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ABSTRACT

The Coronavirus disease 2019 (COVID-19) pandemic has led to unprecedented disruption of global 
daily life. The United States of America is a hotspot for the COVID-19 and leads the world in con-
firmed cases and deaths. The global impact of coronavirus is an extremely overwhelming experience for 
everyone, despite the rapid vaccine development and inoculation. A vast quantity of COVID-19 data 
has been produced and gathered from a variety of data sources. 

Careful observations and implementations of the epidemiological big data is valuable for the broad 
audience and inspires the innovation of identifying, controlling, combating, and preventing the virus. 
Despite the invaluable function of data, it is very challenging for the public to understand it because it 
is highly abstract and noninteractive for everyday people. In fact, when it comes to big data, it is even 
harder to understand and relate the data at the individual level. We argue that the majority of current 
COVID-19 data dashboards may be useful for researchers, policy makers, and healthcare providers; 
however, it failed to deliver emotionally meaningful conversation at an individual level to encourage 
growth and openness to change for the public. 

The study takes the visualization process with big data to create visual elements (shapes and symbols) 
and properties (size, color, position, etc.) that represent the meaning of the big data and encourages the 
public to engage data with minimal knowledge of statistics. It makes the data comprehensive for the 
public and easily accessible in order to provide the pattern of data effortlessly. In addition, the AR experi-
ence with data visualization introduces a new experience of how to interact with big data in order to 
increase the user’s ability to intuit meaning and relationships from the high dimensional data. 

The visualization was curated into a pictorial format that allows vast amounts of epidemiological data 
immediately using preattentive visual properties and popular visualization techniques. A combination 
of a qualitative palette and preattentive visual properties encouraged to identify a summary of unseen 
patterns, revealing insights, discovering areas of needs, finding errors in the current system, and direc-
tions in the future. The systematic modular grid provided flexibility to fit the data visualization with 
various types of data sets.The data visualization of COVID-19 using AR provides users meaningful 
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Assistant Professor
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INTRODUCTION

There are more than 219 million confirmed cases and more than 4.5 million people have 

died globally of COVID-19 since the start day of the pandemic (WHO, 2021). The corona-

virus pandemic is an ongoing public health emergency and an economic crisis, unprecedent-

ed in the disruption of daily life. The pandemic has created the “New Normal” (Anderson & 

Vogels, 2021). The pandemic has caused the largest critical global social and economic dis-

ruption since the Great Depression of the 1930s (Roberts, 2020). It has elevated concerns of 

discrimination issues and the balance between human rights and public health imperatives. 

WHO and CDC recommend continued social distancing, frequent hand washing, wearing 

a mask, and keeping hands away from the face, due to the rapid rate of spontaneous mutation 

of SARS-CoV-2, despite the availability of COVID-19 vaccine. The spreading of the disease 

in different places and types of SARS-CoV-2 variant demands active solutions to control 

virus progressions. A massive amount of COVID-19 epidemiological data has been pouring 

to the public daily since the pandemic began. The development of dashboards to present the 

COVID-19 epidemiological data in real-time has provided the spatial distribution of the 

virus, which was accessible to people instantaneously. Many data visualizers and dashboards 

have been developed in the past year to help the public understand COVID-19 numbers. 

Interactive dashboards with a variety of charts demonstrated concise ways to present the 

pandemic growth. John Hopkins University (JHU) was the first to display a COVID-19 

dashboard of cases and death totals from worldwide as well as the United States data (see 

Figure 1). It included a map composed of diverse radius red circles representing the concerns 

of pandemic around the world, list of counts, and histograms. The New York Times (NYT) 

interaction and better understanding of confirmed cases, deaths, social distancing, unemployment cases, 
vaccination rates, and economic impact of COVID-19 epidemiological data. This study is designed for 
visualization of epidemiological data, comprehensive and interactive for the public and easily accessible 
in order to provide the pattern of data effortlessly. The technology enhancements will make augmented 
reality and virtual reality experience feel much more real, in-person, authentic, and effective, which 
will allow the public to live smarter, safer, and productive lives.This study provides inspiring emotional 
experience and encouragement to be empathetic for the public while exploring COVID-19 epidemio-
logical data. 

