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ABSTRACT 

Information dashboards are at-a-glance displays that are intended to highlight the 

most important information in order to help individuals solve problems and make better 

decisions using data. User-centered design of dashboards is necessary because 

different users have unique objectives when interacting with these displays. Due to 

advances in technology access to data and visualization tools it is now possible and 

creation of dashboards is now easier than ever. This also led to the popularity of 

infographics or the visualization that uses icons and metaphors to represent information 

on dashboards. Cognitive fit theory was used to explain the importance of considering 

the type of task in explaining the effectiveness of different visualization types (tables 

and graphs) and the type of information (spatial and symbolic) each visualization type 

emphasizes (Vessey, 1991). However, previous literature on visualization only focused 

on tables and graphs. While studies identified where and when graphs and tables were 

effective, research on infographics is still in its infancy. This study examined the effects 

of visualization type (table, graph, infographic) on accuracy, performance, and 

preference for two different task types (symbolic, spatial) and information levels (daily, 

monthly). Participants were 27 healthcare providers and 28 patients or family 

caregivers. Results indicated that tables and infographics were the best displays for 

symbolic tasks regardless of information type. Graphs were the best displays for 

monthly information and spatial tasks. Infographics were the most preferred displays 

overall. Consistent with previous studies, results indicated a mismatch between users’ 

performance and preference.  
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CHAPTER I 
 

Data Visualization that “Fits”:  

Designing Effective Dashboards for Healthcare Providers,  

Patients, and Family Caregivers to Patients with Diabetes 

The application of information technology has a potential to improve the quality of 

healthcare (Koopman et al., 2011). Information technology streamlines workflow and 

features like automated alerts and reminders, which could decrease medical errors 

(Kushniruk, Triola, Borycki, Stein, and Kannry, 2005). However, instead of functioning 

as dynamic patient care tools, these systems are sometimes utilized as mere data 

repositories not unlike the paper-based predecessors (Koopman, et al., 2011). To take 

advantage of the decision support potentials of electronic health records (EHRs) not 

only should improvements be made on the human-computer interface but there is also a 

need to summarize available information on the level of each individual patient (Sittig et 

al., 2008). Koopman and colleagues (2011) pointed out that current EHRs contain high 

volumes of poorly organized information which when combined with the high demands 

and complexity of healthcare workflows could potentially introduce cognitive overload 

among its users (Kirsch, 2000). When too much information becomes a problem, it is 

important to find ways to present relevant information succinctly (Sittig et al., 2008; 

Rose et al., 2005). One possible solution to information overload is the information 

dashboard (Few, 2007). Figure 1 depicts an example of a common dashboard.  
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Figure 1. Screenshot of University of Massachusett's energy dashboard. 

According to Few (2007), properly designed dashboards have the ability to 

display and communicate large amounts of information in a small amount of space and 

in a clear and immediate manner. Few (2004) defined dashboard as “a visual display of 

the most important information needed to achieve one or more objectives; consolidated 

and arranged on a single screen so the information can be monitored at a glance” (p. 3). 

In visualizing information, it is important to ensure that it follows the principles of user-

centered design (Tory and Mӧller (2004). Tory and Mӧller (2004) mentioned that most 

visualization research is focused on identifying new and faster data display techniques 

while neglecting the principle of usability for its intended users. Intuitiveness of visually 

presented information will be affected by how humans perceive, understand, and 

interact with the visual display (Tory & Mӧller, 2004). Tory and Mӧller (2004), further 

emphasized the importance of studying visualization techniques and its effectiveness as 

a cognitive support, specifically, to identify whether it is effective, and if so, when and 
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why. Since the manner by which information is presented is an essential component of 

a dashboard, it is important to evaluate the different ways of visualizing information and 

how it affects user performance.  

Literature Review 
	  
Dashboards in Healthcare 

In healthcare, dashboards are used to provide clinicians with relevant and timely 

information to inform decisions about patient care (Koopman et al., 2011). Koopman 

and colleagues (2011) conducted a study on a diabetes dashboard which summarized 

information for patients. The objective of the study was to quantify the amount of time 

clinicians saved when using the dashboard versus searching through the chart to 

retrieve information (Koopman et al., 2011). Participants in the study were required to 

access and search for patient information within the EHR containing data of two 

simulated patient charts. One of the two simulated patient charts had the information 

dashboard function enabled while the other required the physicians to use the 

conventional search of information through multiple areas of the EHR (Koopman et al., 

2011). Participants took significantly less time to find all of the ten data elements and 

incurred far fewer  mouse clicks when using the dashboard (Koopman et al., 2011). 

Koopman and colleagues (2011) mentioned that data from interviews indicated an 

overwhelmingly positive opinion about the dashboard. Some participants suggested 

additional features such as alerts to indicate any actions that are due and the capability 

to import elements from their dashboard into their notes (Koopman et al., 2011).  

While the study by Koopman and colleagues (2011) did not discuss outcome 

variables associated with the dashboard usage, such as improved quality of care, other 
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studies have addressed this (Linder et al., 2006). Linder and colleagues (2006), were 

interested in improving clinical decision support and population-based healthcare quality 

by designing an integrated and documentation-based clinical decision support system 

(Smart Forms) and a physician feedback system in the form of a dashboard (Quality 

Dashboards). According to the researchers, the design of these two systems took into 

consideration the clinician workflow and addressed deficiencies in quality of care by 

delivering actionable decision support to the point of care (Linder et al., 2006).    

Flannigan, Toland, and Hogan (2010), outlined the advantages of using 

dashboards in neonatal care. According to the authors, dashboards allowed users to 

quickly identify what areas did not meet specified goals, which in turn allowed users to 

place appropriate strategies to identify potential solutions to achieve those goals 

(Flannigan et al., 2010). Without dashboards, users tended to spend more time 

collecting, interpreting, and presenting data that led to delays in implementation of 

strategies that were identified to solve problems (Flannigan et al., 2010). In modern 

healthcare environments where doctors are required to spend more time working shifts 

than spending time in the unit during their normal working hours, staff members are 

rarely present in the department at a given time thereby making dashboards vital 

communication tools. Hospital staffs can use dashboards to monitor for updates about 

what is happening at both the patient and unit level (Flannigan et al., 2010). Flannigan 

and colleagues (2010) further emphasized that dashboards would particularly benefit 

staffs working during the night shift because these are the individuals who are unable to 

attend team meetings that normally occur during normal working hours. Real time view 

of the unit’s performance against the British Association of Perinatal Medicine’s (BAPM) 
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standards (e.g., percentage of staff who have undergone neonatal course, average 

monthly score for environmental cleanliness, average monthly score for hand hygiene, 

average monthly occupancy in neonatal unit) allows for quicker feedback, which in turn 

permits for a more timely correction of poor performance (Flannigan et al., 2010). 

Moreover, Flannigan and colleagues mentioned that not only do dashboards allow 

timely feedback but they also convey the said information in a visually pleasing form 

(2010).  

Another example of dashboard implementation in healthcare is reflected in the 

study conducted by Wolpin (2005).  They used an automated intranet dashboard that 

presented graphical information on a display working alongside other tools intended for 

learning and collaboration. Healthcare executives not only welcomed the intranet 

dashboard but findings have shown that it also encouraged improved quality of 

coordination efforts. Moreover, the fact that received monthly email updates with links to 

the dashboard motivated participants’ use. Dashboards also resulted to increased 

communication and coordination among healthcare executives (Wolpin, 2003). 

Moreover, qualitative data analysis indicated that healthcare executives consider more 

traditional reporting mechanisms to be suboptimal and that dashboard use was seen as 

the more optimal reporting method (Wolpin, 2003). These results suggested that 

organizations seeking to reduce the feedback lag to decision makers may benefit from 

dashboards.  

Theoretical Framework 

Visualization is a useful tool that supports the decision making process (Tufte, 

1983). In this study, effectiveness of visualization was evaluated under the theoretical 
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framework of cognitive fit theory (Vessey, 1991). To be specific, results of this study are 

expected to identify what types of visualization lead to improvement of user 

performance (higher accuracy and less time required to perform tasks) and higher user 

preference. Another goal of this study was to identify what visualization technique is 

best suited for the type of information and for specific types of problem-solving tasks. 

This section discusses the theory of cognitive fit and the two separate classifications of 

problem-solving tasks.  

Cognitive Fit Theory 

 Under the paradigm of cognitive fit, problem solving is viewed as an outcome of 

the relationship between problem representation and problem-solving task (Vessey, 

1991). The theory further suggests that the effectiveness of problem solving is 

influenced by the problem-solving task and the representation of that problem (Umanath 

& Vessey, 1995; Vessey, 1991; Vessey, 1994; Vessey, 2006; and Vessey & Galletta, 

1991). A decision-maker forms a specific mental representation of the problem as a 

product of the interaction between the problem-solving task and the problem 

representation (Teets & Tegarden, 2010).  

In cognitive fit theory, there are two separate classifications of tasks: symbolic 

and spatial (Teets & Tegarden, 2010). According to Vessey (2006), when decision-

makers are required to extract discrete and precise data values, those tasks are 

symbolic and are best-accomplished using analytical processes (Vessey, 2006). On the 

other hand, when decision-makers are required to make associations within the data, 

and evaluate the problem area as a whole, then those tasks are spatial and are best 

accomplished using perceptual processes (Vessey, 2006). Determining a trend in a 
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dataset is an example of a spatial task because it requires making associations among 

data points and it requires spatial information (Vessey, 1991). Other examples of spatial 

tasks include comparing patterns and interpolation of values since these tasks also 

involve making associations among data points (Vessey, 1991). According to Vessey 

(1991), these two well-differentiated tasks are normally facilitated by two different forms 

of problem representation or visualization, graphical and tabular.  

When there is a match between the problem representation or visualization and 

the problem-solving task, the decision-maker is able to formulate a matching mental 

representation of the problem (Vessey, 1991). The cognitive fit theory suggests that this 

allows the decision-maker to use matching processes when acting on the 

representation and completing the task, thereby facilitating the problem-solving process 

(Vessey, 1991). In other words, when the different components of the problem-solving 

elements “fits” together, this leads to improved speed and accuracy of the problem-

solving process (Teets & Tegarden, 2010). For example, there is a match between 

problem representation and problem-solving task when the decision-maker is required 

to extract individual data values (symbolic task) from data presented in a table of values 

(symbolic representation) (Vessey, 1991). Another example would be the results of the 

study conducted by Coll and colleagues (1994) wherein participants had higher 

accuracy rates when retrieving relational information (spatial task) in graph form than in 

table form. On the other hand, when the task required participants to retrieve specific 

values (symbolic task) their performance was better when data was presented in table 

form than in graph form (Coll et al., 1994).  
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There are instances wherein the problem-solving task and problem 

representation do not match. When a mismatch takes place, it does not mean that the 

decision-maker is no longer able to solve the given task (Vessey, 1991). According to 

Vessey (1991), spatial representations can be used to solve symbolic problem-solving 

tasks and vice versa. For instance, a decision-maker may be faced with a task of 

determining a trend using data presented in table form (Vessey, 1991). There are also 

instances when decision-makers may be tasked to extract specific values from a graph 

(Vessey, 1991). When there is a mismatch between the problem-solving task and the 

problem representation, decision-makers are unable to use similar and consistent 

processes when acting on the representation and solving the problem thereby affecting 

problem-solving performance in terms of speed, accuracy, or both (Vessey, 1991; Teets 

& Tegarden, 2010). The reason for its detrimental effects on performance is due to the 

fact that the mismatch leads decision-makers to formulate a mental representation that 

is either based on the problem representation or a mental representation that is based 

on the problem-solving task (Vessey, 1991). When mental representation is formulated 

based on the problem representation, decision-makers will then need to further 

transform it to arrive at a solution to the problem (Vessey, 1991). On the other hand, 

when mental representation is formed based on the problem-solving task, decision-

makers will then need to transform problem-representation data into the mental 

representation that is suitable for the task solution (Vessey, 1991). Whether decision-

makers end up forming mental representations based on problem-solving task or 

problem representation, performance will be worse compared to a situation wherein the 
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representation of the problem emphasizes the information that ultimately matches the 

task solution (Vessey, 1991).  

Previous studies indicate that for spatial tasks, participants performed better in 

terms of accuracy when the problem is represented in graphs compared to tables 

(Umanath & Scammell, 1988; Umanath, Scammell, & Das, 1990; Washburne, 1927). 

Specifically, participants were more accurate when the tasks involved comparison of 

data patterns (Umanath & Scammell, 1988; Umanath, Scammell, & Das, 1990) and 

trend recognition (Washburne, 1927). However, when the spatial tasks given were 

specific to interpolation of values, there was no difference in participants’ accuracy 

when the problem was presented in graph and in table (Carter, 1947; Carter, 1948; 

Watson & Driver, 1983).  

In terms of response time, studies involving tasks that required interpolation of 

values (spatial tasks) indicated that participants had an advantage when the problem 

was represented in graphs which means that graphs resulted to faster task performance 

over tables (Carter, 1947; Carter, 1948). Results of the study conducted by Wainer & 

Reiser (1976) also indicated participants performed tasks faster with graphs than tables 

in spatial tasks that required them to compare patterns of data.  

Previous studies also indicated that for tasks requiring participants to extract 

specific values (symbolic tasks), participants were more accurate in their responses 

when the problem was represented in tables compared to graphs (Washburne, 1927; 

Carter, 1947; Carter, 1948; Powers, Lashley, Sanchez, & Schneiderman, 1984; 

Umanath et al., 1990). Moreover, participants were faster when the problem was 
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represented in tables compared to graphs particularly for tasks that required them to 

read specific points or values (Carter, 1947; Carter, 1948; Powers et al., 1984).  

In general, studies that involved tasks requiring participants to extract 

associations among data points (spatial tasks) indicated that graphical representation 

resulted in better performance than tables for time, accuracy, or both (Vessey, 1991). 

This is consistent to the paradigm of cognitive fit that suggests that when it comes to 

performing spatial tasks, graphs would have an advantage over tables (Vessey, 1991). 

Cognitive fit theory is also consistent with findings from studies which involved tasks 

that required participants to extract specific values (symbolic tasks) because in those 

studies, participants appeared to have performance advantage when problems were 

represented in tables than in graphs (Vessey, 1991). Tables 1 and 2 depict findings 

from previous studies on tables versus graphs on both spatial and symbolic problem-

solving tasks.  

 

 

 

 

 

 

 

 

 

 

 

 



	   	   	  11 

TABLE 1 

STUDIES CONDUCTED ON TABLES VERSUS GRAPHS USING SPATIAL TASKS 

	  
Study Tasks Dependent 

Variable 
Results 

Legend: 

 = Table 

 = Graph 
 
Accuracy Response 

Time 
Carter, 1947 Spatial  

Recognizing Trends 
Accuracy; Time  =   

Carter, 1948 Spatial  
Recognizing Trends 

Accuracy; Time  =   

Umanath et al., 
1988 

Spatial  
Comparing Patterns 

Accuracy  >   

Umanath et al., 
1990 

Spatial  
Comparing Patterns 

Accuracy  >   

Wainer & 
Reiser, 1976 

Spatial  
Comparing Patterns 

Time   >  

Washburne, 
1927 

Spatial  
Comparing patterns; 
Recognizing trends 

Accuracy  >   

Watson & 
Driver, 1983 

Spatial  
Comparing patterns 

Accuracy  =   

Note: The > sign means accuracy is better and it means slower/longer response time. 
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TABLE 2 

STUDIES CONDUCTED ON TABLES VERSUS GRAPHS USING SYMBOLIC TASKS 

	  
Study Tasks Dependent 

Variable 
Results 

Legend: 

 = Table 

 = Graph 
 
Accuracy Response 

Time 
Carter, 1947 Symbolic 

Point/value 
reading 

Accuracy; Time  >   >  

Carter, 1948 Symbolic 
Point/value 
reading 

Accuracy; Time  >   >  

Powers et al., 
1984 

Symbolic 
Point/value 
reading 

Accuracy; Time  >   >  

Umanath et al., 
1990 

Symbolic 
Point/value recall 

Accuracy  >   

Washburne, 1927 Symbolic 
Point/value 
reading 

Accuracy  >   

Note: The > sign means accuracy is better and it means slower/longer response time. 

	  
Number of Data Points 

Aside from the type of problem-solving task and problem representation, 

effectiveness of visualization can be also be influenced by the number of data points on 

the display. Coll, Coll, and Thakur (1994) compared accuracy of responses and task 

time in terms of display presentation format (graphs versus tables) but they also used 

three other independent variables: education specialty (business and engineering 

majors), task requirement (specific-value and relational information response), and 

“complexity” (single, double, and triple data sets). Coll, Coll, and Thakur (1994) 

operationalized complexity in terms of the number of data points (more information or 
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less information) presented on the displays. The authors cited Dickson, DeSanctis, and 

McBride (1986) who suggested that when more information is involved, graphical 

presentation should be more effective compared to table presentation. One of the 

interesting findings in their study was the interaction between display presentation 

format and type of information on both task time and response accuracy. Results 

indicated that task time was longer for graphs compared to tables and that difference in 

task time increased as the number of data points on the displays increased (Coll, Coll, & 

Thakur, 1994). Similar to task time, participants were more accurate on table compared 

to graphs, and that as the number of data points increased, difference in accuracy on 

the two displays also increased (Coll, Coll, & Thakur, 1994). 

Preference and Performance  

In order to capture the complete picture regarding the effectiveness of any user 

interface, it is beneficial to examine performance measures alongside user preference. 

Aesthetics appears to have influence on user preference when it comes to 

interfaces. In fact, there are evidences that suggest interfaces that are “pleasant” to look 

at were perceived as easier to use and were preferred over unaesthetic interfaces 

(Kurosu & Kashimura, 1995; Schenkman & Jonsson, 2000; van der Heijden, 2003). In a 

study conducted by Salimun, Purchase, Simmons, and Brewster (2010), symmetrical 

and orderly interfaces were preferred over those described as messy and non-

symmetrical.  

