
 

Abstract—Data analytics, specifically knowledge discovery 

through data mining has received much attention from industry 

in recent years. However, much of this attention is mostly 

focused on implementations in large organizations. This paper 

discusses the importance of data mining in the context of small 

to midsized organizations through a brief case study. The paper 

begins by providing a description of data mining, who or what 

organizations are involved in data mining, and why data mining 

is important.  Next, this paper describes the successful use of 

Excel and Visual Basic for Applications to support the data 

mining of automated test software log files at a local mid-sized 

manufacturer that is suffering from budgetary constraints and 

lack of management support. In describing the challenges and 

the means by which analytics were implemented within the 

organization, the paper attempts to present a means by which a 

small to medium business can successfully adopt data mining 

within the organization. 

 

Index Terms—Data analytics, data mining, small to medium 

business, visual basic, resource constraints. 

 

I. INTRODUCTION 

For the past two decades, organizations have faced an 

unprecedented influx of data from originating from various 

sources and stakeholders. Fueled by advances on the Web, 

the explosion of data volumes within organizations have led 

to greater sophistication in data analytics solutions available 

to organizations [1]. Many vendors provide powerful and 

industrial level analytics solutions to satisfy large corporate 

data needs. Specifically data mining tools are used to find 

hidden, valid and actionable information for decision making. 

Small to medium businesses (SMB) have also amassed data 

but are unable to use analytics and data mining tools to gain 

insights they need to effectively run their organizations [2]. 

SMBs view these solutions as too complex and/or 

expensive. According to a 2011 survey of small to medium 

business, more than a quarter of SMBs indicated that getting 

better insights from data currently within the organization is a 

top technology challenge in this space [3]. The same survey 

further revealed that the smaller the company, the less likely 

they are to use or plan to use analytics/mining solutions. 

Often times, these organizations find themselves building 

custom solutions to solve their data mining needs than 

adopting complex resource intensive vendor tools [4]. The 

value proposition of implementing data mining solutions in 
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SMBs continues to rise as its benefits to large corporations 

become established.  

Data mining is more frequently used each year in large 

organizations as more data warehouses are constructed to 

capture the increasing volumes of data generated by devices 

and services [5]. These growing volumes of data are 

employed by a wide variety of industries and organizations 

for the purpose of Knowledge Discovery in Databases 

(KDD). Small to medium organizations stand to gain 

immensely by integrating data mining and KDD into its data 

analytics arsenal. In order to shed more light on the use of 

data mining in SMBs, this paper reviews three questions. 

They are: (1) what is data mining and KDD? (2) Who uses 

data mining? And finally (3) why should data mining be 

performed?  After discussing the three questions, the paper 

provide a brief example of an SMBs efforts to begin data 

mining in its organization‟s growing volume of test log files 

using existing commercially available software applications.   

 

II. DATA MINING 

Data mining is succinctly defined as “the science of 

extracting useful information from large data sets or 

databases. Its fundamental objective is to provide insight and 

understanding about the structure of the data and its 

important features.”[6] The two goals of data mining are to 

describe and summarize information, and to attempt to 

predict future behavior.  Knowledge Discovery in Databases 

(KDD) “refers to the overall process of discovering useful 

knowledge from data” [7] using data mining as a step in this 

process.  Data mining describes the general methods used to 

extract useful and actionable knowledge from databases. 

Three general steps are typically involved in the data mining 

process [8]. First, the data must be integrated, cleaned and 

enhanced before processing. This means that the fields in the 

data are relevant to each other, and are valuable.  Second, 

algorithms, or data mining methods, must be applied to the 

data. Some of these data mining methods include 

classification (mapping data into pre-defined classes), 

regression (associating data to a variable for the purposes of 

prediction), clustering (identifying categories of data), 

dependency modeling, change deviation detection, and 

summarization. Summarization is a basic method of data 

mining which describes applying statistical methods to data, 

such as calculating means, standard deviations, minimums, 

etc. This data mining technique applied in the case example 

provided later in this text.  Third, the data mining results must 

be validated and evaluated before knowledge discovery 

begins so that results can be applied effectively. 
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Once data mining is defined, who uses data mining and 