KEY WORDS: Big Data, Data Visualization, Augmented Reality (AR), COVID-19,        
Epidemics, Time Series Analysis, Preattentive Visual Property
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used choropleth maps for indicating geographical regions (states) and colors for representing 

measurement (number of cases), which help to observe data trends comprehensively. 

There are various collections of COVID-19 dashboards and interactive tools available. 

Some provide only the data visualization of COVID-19 confirmed cases and deaths. Others 

visualized COVID-19 related impact on different sectors such as economy, education, etc. 

(Zuo, F., Wang, 2020). However, people were struggling with the enormous amount of CO-

Figure 1. COVID-19 dashboards and interactive tool by Johns Hopkins University

Figure 2. United States COVID-19 Hot Spots dashboards by the New York Times
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VID-19 epidemiological data that grew by the second and the complexity of data (Geoffrey 

et al, 2018). In fact, the current methods of data visualization of COVID-19 epidemiological 

data have been criticized and have developed misinformation and misinterpretation about 

the scale of the pandemic, treatment, diagnosis, and prevention of the virus through social 

media (Murphy et al., March 2020).

The complexity of big data analysis of COVID-19 epidemiological data presents an un-

deniable challenge and the current visualization techniques, and methods must be improved. 

The data visualization design outcome of this research provides evidence of the visualization 

benefits in terms of collaboration, interaction, and sharing insights and information among 

the public. The interface design supports visualizing complex data in a single chart. Users 

control the time-series of data by month, which is useful to observe different locations at 

specific checkpoints. The field of big data visualization focuses on the innovation of tools 

that help users to construct rapid and effective observation with large amounts of data. We 

believe that correlation between Extended Reality (XR) such as augmented reality (AR) and 

big data visualization techniques are improving and becoming a more promising method. 

Thus, we used AR applications to display big data visualization of COVID-19 epidemiologi-

cal data to help users identify the pattern in the increase of confirmed cases, death cases, 

vaccination rates, social distancing, unemployment, and economical impact of COVID-19 

in the United States using AR.

AGE OF BIG DATA

Data exists everywhere. Location data, audio and video recordings, social media message 

flows, and more, in all areas of human activity today are considered as data (Childs et al., 

2013). Big data is streaming of data with new data points, which can provide the possibility 

of a new method to understand, predict, and prevent the decisions related to the dataset. 

The government has been transferring data onto the web, Data.gov, that allows a variety of 

government data available to the public since 2019. However, it is very challenging to process 

provided data with the traditional methods that have been utilized currently.

The importance of big data is not about how much data has been collected, it is about 

what to do with the data. The concept of big data can be defined with three V’s (Laney, 2001): 

Volume, Velocity, and Variety. Volume refers to collected data from a variety of sources. Ve-
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locity represents the unprecedented speed of data growth. Finally, Variety indicates data in 

all types of forms. Additionally, big data needs to be defined according to the activity of the 

specific organization such as data size, incompleteness, complex representation, heterogene-

ity of the data sources (Komodakis & Pesquet, 2015) as it covers various fields and sectors.

This research uses the term Big Data as a high volume, high velocity, and high variety 

data that is to obtain intended data value to secure the original data and obtained informa-

tion. To observe the hidden pattern and find answers without overfitting big data, isolation 

of data is a mandatory process. Advanced forms of data and information analytics for process 

control and enhanced insight demand isolation of data to ensure originality of obtained in-

formation (Demchenko et al., 2014). 

BIG DATA PROCESSING METHODS

Big data processing methods comprise a variety of fields including applied mathematics, 

statistics, computer science and economics, which are the basis for data analysis techniques 

(e.g., data mining, neural network, machine learning, signal process, and visualization meth-

ods). Often, these methods are interconnected and used simultaneously during data process-

ing that increases higher levels of system utilization. Visualization for big data differs from 

other processing methods and from traditional visualization techniques. Feature extraction 

and geometric modeling must be employed to envision large-scale datasets, which encour-

ages the reduction of the size of data before the rendering of data (Thompson et al., 2011). 