The effect of aesthetics is not limited to user preference. Studies have shown 

how interface aesthetics also affected performance (Sonderegger & Sauer, 2010; 

Salimun et al., 2010). For instance, interfaces with higher aesthetics level resulted to 
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faster completion of tasks compared to those with lower aesthetics level (Salimun et al., 

2010).  

Results from a number of studies indicated that there appears to be a mismatch 

between performance and user preference (Bailey, 1993; Greene et al., 1992; Phillips & 

Chaparro, 2009). In a study conducted by Greene and colleagues (1992), participants 

performed airlines reservations tasks using different interaction methods (entry-based 

and selection based). Data from that study indicated that the preferred selection 

methods were the ones associated with higher redo rates (i.e., participants were 

encourage to redo the trial if the flight was not specified correctly). In another study, 

participants watched a demo of four user interfaces and then selected an interface that 

they thought would elicit fastest performance (Bailey, 1993). After which, they were 

asked to perform grocery selections tasks on the user interfaces. Results indicated that 

95% of the participants selected an interface that did not elicit the best possible 

performance (Bailey, 1993). Moreover, a usability study conducted on websites 

indicated that for high appeal websites, participants’ impressions scores on appeal were 

not influenced by the website’s usability (Phillips & Chaparro, 2009). On the other hand, 

low appeal websites had higher final impressions scores for appeal given high usability 

(Phillips & Chaparro, 2009).  

The Current Study 

This study focused on the evaluation of dashboards showing blood glucose data 

of a hypothetical diabetic patient over a period of time (daily or monthly). Diabetes is a 

condition that requires patients, providers, as well as caregivers to constantly monitor 

various types of data that could affect the patient’s treatment plan (American Diabetes 
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Association (ADA), 2014). Patients and caregivers, for instance, are encouraged to 

monitor blood glucose concentrations because the process of monitoring helps improve 

glycemic control and improve patient satisfaction with the treatment plan, by reinforcing 

compliance via immediate feedback (O’Kane, Bunting, Copeland, & Coates, 2008). The 

American Diabetes Association recommends patients or parents and caregivers to 

share data generated from self-monitoring with healthcare providers who would then 

work with the patients to adjust their treatment plan, when necessary (ADA, 2014). 

Healthcare providers who are part of the group managing a patient’s treatment plan 

would benefit greatly from a dashboard display that can provide them a quick overview 

of the patient’s condition so they can monitor potential problems, prevent errors when 

viewing patient information, and make the necessary adjustments to deliver a high-

quality diabetes care (Koopman et al., 2011). 

Identifying how to make diabetes dashboards more effective and efficient will be 

very beneficial to patients, caregivers, and healthcare providers because this condition 

requires constant monitoring of patient data and important decisions are being made 

using those data, especially since diabetes cases are on the rise. According to the 

Kansas Diabetes Plan 2008-2013, the increase of diabetes cases in Kansas is at an 

alarming rate and it is not limited to adults (Kansas Department of Health and 

Environment (KDHE), 2008). Based on the Center for Disease Control (CDC, 2010) 

estimates, there are about 215,000 individuals in the United States who are 20 years 

and below have either Type 1 or Type 2 diabetes. Estimation based on the proportions 

of all persons with diabetes in the United States that live in Kansas indicates that about 

8.5% of adults in Kansas or nearly 180,000 have been diagnosed with diabetes (KDHE, 
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2008). Moreover, based on the estimate that 40% of diabetes is undiagnosed, there is a 

possibility that an additional 120,000 adults in Kansas have undiagnosed diabetes 

(Cowie et al., 2009). 

Methods 
	  

For this research, effectiveness and efficiency of dashboard displays for 

healthcare applications were evaluated under the paradigm of cognitive fit. The goal of 

the study is to identify the most efficient type of visualization for different types of users 

who might be using or viewing healthcare dashboards to solve problems and make 

decisions on different types of healthcare issues. This study also evaluated the effects 

of the type of information on visualization effectiveness.	  

Experimental Design 

A study was carried out with two groups of participants. Participants for the first 

group were healthcare providers and participants for the second group were patients 

with diabetes and family caregivers to patients with diabetes.  

Independent Variables 

Three independent variables were manipulated: problem-solving task type, 

visualization types, and the number of data points on the displays. Two distinct sets of 

problem-solving tasks were explored, one set framed as symbolic tasks and the other 

as spatial tasks. To respond to the tasks, dashboard displays were generated using 

fictitious data of a diabetic patient’s daily and monthly blood glucose readings. Number 

of data points is operationally defined as the number of data points present on the 

display. The two levels for this variable were: daily (a day’s worth of data) and monthly 

(a month’s worth of data). Daily displays contained the fasting blood glucose level for 
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that day, blood glucose level 2 hours after each of the three main meals of the day, and 

a snippet of the patient’s information such as: name, gender, and age. On the other 

hand, monthly displays contained the same information but included data points for 

each day of the entire month. Dashboard displays were generated using three different 

visualization types: tabular, graphical (using line chart), and infographical which 

included alphanumeric texts and other rich graphical elements.  

Dependent Variables 

The dependent variables were: response time, performance accuracy, and 

preference. Performance accuracy referred to how accurate participants’ responses are 

to the given spatial and symbolic tasks. Each task had only one correct response and 

each correct response was coded 1 and each incorrect response was coded 0. There 

were five trials for each condition; therefore, performance accuracy is the percentage of 

correct response out of the five trials. Response time referred to the time it took for the 

participants to respond to a specific task. The timer started from the time the dashboard 

that corresponded to the task was displayed to the time the participant verbally informed 

the experimenter that he or she was ready to respond to the given task. Response time 

was measured using a stopwatch and was manually recorded by the experimenter in 

seconds. The maximum time allotted per task was five minutes. If the participant did not 

supply an answer at the five-minute mark, the experimenter records that task as a miss 

and records the time as five minutes (or 300 seconds). At the end of the study, each 

participant was asked to rank the three types of displays (1 for the highest ranked or 

most preferred and 3 for the lowest ranked or least preferred). They were also asked to 
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give the corresponding preference ratings (0 for least preferred and 50 for most 

preferred).  

Statement of Hypotheses 

The following hypotheses on accuracy and response time were generated based 

on Cognitive Fit Theory (Vessey, 1991) and on related literature on aesthetics and 

preference: 

Hypothesis 1: Daily- Symbolic Tasks 

o Hypothesis 1a – Tables will lead to most accurate performance for 

symbolic tasks and daily displays. 

o Hypothesis 1b – Tables will lead to fastest performance for symbolic 

tasks and daily displays. 

o Hypothesis 1c – Infographics will be preferred for symbolic tasks and 

daily displays. 

Hypothesis 2: Monthly-Symbolic Tasks 

o Hypothesis 2a – Infographics will lead to most accurate performance for 

symbolic tasks and monthly displays.  

o Hypothesis 2b – Infographics will lead to fastest performance for 

symbolic tasks and monthly displays. 

o Hypothesis 2c – Infographics will be preferred for symbolic tasks and 

monthly displays. 

Hypothesis 3: Daily-Spatial Tasks 

o Hypothesis 3a – Graphs will lead to most accurate performance for 

spatial tasks and daily displays. 
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o Hypothesis 3b – Graphs will lead to fastest performance for spatial tasks 

and daily displays. 

o Hypothesis 3c – Infographics will be preferred for spatial tasks and daily 

displays. 

Hypothesis 4: Monthly-Spatial Tasks 

o Hypothesis 4a – Infographics will lead to most accurate performance for 

spatial tasks and monthly displays. 

o Hypothesis 4b – Infographics wil lead to fastest performance for spatial 

tasks and monthly displays. 

o Hypothesis 4c – Infographics be preferred for spatial tasks and monthly 

displays.	  

Participants 

Healthcare Providers 

For the first group, participants were composed of 27 healthcare providers (15 

females, 12 males). The average age of participants was 35.93 years (age range: 24-54 

years, SD = 8.69). Table 3 depicts the educational level and professional classification 

of the participants. 
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TABLE 3 

EDUCATION LEVEL AND PROFESSIONS OF HEALTHCARE PROVIDERS 

Education Level Participants 
  Post-baccalaureate degrees in health profession  
  Master’s degree  
  Bachelor’s degree  
  Associate’s degree  
  Some College  

6 
4 

10 
6 
1 

Specific Professions Participants 
  Emergency Medical Services Technician (EMS)  
  Registered Nurse  
  Physicians  
  Physician Assistants  
  Internal Medicine Resident  
  Licensed Practical Nurse  
  Medical Assistant  
  Optometrist  
  Registered Dietitian  

8 
8 
4 
2 
1 
1 
1 
1 
1 

 

All of the participants had professionally treated and/or managed over 20 patients 

with diabetes in the course of their careers. Table 4 depicts the participants’ level of 

experience in their current profession.	  

	  
TABLE 4  

YEARS OF EXPERIENCE IN CURRENT ROLES 

Years of Experience in  
Current Roles 

Participants 

5 or more years  
4 years  
3 years  
2 years  
1 year = 2 

18 
1 
4 
2 
2 

Frequency of Interaction with Patients with 
Diabetes 

Participants 

At least once a day  
A few times a week  
At least once a week  
A few times a month  
A few times a year  

12 
10 
2 
2 
1 
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When asked about their confidence level (0 = no confidence at all, 10 = very 

confident) in solving basic mathematics problems, the average confidence level for the 

participants in this group was 8.85 (range = 5-10; SD = 1.35). Table 5 depicts the 

participants’ highest level of mathematics course ever taken.  

TABLE 5  

HIGHEST MATHEMATICS COURSE TAKEN BY HEALTHCARE PROVIDERS 

 
Mathematics Courses Participants 

Calculus  
Algebra  
Trigonometry  
Geometry  

17 
7 
2 
1 

 

Patients and Family Caregivers to Patients with Diabetes 

For the second group, there were a total of 28 participants composed of 14 

patients with diabetes and 14 family caregivers to patients with diabetes. 

Patients. Fourteen of the participants (seven males and seven females) in the 

second group were patients with diabetes. Table 6 depicts information on the type of 

diagnoses and when participants were diagnosed with their condition. 

TABLE 6  

TYPE AND TIME OF DIAGNOSIS OF PATIENTS WITH DIABETES 

Type of Diabetes Participants 
Type 1 
Type 2 

8 
6 

Time of Diagnoses Participants 
5 or more years ago 
4 years ago 
1 year ago  

10 
1 
3 

 

 



	   	   	  22 

Table 7 depicts information on participants’ frequency of measurements, 

methods for recording, and frequency of monitoring blood glucose levels. Two out of the 

three participants who did not monitor their blood glucose trends were patients with 

Type 2 diabetes. 	  

	  
TABLE 7  

PATIENTS' BLOOD GLUCOSE MONITORING DETAILS 

Frequency of Testing for  
Blood Glucose 

Participants 

At least 4 times a day  
3 times a day  
2 times a day  
Fasting or upon waking up  

7 
1 
3 
3 

Method for Recording  
Blood Glucose Levels 

Participants 

Notebook or diary  
Glucometer recording  
On a personal computer  
Mobile application  
Both on a computer and glucometer  

6 
4 
2 
1 
1 

Frequency of Monitoring  
Blood Glucose Trends 

Participants 

Every week  
Every 2 weeks  
Every month  
Every 3 months  
Never  

3 
3 
3 
2 
3 
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Table 8 depicts information on participants’ medication and frequency of injecting 

insulin.	  

TABLE 8  

PATIENTS' MEDICAL DETAILS 

Patients Injecting Insulin Participants 
Type 1 patients  
Type 2 patients  

8 
1 

Frequency of Insulin Injections Participants 
 Type 1 patients 

4 times a day  
3 times da day  
Continuous via insulin pump  

Type 2 patient  
2 times a day 

 
4 
2 
2 
 

1 
Taking Other Medications  
with Insulin 

Participants 

Type 1 patients  6 
Taking Other Medication  
but NOT Insulin 

Participants 

Type 2 patients  5 
 

When asked about their confidence level (0 = no confidence at all, 10 = very 

confident) in solving basic mathematics problems, the average confidence level for the 

participants in this group was 8.93 (range = 7-10; SD = 1.21). Table 9 depicts the 

participants’ education level and the highest level of mathematics course ever taken. 	  

TABLE 9  

EDUCATION LEVEL AND MATHEMATICS  
KNOWLEDGE OF PATIENTS WITH DIABETES 

 
Education Level Participants 

Master’s degree  
Bachelor’s degree  
Associate’s degree  

1 
3 
2 

Mathematics Courses Participants 
Calculus  
Algebra 
Geometry  

5 
7 
2 
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Family Caregivers to Patients with Diabetes.  Fourteen of the participants (five 

males and nine females) in the second group were family caregivers to patients with 

diabetes. Table 10 depicts information on the type of diagnoses and when the family 

members these participants are caring for were diagnosed with their condition.	  

TABLE 10  

TYPE AND TIME OF DIAGNOSIS OF PATIENTS CARED FOR BY THE  
FAMILY CAREGIVER GROUP 

	  
Type of Diabetes Participants 

Type 1  
Type 2  

9 
5 

Time of Diagnoses Participants 
5 or more years ago  
4 years ago  
3 years ago  
2 years ago  
1 year ago  

10 
1 
1 
1 
1 

 

Ten out of the 14 participants helped their family members’ in measuring their 

blood glucose while four claimed that they did not. Both participants who did not monitor 

their patients’ blood glucose trends were caring for patients with Type 2 diabetes.  
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Table 11 depicts information on participants’ assistance in measurements and 

monitoring of blood glucose, methods for recording, and frequency of monitoring blood 

glucose levels. 	  

TABLE 11  

DETAILS ON THE FAMILY CAREGIVERS' ASSISTANCE ON  
MONITORING BLOOD GLUCOSE 

	  
Assist in Measuring  
Blood Glucose 

Participants 

Caregivers to Type 1 patients  
Caregivers to Type 2 patients  

8 
2 

Frequency of Assisting Patient with 
Measuring for Blood Glucose 

Participants 

At least 4 times a day  
3 times a day  
2 times a day  
Fasting or upon waking up  
Occasionally  

3 
3 
1 
1 
2 

Method for Recording  
Blood Glucose Levels 

Participants 

Notebook or diary  
Glucometer recording 
On a personal computer  
Mobile application and glucometer  
Does not record  

4 
7 
1 
1 
1 

Frequency of Monitoring  
Blood Glucose Trends 

Participants 

Every week  
Every 2 weeks  
Every month  
Occasionally  
Never  

5 
3 
2 
2 
2 
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All of the patients with diabetes that the participants were caring for were 

injecting insulin. Table 12 depicts information on the family caregiver’s patient’s 

medication and frequency of injecting insulin.	  

TABLE 12 

DETAILS ON MEDICATION FOR PATIENTS CARED FOR BY THE FAMILY 
CAREGIVER GROUP 

Helped Patients in Injecting Insulin Participants 
 Caregivers to Type 1 patients 
Caregivers to Type 2 patients  

7 
0 

Frequency of Insulin Injections Participants 
4 times a day  
3 times a day  
Once a day  
Occasionally  

4 
1 
1 
1 

Medications Participants 
Medications plus insulin  
Insulin only  

11 
3 

 

When asked about their confidence level (0 = no confidence at all, 10 = very 

confident) in solving basic mathematics problems, the average confidence level for the 

participants in this group was 8.07 (range = 4-10; SD = 2.06).  
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Table 13 depicts the family caregiver participants’ education level and the highest 

level of mathematics course ever taken.  

TABLE 13  

EDUCATION LEVEL AND MATHEMATICS KNOWLEDGE OF FAMILY CAREGIVERS 

Education Level Participants 
Master’s degree  
Bachelor’s degree  
Associate’s degree  
Some College  
High School diploma  

1 
6 
3 
2 
2 

Mathematics Courses Participants 
Calculus  
Algebra  
Pre-Algebra  
Differential Equations  
Quantitative Statistics  
Modern College Math  
High School Math  

4 
4 
2 
1 
1 
1 
1 

 

Materials 

Dashboard Displays 

Fictitious blood glucose readings for a hypothetical patient named Tony Stark 

were generated using a random number generator. Dashboard displays were generated 

using Microsoft Visio Professional 2013 and saved as Portable Network Graphic (.png) 

files.  

In total, participants viewed 72 dashboard displays, 12 of which being practice 

displays and the remaining 60 comprised the actual stimulus set where their 

performance was based (2 number of data points * 3 display types * 5 trials * 2 task 

types). Order of presentation of dashboard displays was completely randomized across 

participants.  
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Table 14 depicts the breakdown of displays for the practice and testing phases. 

TABLE 14  

BREAKDOWN OF DISPLAYS USED IN THE STUDY 

Practice Displays (total = 12) 
Spatial Tasks (total = 6) Symbolic Tasks (total = 6) 
1 
1 
1 

Daily-Graph 
Daily-Table 
Daily-Infographic 

1 
1 
1 

Daily-Graph 
Daily-Table 
Daily-Infographic 

1 
1 
1  

Monthly-Graph 
Monthly-Table 
Monthly-Infographic 

1 
1 
1  

Monthly-Graph 
Monthly-Table 
Monthly-Infographic 

Testing Phase Displays (total = 60) 
Spatial Tasks (total = 30) Symbolic Tasks (total = 30) 
5 
5 
5 

Daily-Graph 
Daily-Table 
Daily-Infographic 

5 
5 
5 

Daily-Graph 
Daily-Table 
Daily-Infographic 

5 
5 
5 

Monthly-Graph 
Monthly-Table 
Monthly-Infographic 

5 
5 
5 

Monthly-Graph 
Monthly-Table 
Monthly-Infographic 

 

Six unique displays were created for practice trials (3 display type * 2 number of 

data points). These 6 practice displays were presented with tasks framed as symbolic 

and spatial questions.  In total, the practice set consisted of 12 trials (6 unique displays * 

2 task types) that were shown to the participants at the beginning of the experiment 

session. Table 14 contains a list of the six unique practice dashboard displays.  

