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ABSTRACT 

Big data is one of the most promising trends in technology and business today. Big data refers to large data sets that may be 

analyzed computationally to reveal patterns, trends and associations, especially relating to human behavior and interactions. 

Big data sets hold valuable information with the potential to improve efficiency in the workplace by giving us insight into 

various areas. How can we extract information from data? Visualizations and aggregations are frequently used to represent 

data in a manageable way. The construction of these tools requires usage of design principles to leverage human ability to 

translate data into knowledge that can be used to support decisions. Our project creates and executes a survey to discover 

whether participants vary in their ability to draw conclusions from data presented in aggregate formats. In this paper, we are 

focused on whether one visualization is more interpretable than the others. We do not go into the details of variation between 

people on any factor (e.g. education, personality, or other characteristics). Based on our results, we will suggest design 

principles for visualizations that improve the ability to comprehend data quickly.      
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INTRODUCTION 

As a society, we are consuming and creating more data than ever before. According to Singh, our society is creating upwards 

of 2.5 quintillion bytes of data each day (Marr, 2018). This is making it more and more important that we have a way to 

analyze, comprehend, and use the data that is available (Singh, 2012). Trying to sit down and scroll through screens upon 

screens of raw data and recognize patterns or irregularities would be incredibly difficult and time consuming, so, instead, 

graphical representations of data are used to give us “the desired insight”; this is called “data visualization” (Fayyad, 2002). 

The increased amount of data in our world has directly corresponded to an increased dependence on visualizations to quickly 

interpret data. Therefore, there is a need to investigate the success of these graphics at summarizing the data accurately.  

LITERATURE REVIEW 

Raw data is defined as ‘data that has not been processed for use’ (Zims, 2007). The study found that the most commonly 

accepted definition of knowledge is a ‘justified true belief’ based on information, which is defined as raw data that has been 

processed for use (Zims 2007). The most commonly accepted model for describing how data is converted into knowledge is 

the SECI method (Nonaka 2000). The SECI method states that the data to knowledge process is composed of two different 

types of information, tacit and explicit (Ikujiro Nonaka 2000). Explicit data is data that can be expressed in a systematic way 

using language or symbols, whereas, tacit data is more dependent on action or routines (Nonaka, 2000). This creates the basis 

for their model.  

According to Nanoka (2000), the S stands for Socialization, which is the process of converting tacit knowledge to tacit 

knowledge. The E is for Externalization, which is turning tacit knowledge into explicit knowledge. The C stands for 

Combination which is turning explicit knowledge into explicit knowledge. The final part of the SECI model is the I, which 

stands for Internalization and is the process of turning explicit knowledge into tacit knowledge.  

Another important topic for the research problem is how design elements can affect the way people interpret information. The 

most important guideline with visualization is that when designing anything it’s imperative that mental road blocks are 

removed in order to make the data more easily interpreted (Keller, 1993). A study by Chau (2009) found that certain colors 

can provoke certain emotions (Chao, 2009). The cool colors such as blue, green, and purple tend to cause more calm and 

relaxed emotions. The warmer colors like red, orange, and yellow create more of an excited feeling (Chao, 2009).  
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The study also found that different variations of background and foreground colors can impact how easily the information 

can be distinguished from the background (Chao, 2009). For example, white information on a yellow background makes it 

difficult to distinguish the background from the information. However, a black background with white information is very 

easily distinguished and read. They state that “opportune application of colors can emphasize important information, attract 

attention…” (Chao, 2009).  

Chao proposed the Space- Coordination Principle (Chao, 2009). He states that “appropriate blanks, which make the interface 

less crowded and bring comfortableness to the consumers, should be left around the visual elements in the interface, on the 

page edges and between paragraphs, graphics and titles” (Chao, 2009). This principle assists in making information more 

easily read and interpreted.  