Visually represented information is easily acceptable by humans in comparison with form-

less text-based information (Horton, 1996). The data visualization design outcome of this 

research provides evidence of the visualization benefits in terms of collaboration, interaction, 

and sharing insights and information among users.

PREATTENTIVE VISUAL PROPERTY IN INFORMATION VISUALIZATION 

People connect and remember information efficiently when visual elements (e.g., video, 

images, graphics, etc.) accompany words, which improve the information clutter to inspire 

and motivate viewers. As “a picture is worth a thousand words”(Advice, 1911), a data-driven 
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art and visualization piece not only delivers a message in a highly perceptible way but also re-

veals patterns in complex information, which stimulates emotional connections to establish 

trust, loyalty, and positive experience for global audiences. In fact, more than 80 percent of 

an individual’s decisions are based on one’s emotional response (Stlouis, 2017). The interac-

tion with data visualization is encouraged by one’s unconscious perception (Padilla et al., 

2018).

A preattentive visual property is from spatial memory without one’s conscious actions, 

which is extremely rapid (less than 250 to 500 milliseconds) and accurate to process a pre-

attentive property of any image (Bartram, 1997). A preattentive visual property avoids the 

conscious processing of all the presented information (requires intensive effort) that helps to 

comprehend information effortlessly. Utilization of preattentive properties of visualizations 

can encourage users to identify patterns of the dataset because it provides information with 

a comprehensive structure (Tukey, 1962).

Color, form, movement, and spatial movement are four main preattentive visual proper-

ties that play a critical role in human perception (Ware, 2019). Figure 3 exhibits an example 

of preattentive visual properties in form. Form has six types of attributes that can be ma-

nipulated to either call or reduce attention to a member of the data set. For instance, any 

of these six form attributes can be manipulated to either give or reduce an indication of its 

significance in a data set. In data visualization, experiments in psychology have used various 

features to perform preattentive visual tasks. The important two detections that are utilized 

in the big data visualization design are target detection and boundary detection. Target 

detection helps to detect the presence or absence of “target” elements with a unique visual 

feature within a field of distractor elements (Healey, C. G., 2007) (see Figure 4). Boundary 

detection is the recognition of the texture boundary between two groups of elements. Hues 

and saturations are useful to separate visual elements from the surrounding elements, which 

motivates to perform a visual search in the dataset (see Figure 5). Each visual example of 

six form attributes in figure 3 calls attention to a part of a visualization. Sub-attributes of 

movement are flicker and motion, which can call attention to a specific visual component; 

however, it must be carefully utilized as it can become a distraction from the rest of infor-

mation. Two-dimensional (2D) positioning, stereoscopic depth, and concave and convex 

positioning must be considered in spatial positioning. 2D positioning is recognized as the 

best visual method of delivering data for quantitative data representations. 2D positioning in 
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spatial positioning of data visualization was used in this research as a means for reflection in 

the information that requires comparisons. 

 

 

Figure 3. Four most popular preattentive visual properties

Figure 4. Searching for a target pink circle based on difference in hue. a) on a distractor (pink) in a sea of black 
colored circles. b) distractor is absent.

Figure 5. A boundary detection from Treisman’s experiments
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These four preattentive attributes can be applied to utilize the science of vision to improve 

information visualization (Ware, 2019). This research uses all four main preattentive visual 

properties to design the big data visualization of COVID-19 to reduce the cognitive effort to 

explore and understand the dataset and encourage only sensory memory. The effectiveness 

of using preattentive properties in this design is evaluated by the process of visual mapping, 

which helps to create structures that support the representation of the dataset. Further us-

ability testing of this visualization design can be done in the future study to provide addi-

tional evidence of the appropriate impact to the user group.