There were 30 unique dashboard displays used as stimuli for the study (2 

number of data points * 3 visualization types * 5 trials). Each unique dashboard display 

was used for two different tasks, one of those tasks was framed as a symbolic and the 

other task was framed as a spatial task. Therefore, participants viewed each unique 

dashboard display twice during the experiment session. 	  
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Problem-Solving Tasks 

A total of 72 tasks were developed for the two groups of participants with the help 

of subject-matter experts composed of representatives from the same population. The 

experimenter formulated the first set of 72 tasks and consulted with subject-matter 

experts representing different types of healthcare providers, patients, and family 

caregivers to patients with diabetes. Feedback from the group was used to refine and 

finalize the tasks used for the actual study. Twelve of the 72 tasks were used during the 

practice trials and the remaining 60 tasks were used for the testing phase. Table 15 

depicts the breakdown of tasks for the practice and testing phases. 

TABLE 15  

BREAKDOWN OF PROBLEM-SOLVING TASKS USED IN THE STUDY 

Practice Tasks (total = 12) 
Spatial Tasks (total = 6) Symbolic Tasks (total = 6) 
3  Daily 3  Daily 
3  Monthly 3 Monthly 
Testing Phase Tasks (total = 60) 
Spatial Tasks (total = 6) Symbolic Tasks (total = 6) 
15 Daily 15 Daily 
15 Monthly 15 Monthly 

	  
Display Presentation 

Displays were presented using Microsoft Office PowerPoint 2013 and 

participants viewed the visualizations on a widescreen flat panel display Dell UltraSharp 

monitor that had a diagonal viewable size of 22” (60.96 cm). 	  

	  
Printed Dashboards for Preference Rating and Ranking 

For the preference rating phase, participants were asked to place printed 

versions of representative visualizations (on 8 1/2” x 11” sized paper) on a 0-50 rating 

scale at one time. Rankings of preference were determined from the ratings. 
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Procedure 

Participants were seated in front of a desktop computer and were given a quick 

introduction on what to expect during the session. To put participants into context, the 

following scenario was presented on the screen and participants were asked to read it 

aloud: 

Tony Stark is a 31 year old, male patient, who was been diagnosed with 

Type 1 diabetes when he was 8 years old. He tests his blood glucose level 

four times a day and tracks the values using his computer. He tests his 

fasting blood glucose level upon waking up, which is usually around 6:00 

to 6:30 in the morning, and records that reading using the label Fasting. 

He eats breakfast at 7:00 in the morning and then tests his blood glucose 

again 2 hours after his meal and records that measure using the label 

After Meal 1. He eats lunch usually at noon and then tests his blood 

glucose again 2 hours after his meal and records that measure using the 

label After Meal 2. He eats supper/dinner usually at 7:00 in the evening 

and then tests his blood glucose again 2 hours after his meal and records 

that measure using the label After Meal 3. 

After introduction, a total of 12 practice trials (3 visualizations types * 2 problem-

solving tasks * 2 number of data points) were presented to ensure that participants 

understood the instructions before commencing with the testing phase. Before 

proceeding to the testing phase, participants were given a chance to ask questions. The 

testing phase consisted of 60 total trials with 30 trials for the two types of problem 

solving tasks (3 visualizations * 2 number of data points * 5 trials). The 60 trials were 
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randomized so that each participant received the trials in a unique order. Participants 

were allowed up to five minutes to provide their responses. If no response was given 

after the time limit elapsed, the experimenter recorded that task as a miss and records 

time as five minutes (300 seconds). 

After the testing phase, participants were asked to rate the dashboards based on 

their preference on a scale of 0-50 (0 being their least preferred and 50 being their most 

preferred). Tied ratings were not permitted.  

Results 
	  

The following results are separated into sections based upon the different 

dependent variables: performance accuracy, response time, and preference ratings. 

Under each section, results for each group of participants are presented. 

Performance Accuracy 

Performance accuracy was based on the percentage of participants’ correct 

responses within each condition (e.g., accuracy was equal to 60% if a participant had 

three correct answers out of the five trials within the “simple-spatial-table” condition). A 

2 x 2 x 3 (Problem-Solving Task x Number of Data Points x Visualization Type) 

repeated measures analysis of variance (ANOVA) was conducted to see if there was a 

difference between each condition in terms of performance accuracy. Holm-Bonferroni 

method was used to control for family-wise error rate (Holm, 1979). In cases where 

sphericity was not met, the appropriate corrections were applied. Partial η2 were 

interpreted using Cohen’s (1988) guidelines (Field, 2009; Kirk, 1996).  
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Healthcare Providers  

Summary. The three-way repeated measures ANOVA indicated statistically 

significant three-way interaction, with a large effect size, between problem-solving task 

(spatial and symbolic), number of data points (daily and monthly), and visualization type 

(graph, table, and infographic), F (2, 52) = 5.46, p < .01, partial η2 = .17, observed 

power = .83 (Cohen, 1988; Field, 2009; Kirk, 1996). Performance accuracy was 

influenced by the type of problem-solving task, number of data points, and type of 

visualization. When responding to symbolic problem-solving tasks using daily displays, 

healthcare providers were more accurate in both infographics and tables than when 

they were using graphs. However, given symbolic problem-solving tasks and monthly 

displays, healthcare providers were most accurate using tables, followed by 

infographics, and they were least accurate when using graphs. On the other hand, when 

responding to spatial problem-solving tasks using daily displays, healthcare providers 

were least accurate using graphs than they were in both infographic and tables. Given 

spatial problem-solving tasks, however, using monthly displays, they were least 

accurate using tables compared to when using graphs and infographics.  
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Figure 2 depicts the performance accuracy results among participants in the 

healthcare provider group. 

	  

Figure 2. Performance accuracy results among healthcare providers. 

Simple Main Effects. Table 16 depicts the independent variables that had 

statistically significant simple main effects on performance accuracy. 

TABLE 16  

PERFORMANCE ACCURACY SIMPLE MAIN EFFECTS FOR THE HEALTHCARE 
PROVIDER GROUP 

Problem-solving Tasks Type of Information Visualization Type 
Legend: 

 = Table 

 = Graph 
 = Infographic 

Symbolic Daily  =  >  
Monthly  >  >   

Spatial Daily  =  >  
Monthly  >  

 =  

 =  
Note: The > sign means accuracy is better. 
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Table 17 depicts the independent variables that had statistically significant main 

effect on performance accuracy, each with corresponding large effect sizes (Cohen, 

1988; Field, 2009; Kirk, 1996). 	  

TABLE 17  

PERFORMANCE ACCURACY MAIN EFFECTS FOR THE  
HEALTHCARE PROVIDER GROUP 

	  
Independent 
Variable (IV) 

df F p partial 
η2 

Obs. 
Power 

IV Levels Mean Std. 
Error 

Problem-solving 
task 

1, 26 16.64 < .01 .39 .98 Symbolic 0.693 0.010 
Spatial 0.773 0.020 

Visualization 
type 

1.70, 
44.27 

309.71 < .01 .92 1.00 Graph 0.511 0.014 
Table 0.850 0.016 
Infographic 0.837 0.015 

Type of 
Information 

1, 26 39.22 < .01 .60 1.00 Daily 0.785 0.007 
Monthly 0.680 0.020 

 

Patients and Family Caregivers to Patients with Diabetes 

Summary. The three-way repeated measures ANOVA indicated statistically 

significant three-way interaction, with a large effect size, between problem-solving task 

(spatial and symbolic), number of data points (daily and monthly), and visualization type 

(graph, table, and infographic), F (2, 54) = 4.38, p = .017, partial η2 = .14, observed 

power = .73 (Cohen, 1988; Field, 2009; Kirk, 1996). Performance accuracy was 

influenced by the type of problem-solving task, number of data points, and type of 

visualization. When responding to symbolic problem-solving tasks whether displays 

were daily or monthly, patients and family caregivers to patients with diabetes were 

most accurate using tables, followed by infographics, and they were least accurate 

using graphs. On the other hand, when responding to spatial problem-solving tasks 

using daily displays, participants were least accurate using graphs than they were in 

both infographic and tables. Given spatial problem-solving tasks, however, using 
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monthly displays, participants’ accuracy did not differ across visualization types. Figure 

3 depicts the performance accuracy results among patients and family caregivers. 

	  

Figure 3. Performance accuracy results among patients and family caregivers. 

Simple Main Effects. Table 18 depicts the independent variables that had 

statistically significant simple main effects on performance accuracy. 

TABLE 18  

PERFORMANCE ACCURACY SIMPLE MAIN EFFECTS FOR THE PATIENT AND 
FAMILY CAREGIVER GROUP 

Problem-solving Tasks Type of Information Visualization Type 
Legend: 

 = Table 

 = Graph 
 = Infographic 

Symbolic Daily  >  >  
 

Monthly  >  >  
 

Spatial Daily  =  >  
 

Monthly - 
Note: The > sign means accuracy is better. 
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Table 19 depicts the independent variables that had statistically significant main 

effect on performance accuracy, both of which have corresponding large effect sizes 

(Cohen, 1988; Field, 2009; Kirk, 1996).	  

TABLE 19  

PERFORMANCE ACCURACY MAIN EFFECTS FOR THE PATIENT AND FAMILY 
CAREGIVER GROUP 

Independent 
Variable (IV) 

df F p partial 
η2 

Obs. 
Power 

IV Levels Mean Std. 
Error 

Problem-solving 
task 

- - - - - Symbolic 0.664 0.010 
Spatial 0.677 0.023 

Visualization 
type 

2, 54 247.03 < .01 .90 1.00 Graph 0.411 0.019 
Table 0.829 0.018 
Infographic 0.773 0.019 

Type of 
Information 

1, 27 34.78 < .01 .56 1.00 Daily 0.739 0.012 
Monthly 0.602 0.024 

 

Although no hypothesis was made regarding differences between the two 

participant groups, similar patterns have emerged in the results with some exceptions. 

For accuracy, the only potential difference between the two groups was that healthcare 

providers were possibly more accurate on monthly-spatial displays compared daily-

spatial displays unlike patients and caregivers whose results indicated potentially similar 

accuracy levels on the said two conditions.      

Response Time 

Response time was measured in seconds and the data for this dependent 

variable was based on the average response time (in seconds) across the five trials 

within each condition. A 2 x 2 x 3 (Problem-Solving Task x Number of Data Points x 

Visualization Type) repeated measures analysis of variance (ANOVA) was conducted to 

see if there was a difference between each condition in terms of response time. Holm-

Bonferroni method was used to control for family-wise error rate (Holm, 1979). In cases 



	   	   	  37 

where sphericity was not met, the appropriate corrections were applied. Partial η2 were 

interpreted using Cohen’s (1988) guidelines (Field, 2009; Kirk, 1996).  

Healthcare Providers 

Summary. The three-way repeated measures ANOVA indicated statistically 

significant three-way interaction, with a large effect size, between problem-solving task 

(spatial and symbolic), number of data points (daily and monthly), and visualization type 

(graph, table, and infographic), F (2, 52) = 5.44, p < .01, partial η2 = .17, observed 

power = .83 (Cohen, 1988; Field, 2009; Kirk, 1996). Response time was influenced by 

the type of problem-solving task, number of data points, and type of visualization. When 

responding to symbolic problem-solving tasks using daily displays, healthcare providers 

were slowest on graphs, followed by infographics, and they were fastest on tables. 

However, given symbolic problem-solving tasks and monthly displays, healthcare 

providers were slowest on infographics compared to when they were using either 

graphs or tables. On the other hand, response time did not differ when healthcare 

providers responded to spatial problem-solving tasks on daily displays. For monthly 

displays and spatial problem-tasks, however, participants were slower using tables 

compared to infographics but not when compared to graphs. Figure 4 depicts the 

response time results for the participants under the healthcare provider group.  
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Figure 4. Response time results for the healthcare provider group. 

 

Simple Main Effects. Table 20 depicts the independent variables that had 

statistically significant simple main effects on response time.	  

	  
TABLE 20  

RESPONSE TIME SIMPLE MAIN EFFECTS FOR THE  
HEALTHCARE PROVIDER GROUP 

	  
Problem-solving Tasks Type of Information Visualization Type 

Legend: 

 = Table 

 = Graph 
 = Infographic 

Symbolic Daily  >  >  
 

Monthly  >  =  
 

Spatial Daily - 
Monthly  >  

=  

 =  
Note: The > sign means response time is slower (longer response time). 
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Table 21 depicts the independent variables that had statistically significant main 

effect on response time, both of which have corresponding large effect sizes (Cohen, 

1988; Field, 2009; Kirk, 1996). 

TABLE 21  

RESPONSE TIME MAIN EFFECTS FOR THE  
HEALTHCARE PROVIDER GROUP 

	  
Independent 
Variable (IV) 

df F p partial 
η2 

Obs. 
Power 

IV Levels Mean Std. 
Error 

Problem-solving 
task 

1, 26 125.87 < .01 .83 1.00 Symbolic   6.196 0.253 
Spatial 17.021 1.095 

Visualization 
type 

- - - - - Graph 11.214 0.752 
Table 11.873 0.647 
Infographic 11.738 0.755 

Type of 
Information 

1, 26 203.33 < .01 .89 1.00 Daily   3.655 0.172 
Monthly 19.562 1.179 

	  
 

Patients and Family Caregivers to Patients with Diabetes 

Summary. The three-way repeated measures ANOVA indicated statistically 

significant three-way interaction, with a large effect size, between problem-solving task 

(spatial and symbolic), number of data points (daily and monthly), and visualization type 

(graph, table, and 39nfographic), F (1.43, 38.64) = 17.55, p < .01, partial η2 = .39, 

observed power = 1.00 (Cohen, 1988; Field, 2009; Kirk, 1996). Response time was 

influenced by the type of problem-solving task, number of data points, and visualization 

type. When responding to symbolic problem-solving tasks using  daily displays, patients 

and family caregivers were slowest when using graphs, followed by infographics, and 

were fastest when using tables. However, given symbolic problem-solving tasks and 

monthly displays they were slowest when using infographics, followed by tables, and 

were fastest when using graphs. On the other hand, participants did not differ in 
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response time when responding to spatial problem-solving tasks using daily displays. 

Given spatial problem-solving tasks, however, using monthly displays, patients and 

family caregivers were slowest when using tables compared to both graphs and 

infographics.  

Figure 5 depicts the response time results for patients and family caregivers to 

patients with diabetes.

	  

Figure 5. Response time results among patients and family caregivers. 
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Simple Main Effects. Table 22 depicts the independent variables that had 

statistically significant simple main effects on response time.	  

TABLE 22  

RESPONSE TIME SIMPLE MAIN EFFECTS FOR THE PATIENT AND  
FAMILY CAREGIVER GROUP 

	  
Problem-solving Tasks Type of Information Visualization Type 

Legend: 

 = Table 

 = Graph 
 = Infographic 

Symbolic Daily  >  >  
 

Monthly  >  >  
 

Spatial Daily - 
Monthly  >  =  

Note: The > sign means response time is slower (longer response time). 

Table 23 depicts the independent variables that had statistically significant main 

effect on response time, each with corresponding large effect sizes (Cohen, 1988; Field, 

2009; Kirk, 1996). 

TABLE 23  

RESPONSE TIME MAIN EFFECTS FOR THE PATIENTS AND  
FAMILY CAREGIVER GROUP 

	  
Independent 
Variable (IV) 

df F p partial 
η2 

Obs. 
Power 

IV Levels Mean Std. 
Error 

Problem-solving 
task 

1, 27 94.46 < .01 .78 1.00 Symbolic   6.957 0.276 
Spatial 20.710 1.568 

Visualization 
type 

1.59, 
42.93 

7.44 < .01 .22 .93 Graph 12.647 0.802 
Table 15.806 1.239 
Infographic 13.049 0.958 

Type of 
Information 

1, 27 154.851 < .01 .85 1.00 Daily   4.837 0.309 
Monthly 22.830 1.576 
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Although no hypothesis was made regarding differences between the two 

participant groups, similar patterns have emerged in the results with some exceptions. 

For response time, all participants were generally slower when responding to monthly-

spatial tasks but patients and caregivers were particularly slowest when using tables in 

answering monthly-spatial tasks compared to when they were using the two other 

visualization types.  

	  
Preference Ratings 

Participants were asked to rate the daily and monthly displays according to their 

overall preference. In addition, participants were asked to rate the daily and high 

displays on two different contexts (spatial problem-solving task and symbolic problem-

solving task). Preference is rated on a 0-50 scale (0 = least preferred; 50 = most 

preferred. A 2 x 2 x 3 (Problem-Solving Task x Number of Data Points x Visualization 

Type) repeated measures analysis of variance (ANOVA) was conducted to see if there 

was a difference between each condition in terms of performance accuracy. Holm-

Bonferroni method was used to control for family-wise error rate (Holm, 1979). In cases 

where sphericity was not met, the appropriate corrections were applied. Partial η2 were 

interpreted using Cohen’s (1988) guidelines (Field, 2009; Kirk, 1996).  

Healthcare Providers 

Summary.	  	  The three-way repeated measures ANOVA indicated statistically 

significant three-way interaction, with a large effect size, between problem-solving task 

(spatial and symbolic), number of data points (daily and monthly), and visualization type 

(graph, table, and infographic), F (1.61, 41.83) = 9.76, p < .01, partial η2 = .27, observed 

power = .98. Preference rating was influenced by the type of problem-solving task, 
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amount of information, and type of visualization. When responding to symbolic problem-

solving tasks using daily displays, healthcare providers preferred infographics followed 

by tables, and they preferred graphs the least. Given symbolic problem-solving tasks 

and monthly displays, healthcare providers preferred both tables and infographics to 

graph. On the other hand, preference did not differ when healthcare providers 

responded to spatial problem-solving tasks on daily displays. For monthly displays and 

spatial problem-solving tasks, participants preferred infographics the most compared to 

both graphs and tables. Figure 6 depicts the preference ratings of participants under the 

healthcare provider group.  