RESEARCH QUESTION 

Our research question is “How Does the Visualization of Data Change how it is Interpreted?”. We investigated to see if 

certain types of graphs impacted the way that users understand the data. Without proper visualization methods, important 

information may be disregarded. Understanding how humans translate data to knowledge and utilizing that information to 

design graphs that use proper colors and spacing to emphasize important information could lead to quicker analysis time, 

decreased human error in interpreting data, and an increase in our understanding of the immense amounts of data that are 

created each day.   

METHODOLOGY 

We will use a survey methodology to investigate whether certain types of graphs influence the way that users understand the 

data.  This methodology allows us to reach a variety of participants and use mixed research methods (Ponto 2015). 

DATA COLLECTION 

Participants will receive an email with a link to a survey monkey form. They will have the option to participate or may opt 

out of participation. Those who do participate will answer a 5-7-minute survey with multiple choice questions evaluating the 

data presentations. Demographic information of college, gender and age will be collected, but none is directly personally 

identifiable. The survey begins with gaining informed consent from each participant. After agreeing to take the survey, the 

participants are brought to a page that gives them the necessary background information to understand the data that is being 

presented to them. The research follows the protocol approved in Noteboom & VanderWilt IRB #18-19-12. 

Background Information 

The survey uses open source data from the city of Chicago’s database. The city of Chicago, Illinois rests on the edge of Lake 

Michigan. Any surface water, such as Lake Michigan, has the potential to collect Coliform bacteria such as Escherichia coli, 

also known as E. coli. Coliform bacteria are bacteria that are naturally found in the intestines of warm-blooded animals 

(Bacteria in Surface Waters 2011). These bacteria can find their way into surface waters by way of wastewater treatment 

plants, failing septic systems, wild animal waste, and storm water runoff (Bacteria in Surface Waters 2011). While these 

types of bacteria are typically not dangerous in small doses, it is recommended that swimming beaches should never have 

more than 88 colony forming units (CFU) per 100 mL in one sample (Bacteria in Surface Waters 2011). The data was 

provided by the City of Chicago (Beach Lab Data 2018). 

Initial analysis of the data shows the E. coli levels at each beach to provide insight on safety levels related to disease-causing 

bacteria and viruses in the water at each beach.   

Data Visualizations 

The first visualization that the participants are presented with is a simple bar graph, where there is 1 bar for each beach and 

the height of the bar represents the average number of E.Coli Colony Forming Units (CFU) per 100 mL of water because 

those were the units in our data set. We chose this bar graph because of its simplicity and it’s ability to be understood 

quickly, as it is a common type of graph. This is followed by the question: “Which beach poses the highest risk of E.Coli 

infection for beachgoers based on the 2018 Beach Lab Data?” with a box for each of the six (6) beaches and an option that 

says “This visualization does not provide adequate information”. 
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The second visualization is a bar graph where each beach has two (2) bars. One representing the number of tests that 

exceeded 88 CFU/100 mL and one representing the number of tests that did not exceed the recommended value of 88 

CFU/100 mL. This graph augments the first graph into something that requires more thought to interpret.  

Figure 1 Pass v Fail Visualization 

The third and final visualization is a density map of the six (6) beaches in Chicago, where the density is represented by the 

number of failed tests divided by the number of acres of beachfront for each beach. The first two visualizations show that 

Montrose is the beach that poses the most danger to beach goers. However, Montrose is the largest beach that we 

investigated, so when we took the number of failed tests divided by the 31 acres of beach front that Montrose Beach has, the 

results showed that Montrose was one of the safest beaches and Fargo beach was the most dangerous. This visualization 

provides a new form of measurement and a new form of visualization. This provided variation in the presentation of data. 

 

Figure 2 Density Map Visualization 
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CONCLUSION 

As we continue with our research plan and investigate the research question, “How Does the Visualization of Data Change 

how it is Interpreted?” Our survey research results will yield insights into the process of knowledge creation and the 

translation of data into knowledge. This will hopefully expand on the ideas of data visualization and knowledge activation to 

improve our ability to meaningfully analyze data while increasing our ability to use the massive amounts of data that are 

available.  

