

factors of data 

collection 

The conditions of establishing propositions 

Manufacturing Service 

1 Domain 

The measured product is restricted 

and the sampling inspection is 

randomly conducted; or due to the 

relationship of the organization’s 

structure, data analysts cannot 

actually contact those in roles that 

directly function on-site. 

the decision-making is very 

diversified, even if the problem is 

the same, the output will be very 

different depending on the type of 

customer requirements; it need to 

customize the service; or requiring 

to train the prediction AI model. 

2 Source 

The measured products are 

meticulous; or the amount of output 

is very large and the required 

machinery is gigantic. 

the domain data are external, and it 

can only get one-sided information; 

it wants to understand market 

trends and customized services; its 

customer and service are 

diversified; or requiring to train the 

prediction AI model. 

3 Frequency 

The measured product cannot 

withstand high-frequency collection, 

so data in other domains must be 

more accurate; industries with a low 

tolerance for errors; or requiring 

real-time monitoring. 

Require real-time response and 

adjustment of service provision. 

4 Length 

There are little data; the pattern of 

data is complex; the data are the 

main source of the decision; or the 

results may be affected by 

environmentally and equipment 

factors. 

The types of decisions are 

diversified, long length data are 

used for subsequent analysis; 

changes in user habits are 

compared; or the amount of data is 

small. 

5 Quantity 
The types of decisions are diversified, huge quantity data are used for 

subsequent analysis. 

6 Regeneration The data is acquired at high cost and is image data. 

7 Depreciation 

The frequency of data collection is most likely affected by accuracy and 

the depreciation rate, but the depreciation rate does most likely not affect 

the frequency of data collection. 

The depreciability of data most likely affects the length of data analysis, 

and the length of the data collection is most likely affected by depreciation 

and local regulations in both the manufacturing and service industries. 
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Chapter 5:  Conclusion 

5.1 Research summary 

This study makes an important contribution to the big data literature by assessing 

quality factors in data collection and discussing the conditions of the collection of 

comprehensive data. This research is guided by these research questions: what are the 

factors that can affect the quality of data collection on business decision-making, 

and what are the impacts of the quality factors of data collection on decision 

making? In a literature review, seven factors are identified, namely, domain, source, 

frequency, length, quantity, regeneration and depreciation; the first five of these bears 

on the quality of the data collection, and last two reflect characteristics of the data, and 

corresponding propositions are also proposed. Through multiple case studies research 

methods, the above factors are confirmed to affect the quality of data collection on 

decision-making, addressing research question 1. 

In theory, the more comprehensive the data that is collected and analyzed, the better it 

can be used not only to perceive opportunities and threats but also as a basis for 

decision-making, to obtain new insights, and generate intelligence and evidence to 

support companies’ effective and efficient decisions (Mikalef et al., 2020). The findings 

of this study support this, especially in relation to comprehensive data collection and 

analysis, as well as in one of the 5V features of big data, Volume, which indicates that 

the amount of big data should be extremely large. A large amount of investment in the 

collection and analysis of big data may be a prerequisite for realizing great returns, but 

in practice, it is difficult for companies to store and manage large amounts of data, 

especially at large volumes and with high veracities and velocities of data. Therefore 

Sivarajah et al. (2017) proposed six critical questions for big data, including the 

statement that “Bigger data are not always better data.” In previous research, many 

scholars have proposed the concept of big data and small data, indicating that big data 

analysis is not always necessary, and small data can support good decisions. However, 

few studies have shown how should conduct appropriate data collection, indicating 

when comprehensive data are needed, and when they are not. In practice, companies 

have different data collection and analysis departments, and gaps in communication 

also appear. This study addressed this problem from a practical point of view, finding 

that comprehensive data is helpful for decision-making, but not all decisions require 
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comprehensive data. The seven propositions mentioned earlier in this study are all valid 

but under certain conditions, so the second research question is answered. 

5.2 Managerial implication 

The findings of this study are not only the quality factors of data collection, but also 

summarizes the results mean in terms of actions. First, the business awareness of data 

analysts in the service industry, and the manufacturing knowledge of data analysts in 

the manufacturing industry are important because if data analysts don’t have relate 

knowledge or awareness, company is likely to become blind, since the data analyst does 

not know what kind of logic to analyze the data, and the company’s decision maker 

neither get valuable opinions. Hence, in the service industry, data analysts need to 

communicate frequently with the sales and know the latest business situation. If they 

can be in a team, it will be the best. For example, one of S1's data collection sources is 

sales, and S2's organizational culture is to combine data analysts with sales, so that they 

can know the market trend and customers’ opinion. In addition, in the manufacturing 

industry, data analysts also need to communicate with on-site operators. Otherwise, the 

same situation as M2 will happen, it is necessary to collect more domains data and 

conduct interviews with experienced executives to understand which data are 

meaningful. Although the decision of M2 can be completed in the end, it is not efficient 

enough and increases the cost of data management. 

Second, companies must know that in what situation the data will be valuable when 

collecting data. If companies can't figure it out today, it will be even more impossible 

in the future. Many companies will make a mistake in the thinking of data collection, 

that is, “collect it first, and it will definitely be used in the future.” However, in reality, 

no company has the ability to collect data endlessly, even if a company with successful 

big data capability will also hard to reach, and need to set up data governance plan. For 

example, S1 will periodically delete unused data, and M2 and S2 will set data retention 

period to reduce the cost of data management. The more diversified the business, the 

more the decision makers need to know which are valuable data when collecting, and 

set up data collection strategies. 
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5.3 Theoretical implication 

In today's academia, many benefits of big data have been proposed. This has contributed 

to the research in the field of big data, but big data is more conceptualization in 

academia. This research provides operationalization to some extent, provides practical 

possibilities to add diversity to the field of big data in academia.  