	  

Figure 6. Preference ratings of healthcare providers. 
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Simple Main Effects. Table 24 depicts the independent variables that had 

statistically significant simple main effects on preference ratings. 

TABLE 24  

PREFERENCE RATING SIMPLE MAIN EFFECTS FOR THE HEALTHCARE 
PROVIDER GROUP 

Problem-solving Tasks Type of Information Visualization Type 
Legend: 

 = Table 

 = Graph 
 = Infographic 

Symbolic Daily  >  >  
Monthly  =  >  

Spatial Daily - 
Monthly  >  =  

Note: The > sign means user preference is higher. 

Table 25 depicts the independent variables that had statistically significant main 

effect on preference ratings, each with corresponding large effect sizes (Cohen, 1988; 

Field, 2009; Kirk, 1996). 

TABLE 25  

PREFERENCE RATING MAIN EFFECTS FOR THE  
HEATHCARE PROVIDER GROUP 

	  
Independent 
Variable (IV) 

df F p partial 
η2 

Obs. 
Power 

IV Levels Mean Std. 
Error 

Problem-solving 
task 

1, 26 8.26 < .01 .24 .79 Symbolic 34.525 0.851 
Spatial 32.389 1.200 

Visualization 
type 

1.67, 
43.37 

47.33 < .01 .65 1.00 Graph 22.944 1.854 
Table 36.074 1.282 
Infographic 41.352 1.244 

Type of 
Information 

1, 26 10.88 < .01 .30 .89 Daily 35.043 1.122 
Monthly 31.870 1.045 
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Patients and Family Caregivers to Patients with Diabetes 

Summary. The three-way repeated measures ANOVA indicated statistically 

significant three-way interaction, with a large effect size, between problem-solving task 

(spatial and symbolic), number of data points (daily and monthly), and visualization type 

(graph, table, and infographic), F (1.59, 42.97) = 10.39, p < .01, partial η2 = .28, 

observed power = .98 each with corresponding large effect sizes (Cohen, 1988; Field, 

2009; Kirk, 1996). Preference rating was influenced by the type of problem-solving task, 

number of data points, and type of visualization. When responding to symbolic problem-

solving tasks using both daily and monthly displays, patients and family caregivers 

preferred infographics and tables over graphs. However, given spatial problem-solving 

tasks and daily displays, patients and family caregivers’ preference did not differ across 

displays. On the other hand, when responding to spatial problem-solving tasks and 

monthly displays participants preferred infographics the most compared to both graphs 

and tables. Figure 7 depicts the preference rating results among patients and family 

caregivers to patients with diabetes.   

	  

Figure 7. Preference ratings of patients and family caregivers. 
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Simple Main Effects. Table 26 depicts the independent variables that had 

statistically significant simple main effects on preference ratings. 	  

TABLE 26  

PREFERENCE RATING SIMPLE MAIN EFFECTS FOR THE PATIENT AND FAMILY 
CAREGIVER GROUP 

Problem-solving Tasks Type of Information Visualization Type 
Legend: 

 = Table 

 = Graph 
 = Infographic 

Symbolic Daily  =  >  
Monthly  =  >  

Spatial Daily  -  
Monthly  >  =  

Note: The > sign means user preference is higher. 

Table 27 depicts the independent variables that had statistically significant main 

effect on preference ratings, each with corresponding large effect sizes (Cohen, 1988; 

Field, 2009; Kirk, 1996).  

TABLE 27  

PREFERENCE RATING MAIN EFFECTS FOR THE PATIENT AND  
FAMILY CAREGIVER GROUP 

	  
Independent 
Variable (IV) 

df F p partial 
η2 

Obs. 
Power 

IV Levels Mean Std. 
Error 

Problem-solving 
task 

1, 27 8.48 < .01 .24 .80 Symbolic 34.304 0.849 
Spatial 32.214 1.170 

Visualization 
type 

1.74, 
47.01 

48.50 < .01 .64 1.00 Graph 22.750 1.797 
Table 36.125 1.236 
Infographic 40.902 1.280 

Type of 
Information 

1, 27 9.80 < .01 .27 .86 Daily 34.744 1.122 
Monthly 31.774 1.011 

 
Although no hypothesis was made regarding differences between the two 

participant groups, results indicated similar patterns. For preference ratings, the two 
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groups were similar in their higher preference for Infographic visualizations for daily-

symbolic tasks and monthly-spatial tasks. The same similarities were observed in terms 

of their lowest preference for graphs for both daily and monthly symbolic tasks.     

Discussion 
	  

Dashboards are at-a-glance information displays that highlight the most 

important information needed to achieve certain objectives (Few, 2004). Healthcare 

providers could benefit from a dashboard display that provides a quick overview of the 

patient’s information because it is a monitoring tool that would help them make more 

informed adjustments in medications and other decisions relevant to the patient’s 

treatment plan (Koopman et al., 2011). On the other hand, patients with diabetes and 

their family caregivers could benefit from a monitoring tool since they are encouraged to 

constantly monitor blood glucose concentrations. Not only does monitoring help improve 

glycemic control among patients but the feedback that it generates could also affect 

patient satisfaction with their treatment plan (O’Kane et al., 2008). Despite the 

acknowledged benefits from dashboard displays, important questions about what types 

of visualization are effective, efficient, and preferred for these groups of users remain 

unanswered.  

The results of this study are discussed into sections based on the following 

hypotheses:  

Hypothesis 1: Daily- Symbolic Tasks 

o Hypothesis 1a – Tables will lead to most accurate performance for 

symbolic tasks and daily displays. 
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o Hypothesis 1b – Tables will lead to fastest performance for symbolic 

tasks and daily displays. 

o Hypothesis 1c – Infographics will be preferred for symbolic tasks and 

daily displays. 

Hypothesis 2: Monthly-Symbolic Tasks 

o Hypothesis 2a – Infographics will lead to most accurate performance for 

symbolic tasks and monthly displays.  

o Hypothesis 2b – Infographics will lead to fastest performance for 

symbolic tasks and monthly displays. 

o Hypothesis 2c – Infographics will be preferred for symbolic tasks and 

monthly displays. 

Hypothesis 3: Daily-Spatial Tasks 

o Hypothesis 3a – Graphs will lead to most accurate performance for 

spatial tasks and daily displays. 

o Hypothesis 3b – Graphs will lead to fastest performance for spatial tasks 

and daily displays. 

o Hypothesis 3c – Infographics will be preferred for spatial tasks and daily 

displays. 

Hypothesis 4: Monthly-Spatial Tasks 

o Hypothesis 4a – Infographics will lead to most accurate performance for 

spatial tasks and monthly displays. 

o Hypothesis 4b – Infographics wil lead to fastest performance for spatial 

tasks and monthly displays. 
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o Hypothesis 4c – Infographics be preferred for spatial tasks and monthly 

displays. 

Hypothesis 1 - Daily Display and Symbolic Problem-Solving Task 

Hypothesis 1a. Consistent with previous research and literature, participants 

were more accurate viewing tables compared to graphs when the tasks required 

specific value lookup and when the displays only contained daily information (Carter, 

1947; Carter, 1948; Powers et. al., 1984; Umanath et. al., Washburne, 1927). 

Healthcare providers were equally accurate when using tables and infographics and 

least accurate when using graphs. Infographic displays consistently resulted in more 

accurate performance compared to graphs but not when compared to tables.   

Hypothesis 1b. When it comes to response time, both participant groups were 

fastest with tables and slowest when using graphs, which is consistent with previous 

relevant studies (Carter, 1947; Carter, 1948; Powers et al., 1984). Infographic displays 

consistently resulted in faster performance compared to graphs but not when compared 

to tables.  

Hypothesis 1c. In terms of user preference, healthcare providers preferred 

infographics to the other two displays while patients and family caregivers preferred 

both tables and infographics to graphs. This particular result could imply that 

participants’ preference was influenced by the displays’ aesthetics, which in this case 

could be attributed to the more graphical and icon-based representations on the 

Infographic displays (Kurosu & Kashimura, 1995; Schenkman & Jonsson, 2000; van der 

Heijden, 2003). When compared to performance data, this result is not consistent with 

previous studies that indicated mismatch between performance and user preference 
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(Bailey, 1993; Greene et al., 1992; Phillips & Chaparro, 2009). In fact, participants 

preferred graphs the least, which also reflected their poor performance on that type of 

displays. 	  

Implied in these findings is that if the users’ tasks require lookup of specific 

values then tables are the best while graphs are the worst visualization type particularly 

for displays that contain relatively less amount of information (Coll et al., 1994). It could 

also be implied that using this particular infographic design is effective and efficient in 

visualizing this type of information compared to using line graphs that do not contain 

specific data labels. A potential reason for this is that for this display and task type, 

participants were only required to track a maximum of four blood glucose readings and 

that could be easily identified on both tables and infographics but not graphs because 

the data points on the graphs were not labeled with exact numbers and the participants 

had to rely on estimating the values using the x- and the y-axes. 

Hypothesis 2 - Monthly Display and Symbolic Problem-Solving Task 

Hypothesis 2a. Consistent with previous research and literature, participants 

were more accurate when using tables compared to graphs when the tasks required 

specific value lookup and even when the displays contain greater amount of 

information, such as a month’s worth of blood glucose readings (Carter, 1947; Carter, 

1948; Powers et. al., 1984; Umanath et. al., Washburne, 1927). Participants were also 

more accurate with tables compared to infographics, which could imply that the 

simplicity of tables is still superior on tasks that require specific value lookup. When 

using tables, all they had to initially identify was the column heading and followed 

corresponding row (or vice versa) to identify the data in a given cell. On the other hand, 
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infographics required them to have an understanding of the graphical information and 

the metaphorical representations before they could start looking for the information. 

Another interesting result was the advantage of infographics in terms of accuracy when 

compared to graphs. This could be an indication that although it did not lead to highest 

accuracy, this particular infographic design could potentially be a better display for this 

task and this dataset than graphs. A potential disadvantage of graphs for this condition 

was the lack of specific data labels on each point which could have lead participants to 

just make the closest estimate based on the labels of the y-axis.   

Hypothesis 2b. When it comes to response time, results were not consistent 

with previous studies because participants were not faster when viewing tables 

compared to graphs. In fact, patients and family caregivers were faster viewing graphs 

than tables (Carter, 1947, Carter, 1948, Powers et al., 1984). There is a possibility that 

participants might have been less accurate viewing graphs in this condition because 

they also spent the least amount of time on it. Another interesting result would be with 

regards to infographics because while those displays led to more accurate performance 

compared to graphs, it also led to slowest response time compared to the two other 

visualization types. This could imply that when using this infographic design, 

participants needed more time to understand the display before they can provide their 

responses.  

Hypothesis 2c. Participants from both groups preferred both tables and 

infographics to graphs. This implies that when users are required to look for specific 

values and when the dataset contains a month’s worth of information there is a potential 

for their performance, particularly accuracy, and preference to match. This could be an 
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implication of the potential effects of aesthetics on user performance, similar to what 

was found in previous studies (Sonderegger & Sauer, 2010; Salimun et al., 2010).  

It is important to emphasize that even when they were fastest when using 

graphs, they also preferred it the least and they were also least accurate on it. This 

indicates that their speed of responding did not reflect accurate performance or higher 

preference, which is consistent with previous studies on performance and preference 

mismatch (Bailey, 1993; Greene et al., 1992; Phillips & Chaparro, 2009). A potential 

implication of this result would be the necessity of including data labels with graphs in 

order to provide sufficient information to users who would perform symbolic types of 

tasks on the display.  

Hypothesis 3 - Daily Display and Spatial Problem-Solving Task 

Hypothesis 3a. When tasks required participants to make associations within 

data and the displays contained daily information, results were not consistent with 

previous studies wherein graphs lead more accurate performance (Umanath et al., 

1988; Umanath et al., 1990; Washburne, 1927). In this study, both participant groups 

were more accurate viewing tables and infographics compared to graphs. A potential 

explanation for this result could be that when the displays contained relatively less 

amount of information (daily versus monthly) the benefits from presentation of data 

using line graphs diminished because participants did not exactly need to monitor 

complex trends and they were still able to easily make associations within data (Coll et 

al., 1994). It also implies that given displays containing four data points such as the 

daily displays used in this study, participants could benefit from data labels with specific 

values rather than displaying the shape of the trend. There is a possibility that as 
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participants tried to make associations within the data, the values presented on the 

tabular and infographic displays provided them with more certainty on their responses 

compared to the ambiguity of the unlabeled line graphs. 

Hypothesis 3b. Results were not consistent with previous studies wherein 

graphs lead to faster performance (Wainer & Reiser, 1976). In this study, there was no 

statistically significant difference in terms of response time. This indicates that even 

though they were more accurate when using tables and infographics, they did not 

necessarily performed faster using those two displays. 

Hypothesis 3c. There was no statistically significant difference in terms of user 

preference. This indicates that even though they were more accurate when using tables 

and infographics, participants did not prefer either tables or infographics, which could be 

an indication of performance versus preference mismatch similar to the findings of 

previous studies (Bailey, 1993; Greene et al., 1992; Phillips & Chaparro, 2009).  

Another implication from this result is that despite including icons and metaphors 

which could have increased the aesthetics appeal of infographics, those did not 

necessarily lead to higher preference unlike findings from previous studies (Kurosu & 

Kashimura, 1995; Schenkman & Jonsson, 2000; van der Heijden, 2003).  

Hypothesis 4 - Monthly Display and Spatial Problem-Solving Task 

Hypothesis 4a. Consistent with previous studies on cognitive fit theory, when 

tasks required participants to make associations within the data and the data contained 

a month’s worth of information, healthcare providers but not patients and family 

caregivers were found to be more accurate when using graphs than tables but not when 

compared to infographics (Umanath et al., 1988; Umanath et al., 1990; Washburne, 
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1927). This result particularly highlights the advantage of using line graphs with 

increasing number of information in the display. It also emphasizes how including spark-

lines or trend-lines on this particular infographic design led to some advantages in terms 

of performance accuracy. This implies that a potentially good infographic design could 

benefit from employing visualization techniques that could address the needs in solving 

both spatial and symbolic tasks. It is worth noting that healthcare providers were as 

accurate with tables as they were with infographics. 

Hypothesis 4b. An interesting result for monthly displays and spatial tasks was 

that participants were slowest with tables. This implies that using tables in visualizing 

monthly information could lead to poor performance especially if the primary purpose of 

the visualization is to perform spatial tasks. It is important to note, however, that 

healthcare providers were as fast with infographics as they were with graphs.  

Hypothesis 4c. In terms of the results on preference ratings, the fact that 

participants preferred infographics indicates consistency with research findings on 

performance and preference mismatch (Bailey, 1993; Greene et al., 1992; Phillips & 

Chaparro, 2009). Contrary to the hypotheses, infographics did not lead to better 

performance but it led to higher preference compared to the other types of visualization. 

This result could also be an indication of the influence of aesthetics on user preference 

but not on their performance(Kurosu & Kashimura, 1995; Schenkman & Jonsson, 2000; 

van der Heijden, 2003).  

Results for Infographic displays indicate that this infographic design could 

potentially be effective for tasks that require users to look for relationships within data 

on displays that contain a month’s worth of information. It will be interesting to explore 



	   	   	  55 

variations of this infographic design in future studies to determine what changes could 

be made to make it the most effective and efficient visualization for this task and 

information types. 

Limitations 

One of the limitations to the current study is that it included only one design for 

the infographic visualization type when there could have been many different designs 

that would fit the operational definition employed. This limits the generalization of the 

current results to infographic designs that contain the same visualization elements as 

the one used in the current study (i.e., calendar format for specific information and spark 

lines for viewing trends). The decision to stick with just this infographic design was due 

to the fact that literature on data visualization using infographics is still in its infancy. 

While there are countless dashboards using infographics in the real world, previous 

research only focused on tables and graphs. Therefore, during the design stage for the 

infographic used in this study, the researcher had to make informed decisions on what 

types of visual and graphical elements to isolate and prioritize relevant to the data, the 

task, and the target participants. It must be emphasized that the researcher’s intent is to 

identify the most efficient visual and graphical elements for an infographic display for 

this type of data via the process of elimination. It is not the researcher’s intent to convey 

that the chosen visual elements are the best and the only option for the current 

conditions being explored. Through this study, there is now a research-based 

explanation on whether or not the chosen visual and graphical elements are effective 

within this context. The next step would be to conduct more research on the topic and 
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use other visual and graphical elements for the infographic dashboard display 

conditions.	  

Future Research 

There are a number of future studies that can be explored using the same 

theoretical framework and experimental design as the current study. This includes 

testing across different domains, populations, data, and visualization designs.  

Future research that explores different infographic design for the blood glucose 

level data would add wealth to the literature on data visualization. A majority of literature 

on the topic discusses visualization in terms of graphs and tables but not infographics, 

as operationally defined in this study. Including infographic as one of the types of 

display for this study is only the first step. There are numerous ways of visualizing 

information using infographics and there are different visual elements that can be 

included that could potentially improve effectiveness of dashboards. An interesting 

future study would be designing several options for an infographic dashboard display 

using the same blood glucose level data used for this study and apply the same 

experimental design. This would provide future designers with more information on what 

types of graphical and visual elements, layout options, and other design-related factors 

lead to an effective infographic dashboard. Another interesting future study would be an 

exploration of dashboards that combines different visualization types such as, a 

combination of tables and graphs, tables and infographics, graphs and infographics, or 

all of the three visualization types.  

In healthcare, providers interact with numerous types of data when making 

decisions about their patients. One future study could explore visualization and 
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dashboard designs for other types of data that healthcare providers have to monitor, 

such as: blood pressure, weight, height, laboratory results, and medication-related 

information.  Oftentimes, healthcare providers need to compare more than one type of 

data to ensure that they are considering all relevant factors in their decisions.  