knowledge discovery should be addressed. A wide and 

growing variety of industries and organizations use data 

mining and knowledge discovery. The group includes credit 

card companies, telemarketing and direct marketing firms, 

airlines, insurance companies, retailers, and financial 

services and banking companies [9]. Banking and finance use 

data mining to model and predict fraud, evaluate risk, and 

analyze profitability. Telephone companies became early 

adopters of data mining mostly because they have large 

amounts of quality data, mostly in the form of call records, 

which enabled them to extract useful information from 

customers more quickly than other industries [10]. In recent 

years, scholars, journalists, and intelligence analysts have 

been employing data mining techniques on text files for 

knowledge discovery purposes.  This includes analyzing 

large text books, speeches, and phone call transcripts to 

ascertain patterns and insight [11]. Data mining techniques 

are also being used by software developers to test for the 

correctness of output in new releases of software [12]. Lastly, 

various manufacturing companies use data mining to 

determine appropriate process control parameters and 

improve the quality of every product, not just a sample [13]. 

The manufacturing industry subset using data mining 

includes aluminum processors, semi-conductor 

manufacturers, electronic assembly and circuit board 

companies, biotechnology and chemical processing 

companies, healthcare organizations, and pharmaceutical 

companies. 

Finally, to discuss the value of data mining, the question 

why should data mining be performed is discussed. In the 

context of organizations described above, data mining is used 

for knowledge discovery, and to gain insight to assist in 

better decision making. The goal of insight and better 

decision making is to derive economic benefits such as 

organizational cost savings and increased competitiveness. 

Others reasons for performing data mining include:  adding 

value to an existing data warehouse, solving a research 

bottleneck, and increasing operational efficiency [9]. 

Another reason why data mining should be performed is 

related to the sheer volume of data being generated. In the 

past, experts in the industries mentioned above became 

intimate with the data in their field by constantly and 

laboriously reviewing and analyzing data to come up with 

solutions to problems [14]. Since data volumes have 

increased exponentially, it is now impractical to be an expert 

analyst without utilizing data mining and knowledge 

discovery. It is interesting to note that the legal profession 

struggles with data mining electronically stored information, 

such as e-mail transactions, during the discovery phase of 

litigation [15]. 

Historically, the what‟s, whose and why‟s of data mining 

have pertained to large organizations dealing with large 

volumes of data. The impact and implications of data mining 

on small to mid-size organizations with limited resources is 

less well known. More research is needed to understand how 

small to mid-sized organizations effectively and affordably 

gain insight and knowledge discovery from growing volumes 

of data. 

III. CASE BACKGROUND 

In order to provide a contextual background for use and 

benefits of data mining for small to midsized organizations, 

the process flow of a product from a mid-sized 

manufacturing company in Midwest Ohio in the United 

States is described. After assembly but prior to shipment, the 

product unit of the organization is subjected to a series of 

tests with the purpose of recording various performance 

parameters, and ensuring proper functionality.  In the recent 

past, product testing within the organization was conducted 

and recorded manually. Test results were recorded by 

technicians on sheets of paper and placed in a manila folder, 

which was subsequently stored in a filing cabinet. As a 

consequence, product testing was labor intensive and test 

results were subject to operator recording errors. Also, the 

performance data collected was not easily accessible and 

comparing recent performance data to past performance data 

was, if performed at all, a very laborious task. In an effort to 

increase testing efficiency, in-house software was developed 

to automate product testing. 

Currently, technicians using the automated test software 

navigate through a user interface to select appropriate test 

parameters, and then allow the software to do the rest. It is 

worth noting that the length of these tests can be anywhere 

between five and twenty four hours. At the conclusion of 

testing, technicians are presented with a simple Pass or Fail 

test result on the user interface. Results are still recorded 

manually, but labor hours are significantly reduced, and 

testing throughput dramatically increased.  In addition to the 

Pass/Fail test results, the automated test software also 

generates result files that contain additional information 

about product performance.  Specifically, four files are 

generated for every test: a text file that describes the 

configuration of the test, a text file that records 

communication between the test software and the product, a 

comma separated variable file that records one specific 

product parameter, and a test log file.  The test log file is a 

40+kilobyte text file containing over 500 lines of text that 

captures various test parameters and performance results, 

each line of text with a time/date stamp. Typically, test log 

files are not reviewed unless the test result is Fail. At present, 

the organization examines the test results and parameters 

only in reference to failure reports. It is not analyzed or 

recorded for data comparison purposes. 