DATA VISUALIZATION TECHNIQUES

The choices of visualization techniques influence the relevance and importance of data 

sets. Big data visualization methods can be classified into two categories – conventional visu-

alization and interactive visualization. Most conventional visualization techniques are static 

and are lacking in handling big data (Chandra at el., 2019). Charts, plots, maps, timelines, 

and diagrams and metrics are commonly used for conventional visualization types. Depend-

ing on factors of the dataset, different data visualization techniques and configurations can 

be utilized. Various charts can be used from bars to lines that demonstrate the correlation be-

tween elements over time and periodic comparative data. Plots illustrate the distribution of 

two or more data sets in a two-dimensional or three-dimensional space. Scatter and bubble 

plots are commonly used in big data visualizations, which often explains relationships be-

tween large volumes of data. Maps are often used for data organized or segmented by physi-

cal geography. Maps allow viewers to locate elements on relevant objects and areas which is 

one of the idealistic techniques for COVID-19 data to predict and prevent from spreading 

the virus. 

Kim and DiSalvo’s research in 2019, recognized the interconnection between data visu-

alization and graphic design fields that can create meaningful, insightful, and impactful data 

(Kim & DiSalvo, 2010) as graphic design strengthens argumentation with objectives. This 

research utilized three visualization techniques – charts, plots, and maps to create the visu-

alization of COVID-19 data sets.  The data sets require data comparison, trend illustration, 

and geographical locations. Furthermore, the objective data observation process influenced 

the structure of the systematic modular grid, which helps to create utilization methods of 

three data visualization techniques as well as four preattentive visual properties.
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INTERACTIVE VISUALIZATION

Interactive visualization emphasizes graphical representations of data sets and inspires 

users to interact with information. Interactive visuals include graphic displays with rapidly 

changing data, which allows users to explore, extract, and understand information in an 

actively shifting data. The data visualization must have human input (e.g., clicking, scroll-

ing, rotating, and zooming) and fast responsive time to display data input and visual output 

(Cook & Thomas, 2005).  Most importantly, interactive visualization encourages easier ex-

ploration of real-time data. There are many visualization tools (see Table 1) for producing 

dynamic, interactive data visualization and bringing data to life.

 

Dashboard visualization played an important role in enhancing efficiency and helping 

target patients’ needs and monitoring COVID-19 trends, nationally and globally, during the 

unpredictable demands of a global pandemic. Beautifully rendered visualization made by 

D3.js for the New York Times in 2008 is one good example of interactive visualization (see 

Figure 6). It illustrates the box office receipts of all major commercial films released between 

1986 and 2007. The visualization offers insight into how release patterns have changed over 

the past decades; and users can hover and click any “wave” to see more details for each movie 

(The New York Times, 2008). Tools like D3.js provide opportunities to generate fascinat-

ing interactive visualizations; however, they have accessibility issues due to compatibility of 

browsers and embedded software.  

Tools Type Based on Used for

R
Programming
Language

Statistical techniques
Statistical computing and
graphics

D3
JavaScript
Library

Document Object Model
(DOM) Manipulation

Data-driven transformations
in browsers

Google 
Charts

Web Service Google Visualization API Customizable Charts

Tableau Software Tool
Data Analytics platform
with Business Intelligence

Interactive analysis of
large-scale datasets

Table 1. Big Data Interactive Visualization Tools
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Big data processing methods are advancing as a division of the Human-Computer Inter-

action field today, thus the continuous innovation of new methods is necessary. We believe 

that big data requires multidisciplinary methods and techniques that allow us to explore 

complicated structures of interconnected data sets. Therefore, utilization of AR in big data 

visualization as a function of interactive visualization is rational. Interactive visual experi-

ence through AR can assist users to shape mental models of the data sets to understand and 

interpret data as well as identify patterns of the obtained information.

INTEGRATION WITH AUGMENTED REALITY (AR) 

The human brain capacity of vision perception has limits (Field et al., 1993). The current 

equipment for displaying data visualization processes is expensive. The market is flooded 

with wearable devices and display devices that can be used for a new image interpretation. 