In the cases of this study, there are listed the methods of data collection in each case, 

and alternative methods that point out that some cases do not need to collect 

comprehensive the quality factors of data collection but have effective and efficient 

decision-making. For example: S1 does not need to collect comprehensive domains 

data to accumulate good features, its alternative method feature target first, then collect 

the data that can verify the feature; the method to not using huge quantity of data for 

S3 is that analyst may give weight to transactions that have already been identified as 

fraudulent. Hence, this study not only proposes operationalization for academia, but 

also provides guidelines for companies to collect data. 

5.4 Research contribution 

First, this study shows that quality factors in data collection affect decision-making, 

where quality factors are domain, source, frequency, length, quantity, regeneration, and 

depreciation. Second, this study explores hierarchical questions, indicating the 

conditions under which the comprehensiveness of the quality factors of data collected 

impact the effectiveness and efficiency of decision-making, and the contexts under 

which the data characteristics of the collected data can moderate the relationship 

between data collection quality and decision-making quality.  

To address these questions, this study analyzes five cases of successful companies and 

considers the gaps between the collection and analysis departments in practice. Finally, 

it concludes that the quality factors in the data collection show different performance 

in the manufacturing and service industries and then presents a proposal for appropriate 

data collection. This study may develop into a measurement standard and guideline for 

enterprises in data collection and analysis. 

5.5 Limitation and future research 

The contributions of this study are constrained by a number of limitations that future 

research should seek to address. First, although this study incorporated significant 
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quality checks for each case, the possibility of deviation cannot be ruled out. The 

experience of data analysis in company may affect the answer to the question, so the 

interpretation may vary depending on the interviewee. This study remedies this by 

consulting employees who can also answer questions in the organization, but it can only 

reduce the differences to a single case. For multiple cases, there will be differences due 

to organizational culture. 

Second, the cases in this study are drawn from five companies in the manufacturing and 

service industries and so can represent only a small part of global industry. There are 

many other successful companies around the world that use big data analysis. In 

addition, the companies in this study are all large-scale enterprises and have a complete 

data structure; their information infrastructure and decision-making types are relatively 

stable. The summarized results may not be suitable for SMEs. Thus, more diverse case 

studies are needed in the future. 
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Appendix 1: Questionnaire  

Part 1. Questions about implementing big data 

1. How many years has your company implemented Big Data analysis? 

2. Could you please describe the functions of your department?  

3. What are the decisions supported by big data analysis? 

4. Base on each decision please describe the process of big data analysis in each 

process.  

5. How did you collect data from different sources?   

Part 2. Questions about the quality of data collection 

Part 2-1 Domain of data collection (decision one by one) 

1. Base on each decision what domain of data do you collect? 

2. Why did you collect those domains? 

3. How can this domain of data help with decision-making? Please give example. 

4. Do you think that those domains of collected data sufficient enough for 

effective and efficient decision making? 

a. Why do you think this is not enough? 

i. How can this situation be improved? 

b. Do you think this domain of collected data are more than enough?  

i. Is there any domain that can be removed from the data source? 

Why? 

5. Do you think you collect incomplete domain of data for each decision? Why? 

Part 2-2 Source of data collection 

1. Base on each domain what source of data do you collect? 

2. Why did you collect those sources? 

3. What are the details in each source of data?  

4. Can those sources of data be regenerated by artificial intelligent algorithm? 

5. How quickly are these data obsolete? 

6. How can these sources of data help with decision-making? Please give 

example.  

7. Do you think that those sources of collected data sufficient enough for 

effective and efficient decision making? 

a. Why do you think this is not enough? 
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i. How can this situation be improved? 

b. Do you think this domain of collected data are more than enough?  

i. Is there any domain that can be removed from the data source? 

Why? 

8. Do you think you collect incomplete source of data for each decision? Why? 

Part 2-3 Frequency of data collection 

1. Base on each source how frequency of data does you collect? 

2. Why did you decide to use this frequency to collect each source of data? 

3. How can this frequency of data help with decision-making? Please give 

example. 

4. Do you think that this frequency is enough to make effective and efficient 

decisions? 

a. Why do you think this is not enough? 

i. What will you do if it is not enough? 

b. Will it be too much if it is enough?  

i. Can some be reduced? Why? 

5. Do you think you collect insufficient frequency of data for each decision? 

Why? 

Part 2-4 Length of data collection 

1. How long do you collect data in each source in order to make decision? 

2. Why did you decide to use this length to collect each source of data? 

3. How can this length of data help with decision-making? Please give example.  

4. Do you think that this length is enough to make effective and efficient 

decisions? 

a. Why do you think this is not enough? 

i. What will you do if it is not enough? 

b. Will it be too much if it is enough?  

i. Can some be reduced? Why? 

5. Do you think you collect insufficient length of data for each decision? Why? 

Part 2-5 Quantity of data collection 

1. Base on each source what quantity of data does you collect? 

2. Why did you decide to use this quantity to collect each source of data? 

3. How can this quantity of data help with decision-making? Please give 
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example.  

4. Do you think that this quantity is enough to make effective and efficient 

decisions? 

a. Why do you think this is not enough? 

i. What will you do if it is not enough? 

b. Will it be too much if it is enough?  

i. Can some be reduced? Why? 

5. Do you think you collect insufficient quantity of data for each decision? Why? 

 