Another future study could explore visualization and dashboard design that 

includes not just one type but several types of data that would be relevant for a 

healthcare provider viewing a patient’s record. For example, a physician who is 

monitoring a diabetic pediatric patient’s record would potentially benefit from a 

dashboard containing not just the blood glucose levels over time but also the patient’s 

calorie intake, carbohydrate intake, activity level, weight, cholesterol levels, and the 

units of insulin the patient takes with each meal. It will be interesting to examine if there 

is a difference in the type of decisions a physician would make depending on the type of 

visualization and the amount of data available to them at the time of the decision.  

Healthcare providers are composed of individuals belonging to different 

specializations and training. This means that a team of healthcare providers caring for a 

single patient would differ in terms of their responsibilities, priorities, and goals as well 

as their type and level of education. Future research that would compare performance 

and preference of different groups of healthcare providers would be interesting because 

it would provide information on what type of visualization would be most effective for 

each role.  

Another interesting study would be exploring the idea of dashboard 

customization depending on user roles. Here are some questions that can be explored: 

If users were given a default dashboard that can be customized, how would they 
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prioritize and arrange the information on the screen? If users were given the ability to 

select the type of visualization for a specific set of data on their dashboard, what type of 

visualization would they select and prefer? If users were allowed to customize their own 

dashboards, will they be more accurate and efficient using it compared to using a 

default dashboard design and layout?  

With the growing popularity of mobile devices and the emergence of wearable 

devices, screen real estate is becoming smaller than ever and we can only expect an 

immediate demand for dashboard designs that would be able to fit these smaller 

displays. Future research could be conducted on designing a dashboard for different 

sizes of screen real estate using a specific dataset. This would require exploration of not 

just the what type of visualization to use but also of how information should be 

prioritized, especially since the real estate for wearable devices could only fit about 2-3 

lines of text. Some devices that contain this type of dashboards already exist. For 

example, the dashboards for wearable fitness devices that currently exist and are being 

viewed by users on the fitness device itself, on a mobile app (phone or tablet), on a 

laptop, or on a desktop computer. Before examining how these dashboards are being 

used, one important topic to explore would be how these dashboards were designed to 

begin with. This would entail detailed evaluation of each dashboard designed for each 

type of display.  

The topic of data visualization and dashboard displays in the age of information 

technology is not only relevant to the domain of healthcare. In fact, it could be applied in 

many different domains (e.g., energy management, weather, stock market, nuclear 

power plants, aviation, petroleum plants) that have a variety of data that need to be 
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visualized and reduced into dashboards to be used by a variety of unique users who 

would then need to extract information and make decisions using those dashboards, 

which in most cases, happen under the most complex of circumstances. The 

experimental design employed in the current study could benefit researchers in different 

domains by providing a methodology that they could use to evaluate the dashboards 

that they currently have and to evaluate future designs that they are considering to 

produce. Moreover, user-interface designers could benefit from the current study since 

the results provide a guideline on what visualization type leads to higher accuracy, 

lowest response time, and higher user preference given the context of specific 

questions users ask as they are using dashboards. 

Conclusion  

Table 28 summarizes the main findings from this study and indicates what type 

of visualization is optimal under what task and information type.	  

TABLE 28 

SUMMARY OF RESULTS 
 

 
Dependent 
Variables 

 
Best 
Or  
Worst  

Symbolic  
Problem-Solving Task 

Spatial  
Problem-Solving Task 

 
Daily 

 
Monthly 

 
Daily 

 
Monthly 

Accuracy Best Table            AB 
Infographic   A 

Table            AB Table            AB 
Infographic   AB 

Graph            A 

Worst Graph           AB Graph           AB Graph           AB Table             A 
 

Response 
Time 

Best Table            AB 
 

Graph           AB 
Table            A 

- Infographic   AB 
Graph           B 

Worst Graph           AB 
 

Infographic   AB - Table            AB 

Preference Best Infographic   AB 
Table            B 

Infographic   AB 
Table            AB 

- Infographic   AB 

Worst Graph           AB Graph           AB - Table            AB   
Graph           AB 

Note: ‘A’ means Healthcare Providers and ‘B’ means Patient and Family Caregivers. 
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Results of this study indicated that accuracy, response time, and preference are 

affected by visualization type, information type, and problem-solving task type. All of the 

statistically significant results were also supported by large effect sizes (Cohen, 1988; 

Field, 2009; Kirk, 1996). 

Tables resulted in highest accuracy when tasks were symbolic regardless of the 

information type the displays contained. Tables also led to fastest response time for 

daily information and symbolic problem-solving tasks. Along with infographics, tables 

were preferred for monthly information and symbolic problem-solving tasks.    

Graphs, on the other hand, resulted in more accurate performance on spatial 

problem-solving tasks and monthly but not for daily information type. However, graphs 

produced least accurate performance for symbolic tasks (both daily and monthly 

information types). Graphs were also the least preferred for symbolic tasks but were 

similar in terms of user preference with tables for spatial tasks.  

Infographics were the most preferred display overall. Specifically, participants 

preferred it the most for symbolic tasks, regardless of the information type, as well as for 

spatial tasks and monthly information type. In terms of response time, infographics 

resulted in slowest performance for symbolic tasks and monthly information but not in 

any other condition. In terms of accuracy, infographics did not result in the most or least 

accurate performance in any of the conditions.  

In conclusion, users who would use dashboard displays to look up specific 

information would benefit the most from tables rather than graphs, but would also 

perform reasonably efficiently when using infographics. On the other hand, users who 

would use dashboard displays to look at trends with higher amounts of information 
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would benefit the most from graphs, followed by infographics, but not from tables. 

Lastly, since the infographics design for this experiment led to highest preference 

overall and only led to slower response time for monthly information and symbolic tasks, 

it is therefore recommended to further explore variations of the design to explore what 

changes may result in better performance. The main advantage for infographics was 

that even though performance when using it was average, high preference rating could 

potentially result in continued use of the displays. Within the context of diabetes 

dashboards or healthcare dashboards in general, displays that encourage continued 

use are beneficial because they could potentially lead to better informed decision-

making process for healthcare providers, patients, and family caregivers. Moreover, 

when users such as patients and family caregivers prefer the displays that they are 

using, it could potentially keep them engaged and motivated to monitor their healthcare 

data closer, which would then hopefully lead to a more proactive patient-provider 

communication.  
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CHAPTER II 
 

EXTENDED LITERATURE REVIEW 
 

The application of information technology has a potential to improve the quality of 

healthcare (Koopman et al., 2011). Information technology streamlines workflow and 

allows for features like automated alerts and reminders, which could potentially 

decrease medical errors (Kushniruk, Triola, Borycki, Stein, and Kannry, 2005). 

However, instead of functioning as dynamic patient care tools, these systems are 

sometimes utilized as mere data repositories not unlike the paper-based predecessors 

(Koopman, et al., 2011). To take advantage of the decision support potentials of 

electronic health records (EHRs) not only should improvements be made on the human-

computer interface but there is also a need to summarize available information on the 

level of each individual patient (Sittig et al., 2008). Koopman and colleagues (2011) 

pointed out that current EHRs contain high volumes of poorly organized information 

which when combined with the high demands and complexity of healthcare workflows 

could potentially introduce cognitive overload among its users (Kirsch, 2000). When too 

much information becomes a problem, it is important to find ways to present relevant 

information succinctly (Sittig et al., 2008; Rose et al., 2005). One possible solution to 

information overload is the information dashboard (Few, 2007). Figure 1 depicts an 

example of a common dashboard.  
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Figure 1. Screenshot of University of Massachusett's energy dashboard. 

According to Few (2007), properly designed dashboards have the ability to 

display and communicate large amounts of information in a small amount of space and 

in a clear and immediate manner. Few (2004) defined dashboard as “a visual display of 

the most important information needed to achieve one or more objectives; consolidated 

and arranged on a single screen so the information can be monitored at a glance” (p. 3). 

In visualizing information, it is important to ensure that it follows the principles of user-

centered design (Tory and Mӧller (2004). Tory and Mӧller (2004) mentioned that most 

visualization research is focused on identifying new and faster data display techniques 

while neglecting the principle of usability for its intended users. Intuitiveness of visually 

presented information will be affected by how humans perceive, understand, and 

interact with the visual display (Tory & Mӧller, 2004). Tory and Mӧller (2004), further 

emphasized the importance of studying visualization techniques and its effectiveness as 

a cognitive support, specifically, to identify whether it is effective, and if so, when and 
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why. Since the manner by which information is presented is an essential component of 

a dashboard, it is important to evaluate the different ways of visualizing information and 

how it affects user performance.  

A Brief History of Dashboards 

Predecessors to the dashboards known today were the Executive Information 

Systems (EIS) (Few, 2006; Watson, Houdesdel, & Rainer, 1996). In its early days, there 

were very few EIS and most were intended to provide an integrated view of information 

to company executives (Few, 2006; Few, 2009). Although it was able to generate 

significant level of interest, effective solutions were hard to develop during the early 

days of computing technology (Few, 2009; Morrissey, 2007). The 1980s witnessed both 

the rise and hibernation of the EIS because it came about before the evolution of data 

warehousing and business intelligence (Few, 2006). During the 1990s, the emphasis 

was on data gathering, data storage and integration, as well as guaranteeing accurate, 

timely, and useful access to information (Few, 2006). It was also in the 1990s when 

data warehousing, online analytical processing (OLAP), and business intelligence were 

developed but it mostly benefited individuals who are proficient in computers and are 

able to navigate through large and complex databases (Few, 2006).  

In the latter part of the 1990s, advances in data warehousing, OLAP, and 

business intelligence contributed to the emergence of the use of metrics in management 

currently known as the Business Performance Management (BPM). Kaplan and 

Norton’s (1996) “Balanced Scorecard” introduced the concept of key performance 

indicators (KPIs) in management. EIS-type of displays reemerged as a product of the 

available technological infrastructure and the growing interest in metrics that can be 
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monitored easily (Few, 2006). After the Enron scandal in 2001, corporations were 

pressured to assure their shareholders that they were in control (Few, 2006). According 

to Few (2006), corporations had to demonstrate that they were capable of monitoring 

information closely. The increased accountability among corporate executives prompted 

them to seek tools that allowed managers at all levels to closely monitor performance 

(Few, 2006). Few (2006) stated that it was the Enron scandal in 2001 that brought 

emphasis on the benefits of dashboards because it was at that point when business 

intelligence vendors started offering a vast array of dashboard software.  

Dashboards of Today 

Few (2004) emphasized that a dashboard does not refer to a specific type of 

information or technology but a specific type of display or style of presentation. The 

purpose of a dashboard is to efficiently keep in touch with the information needed to 

accomplish an action and the means of presentation is a single-screen display. In order 

for dashboards to be effective, the following attributes are required: high-level summary; 

concise, clear, and intuitive display, and customized content (Few, 2004). Dashboards 

should display and communicate high-level summaries and exceptions at a glance 

(Few, 2004). Primarily, dashboards convey “what” is happening and not necessarily 

“why” it is happening although it can serve as a starting point of investigation allowing 

users to drill down for more details (Few, 2004). Proper display mechanisms and 

graphical elements are used in order for a dashboard to clearly communicate its 

messages without going beyond the real estate limits of a single-screen display (Few, 

2004). The manner by which information is presented on a dashboard should be 



	   	   	  70 

customized specific to its intended users to ensure that whatever is being presented is 

communicated to and understood by the users (Few, 2004).  

Few (2006) categorized dashboards based on role (strategic, analytical, and 

operational), the type of data being displayed (quantitative and non-quantitative), the 

domain of the data (sales, finance, marketing, manufacturing, human resources), type 

of measures (balanced scorecard, six sigma, and non-performance), span of data 

(enterprise-wide, departmental, individual), frequency of updates (monthly, weekly, 

daily, hourly, real time or near real time), interactivity (static display and interactive 

display), display mechanisms (graphical, text, integration of graphics and text), and, 

portal functionality (conduit to additional data, no portal functionality). Although there are 

more than three roles that dashboards play other than strategic, analytical, and 

operational, Few (2006) focused on these three because of their relationship to visual 

design differences.  

Dashboards that support managers in an organization are strategic in nature 

since they provide an overview of the current status of the business, which managers 

can use to make decisions (Few, 2006). Strategic dashboards are best visualized using 

simple display mechanisms especially since they do not require real-time data (Few, 

2006). According to Few (2006), this type of dashboard could benefit from static 

snapshots taken on a daily, weekly, or monthly basis. On the other hand, dashboards 

used for analytical purposes require presentation of information in rich context and 

comparisons, often demanding more extensive historical data, and performance 

evaluators are made subtle (2006). Strategic and analytical dashboards are somewhat 

similar because they do not require real-time data and could very well benefit from static 
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snapshots of data (Few, 2006). According to Few (2006), analytical dashboards should 

allow users to make sense of and examine the data by letting them drill-down and 

explore but are not required to support all subsequent interactions. It should, however, 

be able to seamlessly link to the data analysis mechanisms (Few, 2006). Few (2006) 

explained operational dashboards as those that are used to monitor operations and are 

dynamic and immediate in nature. Operational dashboards require real-time data, 

attention, and immediate response (Few, 2006). Operational dashboards, though, are 

similar to strategic ones in terms of their need for a simple display (Few, 2006). Visual 

design for operational dashboards should highlight information that falls out of the 

acceptable threshold and immediately grab users’ attention (Few, 2006).  

Dashboard Use in Different Domains 

Another domain where dashboards are found useful is software development 

where it is necessary for members of the team to maintain awareness of the activities of 

other developers in their team (Biehl, Czerwinski, Smith, & Robertson, 2007). A 

visualization tool called Fostering Awareness for Software Teams Dashboard 

(FASTDash) was built to help teams gain awareness of team activities (Biehl et al., 

2007). This tool allowed programmers to have immediate access to information such as 

changes in code files, who made the changes to code files, and how are code files 

being used (Biehl et al., 2007). According to Biehl and colleagues (2007), the tool also 

allows programmers to annotate the visualization to enrich activity information with 

status details. An observational study was conducted before and after introduction of 

the tool to understand the impact of FASTDash on users’ awareness of each other’s 

activities (Biehl et al., 2007). Prior to using the FASTDash tool, programmers 
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communicated with each other verbally and through using both informal and formal 

tools of communication (Biehl et al., 2007). Examples of informal tools are whiteboards 

and sticky notes and examples of formal tools are design documents and bug 

databases (Biehl et al., 2007). Results of the study indicated that when compared to 

using it improved team awareness, increased communication among team-members 

particularly on project-related information, and decreased reliance on shared artifacts 

(Biehl et al., 2007).  

McKeon (2009) implemented dashboards in the form of a collaborative website 

that allowed users to build visualization dashboards using a combination of wiki-based 

syntax and interactive editors. The goal was to integrate visualization construction, 

organization of knowledge, and multi-visualization layout into a single (McKeon, 2009). 

McKeon further stated that the collaborative website called Dashiki was intended to be 

well-integrated with web applications and flexible to be used in a variety of context 

(2009). Successfully-built multi-visualization tools using Dashiki have been applied to 

various contexts ranging from literary analysis, website traffic statistics, and world 

financial crisis (McKeon, 2009).  

In the field of energy efficiency, dashboards that contain visualized information 

can be used to stimulate ideas and encourage actions (LaMarche & Sachs, 2011). 

Users’ interaction with a dashboard interface could potentially influence cognitive and 

behavioral factors that are normally involved in decision-making process (Fogg, 2003). 

Successful implementation of an energy dashboard not only affect user experience but 

energy consumption behaviors as well (LaMarche & Sachs, 2011). In LaMarche and 

Sachs (2011), participants examined paper prototypes of seven dashboards and were 
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tasked to complete an aesthetics and usability ratings task. Comparisons of user ratings 

of the home energy dashboards provided evidence of the importance of incorporating 

principles of design and psychology when designing visual technologies that target 

energy consumption behaviors (LaMarche & Sachs, 2011).  Figure 2 is a screenshot 

from the University of Massachusetts’ energy dashboard program (University of 

Massachusetts, 2014). 

Dashboards in Healthcare 

In healthcare, dashboards are used to provide clinicians with relevant and timely 

information to inform decisions about patient care (Koopman et al., 2011). Koopman 

and colleagues (2011) conducted a study on a diabetes dashboard which summarized 

information for patients. The objective of the study was to quantify the amount of time 

clinicians saved when using the dashboard versus searching through the chart to 

retrieve information (Koopman et al., 2011). Participants in the study were required to 

access and search for patient information within the EHR containing data of two 

simulated patient charts. One of the two simulated patient charts had the information 

dashboard function enabled while the other required the physicians to use the 

conventional search of information through multiple areas of the EHR (Koopman et al., 

2011). Participants took significantly less time to find all of the ten data elements and 

incurred far fewer  mouse clicks when using the dashboard (Koopman et al., 2011). 

Koopman and colleagues (2011) mentioned that data from interviews indicated an 

overwhelmingly positive opinion about the dashboard. Some participants suggested 

additional features such as alerts to indicate any actions that are due and the capability 

to import elements from their dashboard into their notes (Koopman et al., 2011).  
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While the study by Koopman and colleagues (2011) did not discuss outcome 

variables associated with the dashboard usage, such as improved quality of care, other 

studies have addressed this (Linder et al., 2006). Linder and colleagues (2006), were 

interested in improving clinical decision support and population-based healthcare quality 

by designing an integrated and documentation-based clinical decision support system 

(Smart Forms) and a physician feedback system in the form of a dashboard (Quality 

Dashboards). According to the researchers, the design of these two systems took into 

consideration the clinician workflow and addressed deficiencies in quality of care by 

delivering actionable decision support to the point of care (Linder et al., 2006).    