Augmented reality was invented in 1992 and the application has been found in the military, 

education, healthcare, and gaming industry (Ma et al., 2014). The devices such as Oculus 

and VIVE provide opportunities to practice for AR. Apps with smart devices deliver ad-

ditional opportunities to have experience with AR, which makes it easier to implant virtual 

content into the physical world through these devices. The use of AR and VR platforms in 

the visualization can be a solution for a variety of issues such as navigation, scaling, angles, 

etc. However, the navigation inside of a virtual platform can be an additional influential is-

sue as a user has control of moving around (Fonseca et al., 2013).

Figure 6. Movie grosses in New York Times using D3.js (February 23, 2008)
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Scaling issues in big data visualization cannot be resolved due to multidimensional sys-

tems where a need to explore into a division of information to attain individual value or 

knowledge takes its place. AR displays can be limited by the visual system of the human eye. 

Considering most activities of the human eye are central vision (reading or driving) (Deer-

ing, 1998), we chose AR as a tool to create interactive digital data visualization into a real 

environment, which encourages users to learn and explore the big data sets in the interactive 

virtual environment.

ANALYSIS AND DEFINITION OF RESEARCH

The research used augmented reality as a visualization output of COVID-19 data from 

February 2020 to August 2021. Confirmed cases, deaths, social distancing, economy, un-

employment, and vaccination were the primary focus of the big data visualization of CO-

VID-19. The data were collected from the six national data sources. Data points of each data 

set were standardized to be positioned in the systematic modular grid that made the embed 

interactive visualization experience possible using AR through users’ smartphone device. 

Artivive app was used as a tool of AR experience for users with their smartphone device. It is 

an image target-based tool to display animations and videos of how the visualization moves.

MATERIAL AND THE CONTEXT

The COVID-19 data sets utilized in the visualization design are from the six national 

data sources as below between February 2020 and August 2021 (see Table 2). Internationally 

and nationally reliable data sources were used only to prevent any possible bias and inputs 

outside of data sets.  The base of the visualization analysis consists of confirmed cases, deaths, 

social distancing, economy, unemployment, vaccination. Monthly aggregated data trends 

were significantly important to identify data trends, which allows the prediction of the virus 

spread as the COVID-19 spread over a year (since February 2020). Daily transformed data 

sets were simplified as monthly data sets provide easier access to the annual trend of data 

points. 
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ANANALYTIC PROCEDURE

Systematic modular grid. Each dataset required different visual mapping for the data 

visualization. However, it was important to create the grid system that works for a variety 

of data sets to provide compatibility in smart device platforms. The systematic modular grid 

consists of horizontal partitions from top to bottom and vertical partitions from left to right 

(Lupton, 2014). For instance, a 12 x 12 grid affords 144 modules with over 20,000 possible 

combinations that allows flexibility. In other words, more modules mean the more possibili-

ties. The 50x50 grid with 2500 modules was utilized to be a canvas for accepting various data 

sets (e.g., locations, hierarchy order, and population or data groups) flexibly and universally 

as a systematic modular grid (see Figure 7). The concept of modularity allows breaking the 

whole into smaller chunks (combined into limited groups) (Samara, 2017). It becomes a 

building block for flexible combinations that can be modified in a way that supports the 

characteristics of the data set. This process encourages flexibility, efficiency, and a consistent 

visual language in data visualization.

Confirmed 
Cases

United States COVID-19 monthly confirmed cases in 2020
 by state data source: World Health Organization (WHO)

Deaths
 COVID-19 monthly deaths number in 2020 by state data 
source: Centers for Disease Control and Prevention (CDC)

Social 
Distancing

COVID-19 state stay-at-home orders in 2020 by state 
data source: Kaiser Family Foundation (KFF)

Economic 
Impact

COVID-19 monthly economic data in year 
2020 data source: Nasdaq, Inc

Unemployment 
cases

United States unemployment correlation to race in 
2020 data source: U.S. Bureau of Labor Statistics