 

IV. AN OPPORTUNITY (WHAT CAN BE DONE BETTER?) 

Though automated testing has greatly improved test 

efficiency and throughput, a great amount of valuable 

information is not being reviewed, or mined, for the purpose 

of knowledge discovery. The organization could potentially 

gain valuable insights by capturing and organizing both the 

passing and failing units information contained in the test log 

files for each product tested. Capturing and comparing 

product parameters and performance results enable members 

of the manufacturing team to perform, at the very least, the 

data mining method of summarization [7]. That is, 

determining arithmetic means and standard deviations to 

product performance results. Once summarization is 

established, products can have their test results 
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cross-referenced. This enables members of the 

manufacturing team to monitor changes in performance over 

time and, gain insight into units that are returned for warranty 

work. 

The primary reason the organization has failed to adopt 

mining methods is time and budgetary constraints. The 

automated test software developed originally had a time and 

money limitation attached to it. The first goal of the software 

developer was to automate the testing. The automated test 

software was not developed with data collection or analysis 

in mind. To further develop the software required a 

significant investment, which was not identified as a 

management priority at the time. Proving an acceptable 

return on investment for further software development can be 

very difficult within a midsized organization where resource 

constraints can be higher than larger organizations. Gaining 

management support for this data mining initiative would 

also be very difficult. As with other IT infrastructure 

implementations, further development without the support of 

management leads to a high failure rate [16]. Furthermore, 

the company experienced a lack of employee buy-in within 

the production team which further discouraged successful 

implementation [17]. These potential end users did not see 

the benefits of data mining, nor demand its implementation. 

Another barrier to the data mining is sociopolitical in nature. 

Collecting, summarizing, and analyzing information could 

shed light on production problems. While from a rational 

perspective of the organization, one may assume that 

identifying production problems is a laudable goal. In 

practice, however, this information tends to put focus on the 

poor performance of certain manufacturing groups and their 

managers. Many managers object to initiatives that draw 

negative attention. This is a sociopolitical reality at many 

organizations. 

 

V. AN ALTERNATE SOLUTION 

While the value of using a basic data mining technique is 

evident, data mining and knowledge discovery is currently 

not encouraged or practiced within the organizations. 

Resource constraints and management support have 

prevented the adoption of vendor data mining tools. Instead, 

the organization can use existing “best-in-breed” applications 

currently used within the organization such as Microsoft 

Excel and Visual Basic for Applications (VBA) to 

accomplish data gathering and analysis [18]. VBA is the 

structured programming language for Microsoft Office 

products, including Excel, that uses familiar „for….Next‟ 

loops and „If….Then….Else‟ statements [19]. Using VBA 

with Excel can be a relatively easy and inexpensive method 

for data mining test log files for products in process, or for 

data mining existing test log files. 

 

VI. METHOD 

The method for data mining the test log files is presented in 

block diagram of Fig. 1 in the Excel application environment, 

a program written in VBA is launched by the user. 

Consequently, a file dialog box launches that prompts the 

user to navigate to the folder location of the test log file. Once 

selected, the VBA program reads each individual line of text 

in the test log file, searching for pre-determined parameters 

and test results. Once discovered, the parameters and test 

results are written to the Excel spreadsheet. From this point, 

summarization and analysis can begin regarding the 

product‟s performance. 

 
Fig. 1. Using Excel and VBA. 