Flannigan, Toland, and Hogan (2010), outlined the advantages of using 

dashboards in neonatal care. According to the authors, dashboards allowed users to 

quickly identify what areas did not meet specified goals, which in turn allowed users to 

place appropriate strategies to identify potential solutions to achieve those goals 

(Flannigan et al., 2010). Without dashboards, users tended to spend more time 

collecting, interpreting, and presenting data that led to delays in implementation of 

strategies that were identified to solve problems (Flannigan et al., 2010). In modern 

healthcare environments where doctors are required to spend more time working shifts 

than spending time in the unit during their normal working hours, staff members are 

rarely present in the department at a given time thereby making dashboards vital 

communication tools. Hospital staffs can use dashboards to monitor for updates about 

what is happening at both the patient and unit level (Flannigan et al., 2010). Flannigan 

and colleagues (2010) further emphasized that dashboards would particularly benefit 

staffs working during the night shift because these are the individuals who are unable to 
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attend team meetings that normally occur during normal working hours. Real time view 

of the unit’s performance against the British Association of Perinatal Medicine’s (BAPM) 

standards (e.g., percentage of staff who have undergone neonatal course, average 

monthly score for environmental cleanliness, average monthly score for hand hygiene, 

average monthly occupancy in neonatal unit) allows for quicker feedback, which in turn 

permits for a more timely correction of poor performance (Flannigan et al., 2010). 

Moreover, Flannigan and colleagues mentioned that not only do dashboards allow 

timely feedback but they also convey the said information in a visually pleasing form 

(2010).  

Another example of dashboard implementation in healthcare is reflected in the 

study conducted by Wolpin (2005).  In this study, an automated intranet dashboard that 

presented graphical information on a display working alongside other tools intended for 

learning and collaboration was investigated. Healthcare executives not only welcomed 

the intranet dashboard but findings have shown that it also encouraged improved quality 

of coordination efforts. Moreover, the fact that received monthly email updates with links 

to the dashboard motivated participants’ use. Dashboards also resulted to increased 

communication and coordination among healthcare executives (Wolpin, 2003). 

Moreover, qualitative data analysis indicated that healthcare executives consider more 

traditional reporting mechanisms to be suboptimal and that dashboard use was seen as 

the more optimal reporting method (Wolpin, 2003). These results suggested that 

organizations seeking to reduce the feedback lag to decision makers may benefit from 

dashboards.  
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Theoretical Framework 

Visualization is a useful tool that supports the decision making process (Tufte, 

1983). In this study, effectiveness of visualization was evaluated under the theoretical 

framework of cognitive fit theory. To be specific, results of this study are expected to 

identify what types of visualization lead to improvement of user performance (higher 

accuracy and less time required to perform tasks) and higher user preference. Another 

goal of this study was to identify what visualization technique is best suited for the type 

of information and for specific types of problem-solving tasks. This section discusses 

the theory of cognitive fit and the two separate classifications of problem-solving tasks.  

Cognitive Fit Theory 

 Under the paradigm of cognitive fit, problem solving is viewed as an outcome of 

the relationship between problem representation and problem-solving task (Vessey, 

1991). The theory further suggests that the effectiveness of problem solving is 

influenced by the problem-solving task and the representation of that problem (Umanath 

& Vessey, 1995; Vessey, 1991; Vessey, 1994; Vessey, 2006; and Vessey & Galletta, 

1991). A decision-maker forms a specific mental representation of the problem as a 

product of the interaction between the problem-solving task and the problem 

representation (Teets & Tegarden, 2010).  

In cognitive fit theory, there are two separate classifications of tasks: symbolic 

and spatial (Teets & Tegarden, 2010). According to Vessey (2006), when decision-

makers are required to extract discrete and precise data values, those tasks are 

symbolic and are best-accomplished using analytical processes (Vessey, 2006). On the 

other hand, when decision-makers are required to make associations within the data, 
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and evaluate the problem area as a whole, then those tasks are spatial and are best 

accomplished using perceptual processes (Vessey, 2006). Determining a trend in a 

dataset is an example of a spatial task because it requires making associations among 

data points and it requires spatial information (Vessey, 1991). Other examples of spatial 

tasks include comparing patterns and interpolation of values since these tasks also 

involve making associations among data points (Vessey, 1991). According to Vessey 

(1991), these two well-differentiated tasks are normally facilitated by two different forms 

of problem representation or visualization, graphical and tabular.  

When there is a match between the problem representation or visualization and 

the problem-solving task, the decision-maker is able to formulate a matching mental 

representation of the problem (Vessey, 1991). The cognitive fit theory suggests that this 

allows the decision-maker to use matching processes when acting on the 

representation and completing the task, thereby facilitating the problem-solving process 

(Vessey, 1991). In other words, when the different components of the problem-solving 

elements “fits” together, this leads to improved speed and accuracy of the problem-

solving process (Teets & Tegarden, 2010). For example, there is a match between 

problem representation and problem-solving task when the decision-maker is required 

to extract individual data values (symbolic task) from data presented in a table of values 

(symbolic representation) (Vessey, 1991). Another example would be the results of the 

study conducted by Coll and colleagues (1994) wherein participants had higher 

accuracy rates when retrieving relational information (spatial task) in graph form than in 

table form. On the other hand, when the task required participants to retrieve specific 
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values (symbolic task) their performance was better when data was presented in table 

form than in graph form (Coll et al., 1994).  

There are instances wherein the problem-solving task and problem 

representation do not match. When a mismatch takes place, it does not mean that the 

decision-maker is no longer able to solve the given task (Vessey, 1991). According to 

Vessey (1991), spatial representations can be used to solve symbolic problem-solving 

tasks and vice versa. For instance, a decision-maker may be faced with a task of 

determining a trend using data presented in table form (Vessey, 1991). There are also 

instances when decision-makers may be tasked to extract specific values from a graph 

(Vessey, 1991). When there is a mismatch between the problem-solving task and the 

problem representation, decision-makers are unable to use similar and consistent 

processes when acting on the representation and solving the problem thereby affecting 

problem-solving performance in terms of speed, accuracy, or both (Vessey, 1991; Teets 

& Tegarden, 2010). The reason for its detrimental effects on performance is due to the 

fact that the mismatch leads decision-makers to formulate a mental representation that 

is either based on the problem representation or a mental representation that is based 

on the problem-solving task (Vessey, 1991). When mental representation is formulated 

based on the problem representation, decision-makers will then need to further 

transform it to arrive at a solution to the problem (Vessey, 1991). On the other hand, 

when mental representation is formed based on the problem-solving task, decision-

makers will then need to transform problem-representation data into the mental 

representation that is suitable for the task solution (Vessey, 1991). Whether decision-

makers end up forming mental representations based on problem-solving task or 
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problem representation, performance will be worse compared to a situation wherein the 

representation of the problem emphasizes the information that ultimately matches the 

task solution (Vessey, 1991).  

Previous studies indicate that for spatial tasks, participants performed better in 

terms of accuracy when the problem is represented in graphs compared to tables 

(Umanath & Scammell, 1988; Umanath, Scammell, & Das, 1990; Washburne, 1927). 

Specifically, participants were more accurate when the tasks involved comparison of 

data patterns (Umanath & Scammell, 1988; Umanath, Scammell, & Das, 1990) and 

trend recognition (Washburne, 1927). However, when the spatial tasks given were 

specific to interpolation of values, there was no difference in participants’ accuracy 

when the problem was presented in graph and in table (Carter, 1947; Carter, 1948; 

Watson & Driver, 1983).  

In terms of response time, studies involving tasks that required interpolation of 

values (spatial tasks) indicated that participants had an advantage when the problem 

was represented in graphs which means that graphs resulted to faster task performance 

over tables (Carter, 1947; Carter, 1948). Results of the study conducted by Wainer & 

Reiser (1976) also indicated participants performed tasks faster with graphs than tables 

in spatial tasks that required them to compare patterns of data.  

Previous studies also indicated that for tasks requiring participants to extract 

specific values (symbolic tasks), participants were more accurate in their responses 

when the problem was represented in tables compared to graphs (Washburne, 1927; 

Carter, 1947; Carter, 1948; Powers, Lashley, Sanchez, & Schneiderman, 1984; 

Umanath et al., 1990). Moreover, participants were faster when the problem was 
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represented in tables compared to graphs particularly for tasks that required them to 

read specific points or values (Carter, 1947; Carter, 1948; Powers et al., 1984).  

In general, studies that involved tasks requiring participants to extract 

associations among data points (spatial tasks) indicated that graphical representation 

resulted in better performance than tables for time, accuracy, or both (Vessey, 1991). 

This is consistent to the paradigm of cognitive fit that suggests that when it comes to 

performing spatial tasks, graphs would have an advantage over tables (Vessey, 1991). 

Cognitive fit theory is also consistent with findings from studies which involved tasks 

that required participants to extract specific values (symbolic tasks) because in those 

studies, participants appeared to have performance advantage when problems were 

represented in tables than in graphs (Vessey, 1991). Tables 1 and 2 depict findings 

from previous studies on tables versus graphs on both spatial and symbolic problem-

solving tasks.  
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TABLE 1 

STUDIES CONDUCTED ON TABLES VERSUS GRAPHS USING SPATIAL TASKS 

 
Study Tasks Dependent 

Variable 
Results 

Legend: 

 = Table 

 = Graph 
 
Accuracy Response 

Time 
Carter, 1947 Spatial  

Recognizing Trends 
Accuracy; Time  =   

Carter, 1948 Spatial  
Recognizing Trends 

Accuracy; Time  =   

Umanath et al., 
1988 

Spatial  
Comparing Patterns 

Accuracy  >   

Umanath et al., 
1990 

Spatial  
Comparing Patterns 

Accuracy  >   

Wainer & 
Reiser, 1976 

Spatial  
Comparing Patterns 

Time   >  

Washburne, 
1927 

Spatial  
Comparing patterns; 
Recognizing trends 

Accuracy  >   

Watson & 
Driver, 1983 

Spatial  
Comparing patterns 

Accuracy  =   

Note: The > sign means accuracy is better and it means slower/longer response time. 
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TABLE 2 

STUDIES CONDUCTED ON TABLES VERSUS GRAPHS USING SYMBOLIC TASKS 

 
Study Tasks Dependent 

Variable 
Results 

Legend: 

 = Table 

 = Graph 
 
Accuracy Response 

Time 
Carter, 1947 Symbolic 

Point/value 
reading 

Accuracy; Time  >   >  

Carter, 1948 Symbolic 
Point/value 
reading 

Accuracy; Time  >   >  

Powers et al., 
1984 

Symbolic 
Point/value 
reading 

Accuracy; Time  >   >  

Umanath et al., 
1990 

Symbolic 
Point/value recall 

Accuracy  >   

Washburne, 1927 Symbolic 
Point/value 
reading 

Accuracy  >   

Note: The > sign means accuracy is better and it means slower/longer response time. 

	  
Number of Data Points 

Aside from the type of problem-solving task and problem representation, 

effectiveness of visualization can be also be influenced by the number of data points on 

the display. Coll, Coll, and Thakur (1994) compared accuracy of responses and task 

time in terms of display presentation format (graphs versus tables) but they also used 

three other independent variables: education specialty (business and engineering 

majors), task requirement (specific-value and relational information response), and 

“complexity” (single, double, and triple data sets). Coll, Coll, and Thakur (1994) 



	   	   	  83 

operationalized complexity in terms of the number of data points (more information or 

less information) presented on the displays. The authors cited Dickson, DeSanctis, and 

McBride (1986) who suggested that when more information is involved, graphical 

presentation should be more effective compared to table presentation. One of the 

interesting findings in their study was the interaction between display presentation 

format and type of information on both task time and response accuracy. Results 

indicated that task time was longer for graphs compared to tables and that difference in 

task time increased as the number of data points on the displays increased (Coll, Coll, & 

Thakur, 1994). Similar to task time, participants were more accurate on table compared 

to graphs, and that as the number of data points increased, difference in accuracy on 

the two displays also increased (Coll, Coll, & Thakur, 1994). 

Preference and Performance  

In order to capture the complete picture regarding the effectiveness of any user 

interface, it is beneficial to examine performance measures alongside user preference. 

Aesthetics appears to have influence on user preference when it comes to 

interfaces. In fact, there are evidences that suggest interfaces that are “pleasant” to look 

at were perceived as easier to use and were preferred over unaesthetic interfaces 

(Kurosu & Kashimura, 1995; Schenkman & Jonsson, 2000; van der Heijden, 2003). In a 

study conducted by Salimun, Purchase, Simmons, and Brewster (2010), symmetrical 

and orderly interfaces were preferred over those described as messy and non-

symmetrical.  

The effect of aesthetics is not limited to user preference. Studies have shown 

how interface aesthetics also affected performance (Sonderegger & Sauer, 2010; 
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Salimun et al., 2010). For instance, interfaces with higher aesthetics level resulted to 

faster completion of tasks compared to those with lower aesthetics level (Salimun et al., 

2010).  

Results from a number of studies indicated that there appears to be a mismatch 

between performance and user preference (Bailey, 1993; Greene et al., 1992; Phillips & 

Chaparro, 2009). In a study conducted by Greene and colleagues (1992), participants 

performed airlines reservations tasks using different interaction methods (entry-based 

and selection based). Data from that study indicated that the preferred selection 

methods were the ones associated with higher redo rates (i.e., participants were 

encourage to redo the trial if the flight was not specified correctly). In another study, 

participants watched a demo of four user interfaces and then selected an interface that 

they thought would elicit fastest performance (Bailey, 1993). After which, they were 

asked to perform grocery selections tasks on the user interfaces. Results indicated that 

95% of the participants selected an interface that did not elicit the best possible 

performance (Bailey, 1993). Moreover, a usability study conducted on websites 

indicated that for high appeal websites, participants’ impressions scores on appeal were 

not influenced by the website’s usability (Phillips & Chaparro, 2009). On the other hand, 

low appeal websites had higher final impressions scores for appeal given high usability 

(Phillips & Chaparro, 2009).  

The Current Study 

This study focused on the evaluation of dashboards showing blood glucose data 

of a hypothetical diabetic patient over a period of time (daily or monthly). Diabetes is a 

condition that requires patients, providers, as well as caregivers to constantly monitor 
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various types of data that could affect the patient’s treatment plan (American Diabetes 

Association (ADA), 2014). Patients and caregivers, for instance, are encouraged to 

monitor blood glucose concentrations because the process of monitoring helps improve 

glycemic control and improve patient satisfaction with the treatment plan, by reinforcing 

compliance via immediate feedback (O’Kane, Bunting, Copeland, & Coates, 2008). The 

American Diabetes Association recommends patients or parents and caregivers to 

share data generated from self-monitoring with healthcare providers who would then 

work with the patients to adjust their treatment plan, when necessary (ADA, 2014). 

Healthcare providers who are part of the group managing a patient’s treatment plan 

would benefit greatly from a dashboard display that can provide them a quick overview 

of the patient’s condition so they can monitor potential problems, prevent errors when 

viewing patient information, and make the necessary adjustments to deliver a high-

quality diabetes care (Koopman et al., 2011). 

Identifying how to make diabetes dashboards more effective and efficient will be 

very beneficial to patients, caregivers, and healthcare providers because this condition 

requires constant monitoring of patient data and important decisions are being made 

using those data, especially since diabetes cases are on the rise. According to the 

Kansas Diabetes Plan 2008-2013, the increase of diabetes cases in Kansas is at an 

alarming rate and it is not limited to adults (Kansas Department of Health and 

Environment (KDHE), 2008). Based on the Center for Disease Control (CDC, 2010) 

estimates, there are about 215,000 individuals in the United States who are 20 years 

and below have either Type 1 or Type 2 diabetes. Estimation based on the proportions 

of all persons with diabetes in the United States that live in Kansas indicates that about 
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8.5% of adults in Kansas or nearly 180,000 have been diagnosed with diabetes (KDHE, 

2008). Moreover, based on the estimate that 40% of diabetes is undiagnosed, there is a 

possibility that an additional 120,000 adults in Kansas have undiagnosed diabetes 

(Cowie et al., 2009). 
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CHAPTER III 
	  

EXTENDED RESULTS 
 

	  
	  

The following results are separated into sections based upon the different 

dependent variables: performance accuracy, response time, and preference ratings. 

Under each section, results for each group of participants are presented. 

Performance Accuracy 

Performance accuracy was based on the percentage of participants’ correct 

responses within each condition (e.g., accuracy was equal to 60% if a participant had 

three correct answers out of the five trials within the “simple-spatial-table” condition). A 

2 x 2 x 3 (Problem-Solving Task x Number of Data Points x Visualization Type) 

repeated measures analysis of variance (ANOVA) was conducted to see if there was a 

difference between each condition in terms of performance accuracy. Holm-Bonferroni 

method was used to control for family-wise error rate (Holm, 1979). In cases where 

sphericity was not met, the appropriate corrections were applied. Partial η2 were 

interpreted using Cohen’s (1988) guidelines (Field, 2009; Kirk, 1996).  

Healthcare Providers  

Summary. The three-way repeated measures ANOVA indicated statistically 

significant three-way interaction, with a large effect size, between problem-solving task 

(spatial and symbolic), number of data points (daily and monthly), and visualization type 

(graph, table, and infographic), F (2, 52) = 5.46, p < .01, partial η2 = .17, observed 

power = .83 (Cohen, 1988; Field, 2009; Kirk, 1996). Performance accuracy was 

influenced by the type of problem-solving task, number of data points, and type of 
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visualization. When responding to symbolic problem-solving tasks using daily displays, 

healthcare providers were more accurate in both infographics and tables than when 

they were using graphs. However, given symbolic problem-solving tasks and monthly 

displays, healthcare providers were most accurate using tables, followed by 

infographics, and they were least accurate when using graphs. On the other hand, when 

responding to spatial problem-solving tasks using daily displays, healthcare providers 

were least accurate using graphs than they were in both infographic and tables. Given 

spatial problem-solving tasks, however, using monthly displays, they were least 

accurate using tables compared to when using graphs and infographics. Figure 2 

depicts the performance accuracy results among participants in the healthcare provider 

group.  