Vaccination 
rates

COVID-19 vaccinations data source: CDC

Table 2. Data sources of the data visualization of COVID-19
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Colors. Color is one of the important preattentive visual properties that is strategically 

utilized in the data visualization in this research. It is an extensively important factor in 

data visualization technique (charts, plots, and maps). Target and boundary detection are 

frequent use in the color property that can be utilized to highlight the story of data sets 

by detecting the presence and absence of the elements while poor use of them can create a 

distraction of data visualization. A qualitative palette is used for the variables with categori-

cal nature. All variables in this research have distinct labels without inherent ordering. Each 

value of the variables was assigned one color from a qualitative palette (see Figure 8). Typi-

cally, the qualitative palette includes 10 or less colors. In particular, the vaccination dataset 

has groups by each state in the United States, which requires the color coding system to dif-

ferentiate and recognize each state. Although use of these many colors can be troublesome, 

we controlled possible issues by using hue in the order of color spectrum followed by alpha-

betical order. It stimulates one’s mental map to follow the group of information gradually to 

distinguish between groups of data sets.

Figure 7. (a) systematic modular grid, a 50 x 50 grid. (b) a 7 x 7 column grid using a 50 x 50 grid with a 
geographical location system

Figure 8. Qualitative palette and assigned colors of each variable
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Augmented reality (AR). AR is utilized in this research to create a hybrid environment 

that connects the real world, data, and actions with elements of the virtual environment 

(Sonntag, 2019). AR can potentially apply to all senses, including touch, hearing, and even 

smell (Azuma, 2001). AR visualization has three basic properties: 1) combining reality and 

virtual information; 2) providing real-time interaction; 3) operating and rendering content 

in 3D space (Kipper, G., & Rampolla, 2012). Obtained virtual data from a remote device is 

augmented onto a display in real-time known as indirect vision, which is a process of creating 

a bridge between real life and digital contents. The first and second properties of AR visu-

alization are primary concerns, and the visual sense is an essential method of interactive vi-

sualization in this research. We chose an app, “Artivive”, to provide real life experience with 

big data of COVID-19 with virtual information that is created using Artivive (see Figure 9). 

Big data visualization designs from this research render the experience between reality and 

virtual information via AR using Artivive app with a real-time interaction with data sets.

  

RESULT

Confirmed Cases. The data has been utilized in the confirmed case data visualization 

is from the United States COVID-19 monthly confirmed cases in 2020 by World Health 

Organization (WHO). Data points are carefully placed based on the physical geographical 

location of each state in the United States into a 7x7 column grid as one of combination 

modules of a 50 x 50 grid that helps to locate information on relevant areas by stimulating 

one’s mental map (visual map) to observe the data trend effortlessly. Three preattentive visual 

properties were mainly used – color, form, and movement. Eight circles with size and weight 

Figure 9. Artivive app design interface (left), interaction output using Artivive app (right)
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changes (see Figure 10) were the main visual domain to illustrate data scales, significance, 

and movement of the data set. Lightness properties of color were used only to eliminate the 

distraction and target detection by use of colors to emphasize the spatial grouping migration 

with movement of data. The first raw graphics of figure 8 demonstrate how the information 

scale can be displayed in the visualization system. It was not necessary to display the infor-

mation scale in every circle element in the visualization as it can be a distraction to call one’s 

attention to the overall trend of visual mapping based on the movement property. 

Figure 11 illustrated the confirmed cases of COVID-19 data trend changes from Febru-

ary to December 2020 based on the geographic locations of the United States. The daily data 

point transformation was not the concern of this design method. The monthly aggregated 

data transformation provided a significant pattern of data migration and possible prediction 

of the virus.

 

 

Figure 10. Confirmed case visual mapping units

Figure 11. Confirmed cases visual mapping by geographical location in the U.S. in 2020
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Deaths. The data source for the monthly covid-19 death number visualization comes 

from the CDC. The measurement for the monthly data set is based on per one million 

population of each state. A 7 x 7 column grid was utilized due to the geographical location 

base data set, which assists users’ mental map to position information on relevant areas. Two 

main preattentive visual properties utilized the science of vision to help viewers compare, 

contrast, and visualize the information are color and movement. Red and blue were utilized 

from the qualitative palette, which is a direct representation of political parties – Republican 