 

A. Data Analysis Examples 

Some examples of code and results from the organization 

are described next. The code examples and text have been 

cleansed and recreated using original code and spreadsheet 

results. The reason for this manipulation is to prevent the 

description of proprietary test results and specific test 

methodologies. The VBA code written for this application 

was specifically developed to be manipulated by novice 

programmers/users. Small to midsized manufacturing 

organizations may not have the necessary knowledge or skills 

in-house to program and manipulate such applications. 

Currently, the Web presents various resources which provide 

general examples of code for novice programmers [20]. It is 

no longer necessary to re-invent the wheel to develop the 

VBA code. Fig. 2 displays the sample code for the file dialog 

box. Fig. 3 displays a sample of the code used to capture data 

from the test log file. The VBA code uses simplistic 

„If….Then‟ statements to find pre-determined results 

(labeled generically as R1, R2, R3, etc.) defined in the Excel 

spreadsheet. Fig. 4 displays the results of the data collected in 

the Excel spreadsheet. Each row in the spreadsheet represents 

the test results of one unit. Fig. 4 displays sixteen of the thirty 

one results that were collected for each unit tested.  Note that 

this collection includes passing and failing examples (see row 

six, column O). 

 

 
Fig. 2 File dialog picker code 

B. An Example of Using Data Collected 

Once the data has been collected and organized it becomes 

much easier to apply statistical methods to the test results, 

such as correlation, probability distribution, regression, 

standard deviation, means, etc. This data may also be cross 

referenced against existing data to solve various 
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manufacturing issues. For instance, the midsized 

manufacturing company noticed that various units were 

failing automated testing due to one particular test result. 

Intuition led the production team to review a series of suspect 

components. The initial method of investigation was to 

manually search each unit‟s paper work in order to obtain 

component serial numbers and then correlate those serial 

numbers to the unit‟s performance. Once the suspect 

components were identified and re-worked, the units were 

sent back to automated testing. Members of the production 

team were notified that automated test results were being 

captured and organized using the Excel/VBA application 

described above. The production team was able to easily and 

very quickly, verify that all problem units had been identified, 

re-worked, and successfully tested. The team realized that 

Information did not have to be “dug up” from the paperwork 

as stated by a team member. This enabled the production 

team to wrap up the investigation very quickly. However, the 

team also realized that difficulty in assessing he 

return-on-investment to management of the mining technique 

used. The speed in which the investigation was concluded 

cannot easily be calculated. “All we could say is that it saved 

hours” stated a team member. Nevertheless, after realizing 

the value of using the Excel/VBA application to gather 

information and act on it, four other product lines started 

using variations of this application to capture product 

specific test results for both passing and failing units.  The 

midsized manufacturing organization continues to adopt and 

innovate in their data mining and data analytics efforts within 

the constraints that they currently have.  

 

 
Fig. 3. Sample of VBA code. 

 

 
Fig. 4. Results written to Excel. 

VII. CONCLUSION 

The short case study described above illustrates a very 

basic use of the data collected from the automated test 

software test log files that yielded significant results. The 

organization has yet to experiment with the application of 

more sophisticated data mining techniques to the information 

captured. The question remains for the organization as to 

how many ways can the production process be positively 

impacted by data mining the test log files of the automated 

test software. This effort has just begun at this midsized 

manufacturing organization. They would need to be mindful 

of the impact of continuously logging test results as time goes 

on. A strategy for organizing and storing the data must be 

developed [18]. Once enough data has been gathered and 

analyzed, a critical mass may finally be achieved which helps 

managers justify the expenditures necessary to develop more 

sophisticated automated test software. Until that time, the 

organization will continue to use an Excel/VBA application 

will continue to serve as the necessary, beginning approach 

for data mining and knowledge discovery within the 

organization. 

Knowledge discovery maybe in its infancy in small to 

midsized manufacturing organizations as they slowly begin 

to understand the value of data mining and analytics to 

successfully managed business operations. While 

sophisticated business applications maybe out of reach from 

small to midsized organizations, it is prudent to be creative in 

adopting analytics to assess current operations whenever 

possible. Overtime, it would be possible to see the soft, often 

intangible, the return on investment from using analytics that 

would prompt the organization to investment in a more 

formalized tool for data mining and knowledge discovery in 

the future.  
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