	  

Figure 2. Performance accuracy results among healthcare providers. 

Simple Main Effects. Table 16 depicts the independent variables that had 

statistically significant simple main effects on performance accuracy. 



	   	   	  89 

TABLE 16 

PERFORMANCE ACCURACY SIMPLE MAIN EFFECTS FOR THE HEALTHCARE 
PROVIDER GROUP 

Problem-solving Tasks Type of Information Visualization Type 
Legend: 

 = Table 

 = Graph 
 = Infographic 

Symbolic Daily  =  >  
Monthly  >  >   

Spatial Daily  =  >  
Monthly  >  

 =  

 =  
Note: The > sign means accuracy is better. 

 

Table 17 depicts the independent variables that had statistically significant main 

effect on performance accuracy, each with corresponding large effect sizes (Cohen, 

1988; Field, 2009; Kirk, 1996). 	  

TABLE 17 

PERFORMANCE ACCURACY MAIN EFFECTS FOR THE  
HEALTHCARE PROVIDER GROUP 

	  
Independent 
Variable (IV) 

df F p partial 
η2 

Obs. 
Power 

IV Levels Mean Std. 
Error 

Problem-solving 
task 

1, 26 16.64 < .01 .39 .98 Symbolic 0.693 0.010 
Spatial 0.773 0.020 

Visualization 
type 

1.70, 
44.27 

309.71 < .01 .92 1.00 Graph 0.511 0.014 
Table 0.850 0.016 
Infographic 0.837 0.015 

Type of 
Information 

1, 26 39.22 < .01 .60 1.00 Daily 0.785 0.007 
Monthly 0.680 0.020 
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Patients and Family Caregivers to Patients with Diabetes 

Summary. The three-way repeated measures ANOVA indicated statistically 

significant three-way interaction, with a large effect size, between problem-solving task 

(spatial and symbolic), number of data points (daily and monthly), and visualization type 

(graph, table, and infographic), F (2, 54) = 4.38, p = .017, partial η2 = .14, observed 

power = .73 (Cohen, 1988; Field, 2009; Kirk, 1996). Performance accuracy was 

influenced by the type of problem-solving task, number of data points, and type of 

visualization. When responding to symbolic problem-solving tasks whether displays 

were daily or monthly, patients and family caregivers to patients with diabetes were 

most accurate using tables, followed by infographics, and they were least accurate 

using graphs. On the other hand, when responding to spatial problem-solving tasks 

using daily displays, participants were least accurate using graphs than they were in 

both infographic and tables. Given spatial problem-solving tasks, however, using 

monthly displays, participants’ accuracy did not differ across visualization types. Figure 

3 depicts the performance accuracy results among patients and family caregivers. 

	  

Figure 3. Performance accuracy results among patients and family caregivers. 
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Simple Main Effects. Table 18 depicts the independent variables that had 

statistically significant simple main effects on performance accuracy. 

TABLE 18 

PERFORMANCE ACCURACY SIMPLE MAIN EFFECTS FOR THE PATIENT AND 
FAMILY CAREGIVER GROUP 

Problem-solving Tasks Type of Information Visualization Type 
Legend: 

 = Table 

 = Graph 
 = Infographic 

Symbolic Daily  >  >  
 

Monthly  >  >  
 

Spatial Daily  =  >  
 

Monthly - 
Note: The > sign means accuracy is better. 

 

Table 19 depicts the independent variables that had statistically significant main 

effect on performance accuracy, both of which have corresponding large effect sizes 

(Cohen, 1988; Field, 2009; Kirk, 1996).	  

TABLE 19 

PERFORMANCE ACCURACY MAIN EFFECTS FOR THE PATIENT AND FAMILY 
CAREGIVER GROUP 

Independent 
Variable (IV) 

df F p partial 
η2 

Obs. 
Power 

IV Levels Mean Std. 
Error 

Problem-solving 
task 

- - - - - Symbolic 0.664 0.010 
Spatial 0.677 0.023 

Visualization 
type 

2, 54 247.03 < .01 .90 1.00 Graph 0.411 0.019 
Table 0.829 0.018 
Infographic 0.773 0.019 

Type of 
Information 

1, 27 34.78 < .01 .56 1.00 Daily 0.739 0.012 
Monthly 0.602 0.024 
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Although no hypothesis was made regarding differences between the two 

participant groups, similar patterns have emerged in the results with some exceptions. 

For accuracy, the only potential difference between the two groups was that healthcare 

providers were possibly more accurate on monthly-spatial displays compared daily-

spatial displays unlike patients and caregivers whose results indicated potentially similar 

accuracy levels on the said two conditions.      

Response Time 

Response time was measured in seconds and the data for this dependent 

variable was based on the average response time (in seconds) across the five trials 

within each condition. A 2 x 2 x 3 (Problem-Solving Task x Number of Data Points x 

Visualization Type) repeated measures analysis of variance (ANOVA) was conducted to 

see if there was a difference between each condition in terms of response time. Holm-

Bonferroni method was used to control for family-wise error rate (Holm, 1979). In cases 

where sphericity was not met, the appropriate corrections were applied. Partial η2 were 

interpreted using Cohen’s (1988) guidelines (Field, 2009; Kirk, 1996).  

Healthcare Providers 

Summary. The three-way repeated measures ANOVA indicated statistically 

significant three-way interaction, with a large effect size, between problem-solving task 

(spatial and symbolic), number of data points (daily and monthly), and visualization type 

(graph, table, and infographic), F (2, 52) = 5.44, p < .01, partial η2 = .17, observed 

power = .83 (Cohen, 1988; Field, 2009; Kirk, 1996). Response time was influenced by 

the type of problem-solving task, number of data points, and type of visualization. When 

responding to symbolic problem-solving tasks using daily displays, healthcare providers 
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were slowest on graphs, followed by infographics, and they were fastest on tables. 

However, given symbolic problem-solving tasks and monthly displays, healthcare 

providers were slowest on infographics compared to when they were using either 

graphs or tables. On the other hand, response time did not differ when healthcare 

providers responded to spatial problem-solving tasks on daily displays. For monthly 

displays and spatial problem-tasks, however, participants were slower using tables 

compared to infographics but not when compared to graphs. Figure 4 depicts the 

response time results for the participants under the healthcare provider group.  

	  

Figure 4. Response time results for the healthcare provider group. 
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Simple Main Effects. Table 20 depicts the independent variables that had 

statistically significant simple main effects on response time.	  

TABLE 20 

RESPONSE TIME SIMPLE MAIN EFFECTS FOR THE  
HEALTHCARE PROVIDER GROUP 

	  
Problem-solving Tasks Type of Information Visualization Type 

Legend: 

 = Table 

 = Graph 
 = Infographic 

Symbolic Daily  >  >  
 

Monthly  >  =  
 

Spatial Daily - 
Monthly  >  

=  

 =  
Note: The > sign means response time is slower (longer response time). 
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Table 21 depicts the independent variables that had statistically significant main 

effect on response time, both of which have corresponding large effect sizes (Cohen, 

1988; Field, 2009; Kirk, 1996).	  

TABLE 21 

RESPONSE TIME MAIN EFFECTS FOR THE  
HEALTHCARE PROVIDER GROUP 

	  
Independent 
Variable (IV) 

df F p partial 
η2 

Obs. 
Power 

IV Levels Mean Std. 
Error 

Problem-solving 
task 

1, 26 125.87 < .01 .83 1.00 Symbolic   6.196 0.253 
Spatial 17.021 1.095 

Visualization 
type 

- - - - - Graph 11.214 0.752 
Table 11.873 0.647 
Infographic 11.738 0.755 

Type of 
Information 

1, 26 203.33 < .01 .89 1.00 Daily   3.655 0.172 
Monthly 19.562 1.179 

	  
Patients and Family Caregivers to Patients with Diabetes 

Summary. The three-way repeated measures ANOVA indicated statistically 

significant three-way interaction, with a large effect size, between problem-solving task 

(spatial and symbolic), number of data points (daily and monthly), and visualization type 

(graph, table, and 95nfographic), F (1.43, 38.64) = 17.55, p < .01, partial η2 = .39, 

observed power = 1.00 (Cohen, 1988; Field, 2009; Kirk, 1996). Response time was 

influenced by the type of problem-solving task, number of data points, and visualization 

type. When responding to symbolic problem-solving tasks using  daily displays, patients 

and family caregivers were slowest when using graphs, followed by infographics, and 

were fastest when using tables. However, given symbolic problem-solving tasks and 

monthly displays they were slowest when using infographics, followed by tables, and 

were fastest when using graphs. On the other hand, participants did not differ in 

response time when responding to spatial problem-solving tasks using daily displays. 



	   	   	  96 

Given spatial problem-solving tasks, however, using monthly displays, patients and 

family caregivers were slowest when using tables compared to both graphs and 

infographics.  

Figure 5 depicts the response time results for patients and family caregivers to 

patients with diabetes.

	  

Figure 5. Response time results among patients and family caregivers. 
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Simple Main Effects. Table 22 depicts the independent variables that had 

statistically significant simple main effects on response time.	  

TABLE 22 

RESPONSE TIME SIMPLE MAIN EFFECTS FOR THE PATIENT AND  
FAMILY CAREGIVER GROUP 

	  
Problem-solving Tasks Type of Information Visualization Type 

Legend: 

 = Table 

 = Graph 
 = Infographic 

Symbolic Daily  >  >  
 

Monthly  >  >  
 

Spatial Daily - 
Monthly  >  =  

Note: The > sign means response time is slower (longer response time). 

  

Table 23 depicts the independent variables that had statistically significant main 

effect on response time, each with corresponding large effect sizes (Cohen, 1988; Field, 

2009; Kirk, 1996). 

TABLE 23 

RESPONSE TIME MAIN EFFECTS FOR THE PATIENTS AND  
FAMILY CAREGIVER GROUP 

	  
Independent 
Variable (IV) 

df F p partial 
η2 

Obs. 
Power 

IV Levels Mean Std. 
Error 

Problem-solving 
task 

1, 27 94.46 < .01 .78 1.00 Symbolic   6.957 0.276 
Spatial 20.710 1.568 

Visualization 
type 

1.59, 
42.93 

7.44 < .01 .22 .93 Graph 12.647 0.802 
Table 15.806 1.239 
Infographic 13.049 0.958 

Type of 
Information 

1, 27 154.851 < .01 .85 1.00 Daily   4.837 0.309 
Monthly 22.830 1.576 
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Although no hypothesis was made regarding differences between the two 

participant groups, similar patterns have emerged in the results with some exceptions. 

For response time, all participants were generally slower when responding to monthly-

spatial tasks but patients and caregivers were particularly slowest when using tables in 

answering monthly-spatial tasks compared to when they were using the two other 

visualization types.  

	  
Preference Ratings 

Participants were asked to rate the daily and monthly displays according to their 

overall preference. In addition, participants were asked to rate the daily and high 

displays on two different contexts (spatial problem-solving task and symbolic problem-

solving task). Preference is rated on a 0-50 scale (0 = least preferred; 50 = most 

preferred. A 2 x 2 x 3 (Problem-Solving Task x Number of Data Points x Visualization 

Type) repeated measures analysis of variance (ANOVA) was conducted to see if there 

was a difference between each condition in terms of performance accuracy. Holm-

Bonferroni method was used to control for family-wise error rate (Holm, 1979). In cases 

where sphericity was not met, the appropriate corrections were applied. Partial η2 were 

interpreted using Cohen’s (1988) guidelines (Field, 2009; Kirk, 1996).  

Healthcare Providers 

Summary.	  	  The three-way repeated measures ANOVA indicated statistically 

significant three-way interaction, with a large effect size, between problem-solving task 

(spatial and symbolic), number of data points (daily and monthly), and visualization type 

(graph, table, and infographic), F (1.61, 41.83) = 9.76, p < .01, partial η2 = .27, observed 
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power = .98. Preference rating was influenced by the type of problem-solving task, 

amount of information, and type of visualization. When responding to symbolic problem-

solving tasks using daily displays, healthcare providers preferred infographics followed 

by tables, and they preferred graphs the least. Given symbolic problem-solving tasks 

and monthly displays, healthcare providers preferred both tables and infographics to 

graph. On the other hand, preference did not differ when healthcare providers 

responded to spatial problem-solving tasks on daily displays. For monthly displays and 

spatial problem-solving tasks, participants preferred infographics the most compared to 

both graphs and tables. Figure 6 depicts the preference ratings of participants under the 

healthcare provider group.  

	  

Figure 6. Preference ratings of healthcare providers. 
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Simple Main Effects. Table 24 depicts the independent variables that had 

statistically significant simple main effects on preference ratings. 

TABLE 24 

PREFERENCE RATING SIMPLE MAIN EFFECTS FOR THE HEALTHCARE 
PROVIDER GROUP 

Problem-solving Tasks Type of Information Visualization Type 
Legend: 

 = Table 

 = Graph 
 = Infographic 

Symbolic Daily  >  >  
Monthly  =  >  

Spatial Daily - 
Monthly  >  =  

Note: The > sign means user preference is higher. 

Table 25 depicts the independent variables that had statistically significant main 

effect on preference ratings, each with corresponding large effect sizes (Cohen, 1988; 

Field, 2009; Kirk, 1996). 

TABLE 25 

PREFERENCE RATING MAIN EFFECTS FOR THE  
HEATHCARE PROVIDER GROUP 

	  
Independent 
Variable (IV) 

df F p partial 
η2 

Obs. 
Power 

IV Levels Mean Std. 
Error 

Problem-solving 
task 

1, 26 8.26 < .01 .24 .79 Symbolic 34.525 0.851 
Spatial 32.389 1.200 

Visualization 
type 

1.67, 
43.37 

47.33 < .01 .65 1.00 Graph 22.944 1.854 
Table 36.074 1.282 
Infographic 41.352 1.244 

Type of 
Information 

1, 26 10.88 < .01 .30 .89 Daily 35.043 1.122 
Monthly 31.870 1.045 
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 Patients and Family Caregivers to Patients with Diabetes 

Summary. The three-way repeated measures ANOVA indicated statistically 

significant three-way interaction, with a large effect size, between problem-solving task 

(spatial and symbolic), number of data points (daily and monthly), and visualization type 

(graph, table, and infographic), F (1.59, 42.97) = 10.39, p < .01, partial η2 = .28, 

observed power = .98 each with corresponding large effect sizes (Cohen, 1988; Field, 

2009; Kirk, 1996). Preference rating was influenced by the type of problem-solving task, 

number of data points, and type of visualization. When responding to symbolic problem-

solving tasks using both daily and monthly displays, patients and family caregivers 

preferred infographics and tables over graphs. However, given spatial problem-solving 

tasks and daily displays, patients and family caregivers’ preference did not differ across 

displays. On the other hand, when responding to spatial problem-solving tasks and 

monthly displays participants preferred infographics the most compared to both graphs 

and tables. Figure 7 depicts the preference rating results among patients and family 

caregivers to patients with diabetes.   

	  

Figure 7. Preference ratings of patients and family caregivers.	  
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Simple Main Effects. Table 26 depicts the independent variables that had 

statistically significant simple main effects on preference ratings. 	  

TABLE 26 

PREFERENCE RATING SIMPLE MAIN EFFECTS FOR THE PATIENT AND FAMILY 
CAREGIVER GROUP 

Problem-solving Tasks Type of Information Visualization Type 
Legend: 

 = Table 

 = Graph 
 = Infographic 

Symbolic Daily  =  >  
Monthly  =  >  

Spatial Daily  -  
Monthly  >  =  

Note: The > sign means user preference is higher. 

Table 27 depicts the independent variables that had statistically significant main 

effect on preference ratings, each with corresponding large effect sizes (Cohen, 1988; 

Field, 2009; Kirk, 1996).  

TABLE 27 

PREFERENCE RATING MAIN EFFECTS FOR THE PATIENT AND  
FAMILY CAREGIVER GROUP 

	  
Independent 
Variable (IV) 

df F p partial 
η2 

Obs. 
Power 

IV Levels Mean Std. 
Error 

Problem-solving 
task 

1, 27 8.48 < .01 .24 .80 Symbolic 34.304 0.849 
Spatial 32.214 1.170 

Visualization 
type 

1.74, 
47.01 

48.50 < .01 .64 1.00 Graph 22.750 1.797 
Table 36.125 1.236 
Infographic 40.902 1.280 

Type of 
Information 

1, 27 9.80 < .01 .27 .86 Daily 34.744 1.122 
Monthly 31.774 1.011 
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Although no hypothesis was made regarding differences between the two 

participant groups, results indicated similar patterns. For preference ratings, the two 

groups were similar in their higher preference for Infographic visualizations for daily-

symbolic tasks and monthly-spatial tasks. The same similarities were observed in terms 

of their lowest preference for graphs for both daily and monthly symbolic tasks.    	  

Preference Ranking 

Participants ranked the  daily  and monthly displays based on their overall 

preference. Preference ranking is reflected by the ordinal rank (on a scale of 1-3, 1 = 

highest ranked; 3 = lowest ranked) participants provided for each visualization type. A 

Friedman test was conducted to evaluate differences in rank in the overall preference 

for each display type.  

Healthcare Providers 

Summary. Friedman tests indicated that healthcare providers strongly preferred 

graphs to tables for daily displays. On the other hand, for monthly displays, participants 

from this group preferred infographic first, table second, and graph third. 

Preference Ranking for Daily Displays. A Friedman test was conducted to 

evaluate the differences in rank in the overall preference for each daily display, table 

(mean rank = 1.56), graph (mean rank = 2.44), and infographic (mean rank = 2.00). The 

test was significant, χ2 (2, N=27) = 10.67, p < .01, and the Kendall coefficient of 

concordance of .198 indicated low consistency among the daily display preference 

rankings. Follow-up pairwise comparisons were conducted using Wilcoxon signed ranks 

test. Results of this analysis indicated a significant ranked preference difference 

between graph and table. There were no significant preference differences between 
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other comparisons. Figure 8 depicts the overall preference rankings of healthcare 

providers for daily information. 