(red) or Democrat (blue) in the United States. As these two colors become public domain to 

represent each political party, it is wise to use the same color system to reduce the cognitive 

effort to understand the meaning of colors. Red and blue (primary colors) are located in the 

near opposite sides of the color wheel. The chosen red and blue color has the same satura-

tion that can provide a bold statement visually with finely tuned visual tensions from their 

surroundings (see Figure 12). The boundaries of each state were intentionally blended to 

encourage viewers to focus on the migration of the data set. The glitch effect was employed 

to symbolize the ruthless and  unrelenting emergency of covid-19 as an art form to represent 

the concept of digital or analog errors. Moreover, the red and blue are set in different values 

in Z-dimension to effectively call one’s attention when they are experiencing the AR with 

the Artvive app.

 

Social distancing. COVID-19 stay-at-home orders in 2020 by state in the U.S. originate 

from the Kaiser Family Foundation (KFF). A 7x7 column grid was used to provide the 

geographical location mapping system for the data set. Each building block was divided 

Figure 12. Number of deaths mapping by geographical location in the U.S. in 2020
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into 10x10 small squares to indicate measuring distance in space. As the Figure 13 displays, 

there are four statuses of mandatory stay-at-home orders across states: no stay-at-home order; 

implementing stay-at-home order start; stay-at-home order end; and start and end stay-at-

home order at the same month. 2D spatial positioning was the key preattentive visual prop-

erties utilized in the social distance category to deliver data that can be easily recognized and 

processed visually. By varying the distance between the lines inside each unit, it stimulates 

people’s mind maps to find trends and discover changes over time. When the lines get closer 

together (e.g., the space between individuals) the more solid and brighter the area will ap-

pear. The more widely spaced the lines, which means decreasing the frequency of contact to 

reduce the risk of spreading the covid-19 virus, the darker the area will appear. White colored 

lines with backgrounds creates the motion illusion that increases an attention to the visual 

element and data migrations within the data set. Moreover, the experience of motion illusion 

in AR or VR can enhance the spatial positioning of information (Riecke at el., 2015), which 

is a significant behavioral benefit.

Figure 13. stay-at-home data visual mapping units

Figure 14. Social distancing visualization by geographical location of the U.S. in 2020
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Economic impact. The 144 modules based on the standard systematic modular grid (50 x 

50) were produced to formulate a 21x 6 table. The monthly economic data from Nasdaq, Inc 

(see Figure 15) was used to represent the economic impact. Ten U.S. indices and 11 global 

industry classification standard (GICS) sectors in a fiscal year (e.g., Q1, Q2, Q3, Q4, week-

high, and week-low) was included in this visualization. From top to bottom the 10 US in-

dices includes Nasdaq 100; Russell MicroCap; Nasdaq Composite; Russell Growth; Russell 

2000; Russell 3000; S&P 500; Dow Jones Industrials; S&P Midcap 400; and Russell Value. 

The 11 GICS sectors include Technology; Consumer Disc; Basic Materials; Industrials RE-

ITs; Financials; Staples; Communications; Energy; Healthcare; and Utilities. The order does 

not change to encourage users’ mental map within the data set to reduce the learning curve 

of data locations. Colors, especially the HSL scale, are carefully chosen to make the eco-

nomic data become easily recognized and processed visually. While red is associated with 

trading lower than the previous day’s close in the stock market and green color connects with 

trading higher than the previous day’s close. Yellow and white indicate no change in price. 

The characteristics of a stock data set is inherently ordered due to the trading activities. It 

is practical to use a sequential palette and colors are assigned to data values in a continuum 

based on both hue and lightness. The light colors represent lower values and darker colors 

represent higher values in light backgrounds (see Figure 16).

Figure 15. Economic impact data visualization of the U.S. within a fiscal year 2020

Figure 16. A sequential palette of visual mapping units
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Unemployment. The data from the United States unemployment correlation to race in 

2020 from U.S. Bureau of Labor Statistics was utilized in data visualization for this category. 