REFERENCES 
 

1. Arif Perdana, A. R. (2018). Does Visualization Matter? The Role of Interactive Data Visualization to Make Sense of 

Information. Australasian Journal of Information Systems. 

2. (2011, May 16). Bacteria in Surface Waters. Concord: New Hampshire Department of Enviornmental Services. 

Retrieved from EPA: https://www.epa.gov/beach-tech/nationwide-bacteria-standards-protect-swimmers-beaches 

3. Beach Lab Data. (2018, November 19). Retrieved from Chicago Data Portal: https://data.cityofchicago.org/Parks-

Recreation/Beach-Lab-Data/2ivx-z93u 

4. Chao, G. (2009). Human-Machine Interface: Design Principles of Visual Information in Human-Machine Interface 

Design. International Conference on Intelligent Human-Machine Systems and Cybernetics (pp. 262-265). Hangzhou, 

Zhejiang, China: Institute of Electrical and Electronics Engineers. 

5. ikujiro Nonaka, G. v. (2009). Tacit Knowledge and Knowledge Conversion: Controversy and Advancement in 

Organizational Knowledge Creation Theory. Organization Science, 635-652. 

6. Ikujiro Nonaka, R. T. (2000). SECI, Ba and Leadership: a Unified Model of Dynamic Knowledge Creation. Elsevier 

Science Ltd, 5-34. 

7. Jain, K. (2013, December 22). Framework To Check. Retrieved from Analytics Vidhya: 

https://www.analyticsvidhya.com/blog/2013/12/paranoid-data-accuracy-about/ 

8. Johnson, T. (2014, August 11). E. coli in our lakes: What does it really mean? . Retrieved from Health Talk: 

https://twin-cities.umn.edu/news-events/e-coli-our-lakes-what-does-it-really-mean 

9. Marr, B. (2018, May 21). How Much Data Do We Create Every Day? The Mind-Blowing Stats Everyone Should Read. 

Retrieved Feb 20, 2019, from Forbes: https://www.forbes.com/sites/bernardmarr/2018/05/21/how-much-data-do-we-

create-every-day-the-mind-blowing-stats-everyone-should-read/#796558b060ba 

10. Nonaka, I. (1994). A Dynamic Theory of Organizational Knowledge Creation. Organization Science, 14-34. 

11. P. Keller, M. K. (1993). Visual Cues: Practical Data Visualization World Wide Web. Computers in Physics, 297-298. 

12. Ponto, J. (2015, Mar 1). Understanding and Evaluating Survey Research. Retrieved Feb 6, 2019, from US National 

Library of Medicine National Institutes of Health: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4601897/ 

13. Sachchidanand Singh, N. S. (2012). Big Data Analytics. 2012 International Conference on Communication, Information 

& Computing Technology (ICCICT), (pp. 1-4). Mumbai, India: Institute of Electrical and Electronics Engineers. 

14. Thomas H. Davenport, J. G. (2000). Data to Knowledge to Results: Building an Analytic Capability. Institute for 

Strategic Change, 3-49. 

15. Thomas H. Davenport, P. B. (2012, July 30). How 'Big Data' Is Different. Retrieved from MIT Sloan Management 

Review: https://sloanreview.mit.edu/article/how-big-data-is-different/ 

16. Usama Fayyad, G. G. (2002). Information Visualization in Data Mining and Knowledge Discovery. London: Academic 

Press. 

17. Zims, C. (2007). Conceptual Approaches for Defining Data, Information, and Knowledge. Journal of the American 

Society for Information Science and Technology, 479-493. 

 


	Association for Information Systems
	AIS Electronic Library (AISeL)
	5-21-2019

	How Does the Visualization of Data Change How it is Interpreted?
	Alexis VanderWilt
	Cherie Bakker Noteboom
	Recommended Citation


	tmp.1559853940.pdf.kdGki