This data set displays the unemployment case statistics by race – Caucasian, African Ameri-

can, Asian, and Hispanic. Data was standardized by percentage that illustrated the propor-

tion of each race in the total unemployment case number of each month. The standardized 

systematic modular grid of a 50 x 50 grid provides 81 diagonal lines (see Figure 17) as a unit 

of data point. Each line in 81 units represents 1.236 percent of the proportion of total data 

points by each month. Monthly unemployment data points were standardized based on 81 

units of proportion placement of each race (see Table 3), which demonstrates the visual map-

ping of the proportional unemployment case by each race monthly. For example, 6,738 (total 

of 81 units) unemployment occurred in January 2020 that included 3,863 (46 units) unem-

ployment case in Caucasian, 1,275 (15 units) unemployment case in African American, 315 

(4 units) unemployment case in Asian, and 1,282 (15 units) unemployment case in Hispanic.

The Color property in preattentive visual properties was significantly important in the 

unemployment case visualization. Each race has given colors from the qualitative palette – 

Caucasian (white), African American (purple), Asian (green), and Hispanic (pink). These 

four colors were carefully chosen to avoid the color association with each race and pos-

sible legibility issues as this data moves in an AR environment. The dark background was 

introduced in this data visualization to enhance legibility of four chosen colors in both 

two-dimensional space and three-dimensional space with AR. The proportion of lines is 

adjusted by changes of data proportion by race. The organic movement of lines represents 

the unemployment case increasing direction and it represents the sequential movement in 

AR (see Figure 18).

Month/
Year

Total 
unem-
ploy-
ment 
case 

number

Caucasian
African 

American
Asian Hispanic

81-unit 
ratio

81-unit 
ratio

81-unit 
ratio

81-unit 
ratio

01/2020 6,738 3,863 46 1,275 15 315 4 1,282 15

02/2020 6,703 3,869 47 1,251 15 257 3 1,326 16

Table 3. Standardized unemployment cases example
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Figure 17. 81-line units based on a 50 x 50 grid

Figure 18. the migration of unemployment data by race

Vaccination rates. The United States COVID-19 vaccinations from the CDC was applied 

in the vaccination rate data visualization. A 50 x 50 grid employed to create an alphabetic 

order of states in the U.S (see Figure 19). Color property took the dominant role in vaccina-

tion rates visualization. Full range colors were used to indicate each state in the U.S. Hue 

in the order of color spectrum was used to reference the order of alphabets that encouraged 

the one’s mental map to explore information in hierarchical order. Patterns are used to cre-

ate visual interests. Figure 20 demonstrates movement in AR illustrating the migration of 

vaccination rates data.
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Figure 19. vaccination rates by states

Figure 20. the vaccination rate by states with real-time sequence in AR

CONCLUSION

In this research, six national and international data sources were employed to create big 

data visualization of COVID-19 using augmented reality. Six categories of COVID-19 data 

– confirmed cases, deaths, social distancing, unemployment cases, vaccination rates, and 

economical impact, were special interests in this research. We used three preattentive visual 

properties (e.g., colors, forms, and movement with AR) with a unique visualization form 

based on the popular visualization techniques that helped to build a systematic modular grid 

system to deliver complex information efficiently and encourages comprehensive data explo-

ration while avoiding the conscious processing of the presented information.
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Utilization of AR in big data visualization presents advantages and disadvantages; how-

ever, it is possible to optimize strategies to reduce disadvantages. Data visualization with AR 

experience amplifies the function of data visualization and interaction with the big data that 

encourages the public to understand meaning and relationship at individual and society level 

from the high dimensional data. It can be concluded that data visualization methodology 

and the natural interaction with data sets can be improved by implementation of fundamen-

tal cognitive design principles. Furthermore, a smart device AR interaction with data visu-

alization provides spontaneous and effortless interaction for users. The AR experience with 

big data visualization with COVID-19 will be available on the Emotion Lab website (www.

emotionlab.org) by October, 2021. We hope this data visualization method is valuable for 

a broad range audience to encourage the innovation of identifying, controlling, combating, 

and preventing COVID-19 as well as any future epidemic. Further, we hope that the in-

person and authentic data visualization experience with AR encourages the public to reflect 

spatial and personal relationships to spark empathy from the public. 
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