 

Figure 8. Preference rankings of healthcare providers for daily information. 

 

Preference Ranking for Monthly Displays. A Friedman test was conducted to 

evaluate the differences in rank in the overall preference for each monthly display, table 

(mean rank = 1.93), graph (mean rank = 2.81), and infographic (mean rank = 1.26). The 

test was significant, χ2 (2, N=27) = 32.89, p < .01, and the Kendall coefficient of 

concordance of .61 indicated high consistency among the monthly display preference 

rankings. Follow-up pairwise comparisons were conducted using Wilcoxon signed ranks 

test. Results of this analysis indicated a significant ranked preference difference 

between graph and table, between graph and infographic, and between table and 
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infographic. Figure 9 depicts the overall preference rankings of healthcare providers for 

monthly information. 

 

Figure 9. Preference rankings of healthcare providers for monthly information. 

Patients and Family Caregivers to Patients with Diabetes 

Summary. Friedman tests indicated that patients and family caregivers prefer 

infographic first, table second, and graph third for both daily and monthly displays. 

Preference Ranking for Daily Displays. A Friedman test was conducted to 

evaluate the differences in rank in the overall preference for each daily display, table 

(mean rank = 1.89), graph (mean rank = 2.79), and infographic (mean rank = 1.32). The 

test was significant, χ2 (2, N=28) = 30.50, p < .01, and the Kendall coefficient of 

concordance of .55 indicated high consistency among the daily display preference 

rankings. Follow-up pairwise comparisons were conducted using Wilcoxon signed ranks 
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test. Results of this analysis indicated a significant ranked preference difference 

between graph and table, between graph and infographic, and between table and 

infographic. Figure 10 depicts the overall preference rankings of healthcare providers 

for daily information. 

 

Figure 10. Preference rankings of patients and family caregivers for daily information. 

Preference Ranking for Monthly Displays. A Friedman test was conducted to 

evaluate the differences in rank in the overall preference for each monthly display, table 

(mean rank = 2.00), graph (mean rank = 2.75), and infographic (mean rank = 1.25). The 

test was significant, χ2 (2, N=28) = 31.50, p < .01, and the Kendall coefficient of 

concordance of .56 indicated high consistency among the monthly display preference 

rankings. Follow-up pairwise comparisons were conducted using Wilcoxon signed ranks 

test. Results of this analysis indicated a significant ranked preference difference 
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between graph and table, between graph and infographic, and between table and 

infographic. Figure 11 depicts the overall preference rankings of healthcare providers 

for monthly information. 

 

Figure 11. Preference rankings of patients and family caregivers  
for monthly information. 

 
 
 
 
 

	  

 
 
 
 
 

	  



	   	   	  108 

 
 
 
 
 
 
 
 
 
 

	  

 
 
 
 

	  
	  

 
REFERENCES 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



	   	   	  109 

REFERENCES 
 
American Diabetes Association. (2014). Treatment and Care. Retrieved March 26, 2014 

from http://www.diabetes.org/living-with-diabetes/treatment-and-care/. 
 
Bailey, R. W. (1993). Performance vs. preference. Proceedings of the Human Factors 

and Ergonomics Society Annual Meeting, 37, 282-296, doi: 
10.1177/154193129303700406. 

 
Bash, C., Cader, T.,Chen, Y., Gmach, D., Kaufman, R., Milojicic, D… Sharma, P. 

(2011). Cloud sustainability dashboard: Dynamically assessing sustainability of 
data centers and clouds. Palo Alto, CA: Hewlett-Packard Development 
Company.  

 
Biehl, J. T., Czerwinski, M., Smith, G., & Robertson, G. G. (2007). FASTDash: A visual 

dashboard for fostering awareness in software teams. Proceedings of the 
SIGCHI Conference on Human Factors in Computing System, San Jose, CA, 
1313-1322. doi: 10.1145/1240624.1240823.  

 
Booker, E. (2013, October). Big Data dashboard design lessons. Information Week. 

Retrieved from http://www.informationweek.com/big-data/big-data-analytics/big-
data-dashboard-design-lessons/d/d-id/1111782.  

 
Center for Disease Control. (2011). National Diabetes Fact Sheet. Retrieved February 

1, 2014 from http://www.cdc.gov/diabetes/pubs/pdf/ndfs_2011.pdf. 
 
Carter, L. F. (1947). An experiment on the design of tables and graphs used for 

presenting numerical data. Journal of Applied Psychology, 31, 640-650.  
 
Carter, L. F. (1948). The relative effectiveness of presenting numerical data by the use 

of tables and graphs. In P. M. Fitts, Jr. (Ed.), Psychological research on 
equipment design. Washington, DC: Government Printing Office.  

 
Cohen, J. (1988). Statistical power analysis for behavioral sciences. New Jersey: 

Lawrence Erlbaum. 
 
Coll, R. A., Coll, J. H., and Thakur, G. (1994). Graphs and tables: A four-factor 

experiment. Communications of the Association for Computing Machinery, 37 
(4), 76-86.  

 
Cowie, C. C., Rust, K. F., Ford, E. S., Eberhardt, M. S., Byrd-Holt, D. D., Williams, D. 

E…. Geiss, L. S. (2009). Full accounting of diabetes and pre-diabetes in the U. 
S. population in 1988-1994 and 2005-2006. Diabetes Care, 32 (2), 287-94.  

 
 



	   	   	  110 

 Dickson, G. W., DeSanctis, G., & McBride, D. J. (1986). Understanding the 
effectiveness of computer graphics for decision support: A cumulative 
experimental approach. Communications of the Association for Computing 
Machinery, 29 (1), 40-47. 

 
Few, S. (2004, March 20). Dashboard confusion. Retrieved November 2, 2013 from 

http://www.perceptualedge.com/articles/ie/dashboard_confusion.pdf.  
 
Few, S. (2006). Information dashboard design. Sebastopol, CA: O’Reilly Media, Inc.  
 
Few, S. (2007). Why most dashboards fail. Retrieved November 1, 2013 from 

http://www.perceptualedge.com/articles/misc/WhyMostDashboardsFail.pdf.  
 
Few, S. (2009). Dashboard design beyond meters, gauges, and traffic lights. Business 

Intelligence Journal, 10 (1), 18-24.  
 
Field, A. P. (2009). Discovering statistics using SPSS. London, England: SAGE. 
 
Flannigan, C., Toland, U., Hogan, M. (2010). Dashboards in neonatology. Clinical Audit, 

2, 79-81.  
 
Fogg, B.J. (2003). Persuasive Technology: Using Computers to Change What We Think 

or Do. San Francisco, CA: Morgan Kaufmann. 
 

Garg, A. X., Adhikari, N. K. J., McDonald, H., Rosas-Arellano, M. P., Devereaux, P. J., 
Beyene, J.,… Haynes, R. B. (2005). Effects of computerized clinical decision 
support systems on practitioner performance and patient outcomes: A systematic 
review. Journal of American Medical Association, 293 (10), 1223-1238.  

 
Greene, S.L., Gould, J.D., Boies, S.J., Rasamny, M., and Meluson, A. (1992). Entry and 

selection-based methods of human-computer interaction, Human Factors, 34 (1), 
97-1 13.  

 
Holm, S. (1979). A simple sequentially rejective multiple test procedure. Scandinavian 

Journal of Statistics, 22 (2), 65–70. 
 
Kansas Department of Health and Environment. (2008). Kansas Diabetes Action Plan. 

Retrieved February 1, 2014 from 
http://www.kdheks.gov/diabetes/download/Kansas_Diabetes_ Plan_2008-
2013.pdf. 

 
Kaplan, R. S. & Norton, D. P. (1996). The balanced scorecard: Translating strategy into 

action. (1st edition). Watertown, MA: Harvard Business Review Press.  
 
Kirsch, D. (2000). A few thoughts on cognitive overload. Intellectica, 30 (1), 19-51.  
 



	   	   	  111 

 
Kirk, R. E. (1996). Practical significance: A concept whose time has come. Educational 

and Psychological Measurement, 56, 746-759.  
 
Koopman, R., Kochendorfer, K., Moore, J., Mehr, D., Wakefield, D., Yadamsuren, B…. 

Belden, J. (2011). Annals of Family Medicine, 9 (5), 398-405.  
 
Krall, M. A. & Sittig, D. F. (2002). Clinician’s assessments of outpatient electronic 

medical record alert and reminder usability and usefulness requirements. In I. 
Kohane (Ed.). Proceedings of American Medical Informatics Association Annual 
Symposium, 400-404. Philadephia, PA: Hanley and Belfus, Inc.  

 
Kurosu, M. and Kashimura, K. (1995). Apparent usability vs. inherent usability: 

Experimental analysis on the determinants of the apparent usability. Proceedings 
of the Companion on Human Factors in Computing Systems, 292-293.  

 
Kushniruk, A., Triola, M., Borychi, E., Stein, B., Kannry, J. (2005). Technology induced 

error and usability: The relationship between usability problems and prescription 
errors when using a handheld application. International Journal of Medical 
Information, 74, 519-526. 

 
LaMarche, J. & Sachs, O. (2011). Designing interfaces for home energy users: A 

preference study. In C. Stephanidis (Ed.). Communications in Computer and 
Information Science: Vol.  173. HCI International 2011 Posters’ Extended 
Abstracts (pp. 58–62). doi: 10.1007/978-3-642-22098-2_12. 

 
Linder, J. A., Schnipper, J. L., Palchuk, M. B., Einbinder, J., Li, Q., Middleton, B. (2006). 

Improving care for acute and chronic problems with smart forms and quality 
dashboards. Proceedings of American Medical Informatics Association Annual 
Symposium, 1193. Washington, DC. 

 
Little, J. D. C. (1970). Models and managers: The concept of a decision calculus. 

Management Science, 16 (8), B466-B485. 
 
Lohr, S. (2012, February). The age of big data. The New York Time. Retrieved from 

http://www.nytimes.com/2012/02/12/sunday-review/big-datas-impact-in-the-
world.html?pagewanted=all.  

 
McKeon, M. (2009). Harnessing the web information ecosystem with wiki-based 

visualization dashboards. IEEE Transactions on Visualization and Computer 
Graphics, 15 (6), 1081-1088. 

 
Morrissey, R. (2007). Tailoring performance dashboard content. Business Intelligence 

Journal, 12 (4), 7-16.  
 



	   	   	  112 

O’Kane, M. J., Bunting, B., Copeland, M., and Coates, V. (2008). Efficacy of self 
monitoring of blood glucose in patients with newly diagnosed type 2 diabetes 
(ESMON study): randomized controlled trial. British Medical Journal, 336 (1174). 
doi: http://dx.doi.org/10.1136/bmj.39534.571644.BE. 

 
Phillips, C. & Chaparro, B. (2009). Visual appeal vs. usability: Which one influences 

user perceptions of a website more? Usability News. Retrieved March 26, 2014 
from http://usabilitynews.org/visual-appeal-vs-usability-which-one-influences-
user-perceptions-of-a-website-more/. 

 
Powers, M., Lashley, L., Sanchez, P., and Schneiderman, B. (1984). An experimental 

investigation of tabular and graphic data presentation. International Journal of 
Man-Machine Studies, 20, 545-566. 

 
Rose, A. F., Schnipper, J. L., Park, E. R., Poon, E. G., Li, Q., and Middleton, B. (2004). 

Using qualitative studies to improve the usability of an EMR. Journal of 
Biomedical Informatics, 38, 51-60.  

 
Salimun, C., Purchase, H. C., Simmons, D. R. & Brewster, S. A. (2010). The effect of 

aesthetically pleasing composition on visual search performance.. In E. Þ. 
Hvannberg, M. K. Lárusdóttir, A. Blandford & J. Gulliksen (eds.), NordiCHI (p./pp. 
422-431), : ACM. ISBN: 978-1-60558-934-3. 

  
Sittig, D., Wright, A., Osheroff, J., Middleton, B., Teich, J., Ash, J…. Bates, D. (2008). 

Grand challenges in clinical decision support. Journal of Biomedical Informatics, 
41 (2), 387-392. 

 
Sonderegger, A. and Sauger, J. (2010). The influence of design aesthetics in usability 

testing: Effects on user performance and perceived usability. Applied 
Ergonomics, 41 (3), 403-410.  

 
Teets, J. M., and Tegarden, D. P. (2010). Using cognitive fit theory to evaluate the 

effectiveness of information visualizations: An example using quality assurance 
data. IEEE Transactions on Visualization and Computer Graphics, 16 (5), 841-
853. 

 
Tory, M. and Möller, T. (2004). Human factors in visualization research. IEEE 

Transactions on Visualization and Computer Graphics, 10 (1), 72-84. 
 
Tufte, E. R. (1983). The visual display of quantitative information. (2nd edition). 

Cheshire, CT: Graphics Press.  
 
University of Massachusettes. (2014). Energy Dashboard Program. Retrieved March 

26, 2014 from http://www.bedashboard.com/kiosk/20. 
 



	   	   	  113 

Umanath, N. S. and Schammel, R. W. (1988). An experimental evaluation of the impact 
of data display format on recall performance. Communications of the Association 
for Computing Machinery, 31 (5), 562-570.  

 
Umanath, N. S., Schammel, R. W., and Das, S. R. (1990). An examination of two 

screen/report design variables in an information recall context. Decision 
Sciences, 21 (1), 216-240.   

 
Umanath, N. S. and Vessey, I. (1994). Multiattribute data presentation and human 

judgment: A cognitive fit perspective. Decision Sciences, 25 (5-6), 795-824.  
 
van der Heijden, H. (2003). Factors influencing the usage of websites: The case of a 

generic portal in The Netherlands. Information and Management, 40 (6), 541-
549. 

 
Vessey, I. (1991). Cognitive fit: A theory-based analysis of the graphs versus tables 

literature. Decision Sciences, 22 (2), 219-240.  
 
Vessey, I. (1994). The effect of information presentation on decision making: A cost-

benefit analysis. Information and Management, 27 (2), 103-119.  
 
Vessey, I. (2006). The theory of cognitive fit: One aspect of a general theory of problem-

solving? In P. Zhang and G. Galleta (Eds.), Human-Computer Interaction and 
Management Information Systems. Armonk, NY: M. E. Sharpe.  

 
Vessey, I. and Galleta, D. (1991). Cognitive fit: An empirical study of information 

acquisition. Information Systems Research, 2 (1), 63-84.  
 
Wainer, H. and Reiser, M. (1976). Assessing the efficacy of visual displays. 

Proceedings of the American Statistical Association, Social Statistics Section, 1. 
Washington, DC: American Statistical Association.  

 
Washburne, J. N. (1927). An experimental study of various graphic, tabular, and textual 

methods of representing quantitative material. Journal of Educational 
Psychology, 18 (6), 361-376. 

 
Watson, H. G. and Driver, R. W. (1983). The influence of computer graphics on the 

recall of information. Management Information Systems Quarterly, 7 (1), 45-53.  
 
Watson, H. G., Houdeshel, G., & Rainer, R. K. (1996). Building executive information 

systems and other decision support applications. New York, NY: John Wiley & 
Sons, Inc.  

 
 
 



	   	   	  114 

Wolpin, S. (2003). An exploratory study of an intranet dashboard in a multi-state 
healthcare system. (Doctoral Dissertation). Retrieved from 
https://ir.library.oregonstate.edu/xmlui/ 
bitstream/handle/1957/31814/WolpinSethE2004.pdf?sequence=1. 

 
Wolpin, S. (2005). Design and implementation of an intranet dashboard. Proceedings of 

American Medical Informatics Association Annual Symposium, 1154. 
Washington, DC. 

 
Yau, N. (2011). Visualize this: The FlowingData guide to design, visualization, and 

statistics. Indianapolis, IN: Wiley Publishing, Inc. 
	  

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 



	   	   	  115 

 
 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 

	  

APPENDICES 
 

	  
 

 

 

 

	  
 

 

 

 

	  
 



	   	   	  116 

	  
APPENDIX A 

SYMBOLIC PROBLEM-SOLVING TASKS 
 

Display 
Code 

Trial 
Number 

Information 
Type 

Visualization  
Type 

Symbolic  
Problem-Solving Task 
 

1 1 Daily Graph The	  diabetes	  patient	  is	  complaining	  about	  
not	  feeling	  well	  in	  the	  morning	  upon	  waking	  
up.	  What	  was	  the	  patient's	  fasting	  glucose	  
level?	  
 

2 2 Daily Graph The	  diabetes	  patient	  reported	  having	  
difficulty	  controlling	  food	  portions	  at	  the	  
last	  meal	  of	  the	  day.	  What	  was	  the	  patient's	  
glucose	  level	  after	  meal	  3?	  
 

3 3 Daily Graph The	  diabetes	  patient	  reported	  having	  
difficulty	  controlling	  food	  portions	  at	  
lunchtime.	  	  What	  was	  the	  patient's	  glucose	  
level	  after	  meal	  2?	  
 

4 4 Daily Graph The	  diabetes	  patient	  reported	  eating	  cereal	  
at	  breakfast.	  What	  is	  the	  patient's	  glucose	  
level	  after	  meal	  1?	  
 

5 5 Daily Graph The	  patient’s	  highest	  glucose	  level	  today	  
was	  180.	  At	  what	  time	  of	  day	  was	  the	  blood	  
glucose	  level	  reached	  180?	  (Fasting,	  After	  
Meal	  1,	  After	  Meal	  2,	  After	  Meal	  3)	  
 

6 1 Daily Table The	  diabetes	  patient	  is	  complaining	  about	  
not	  feeling	  well	  in	  the	  morning	  upon	  waking	  
up.	  What	  was	  the	  patient's	  fasting	  glucose	  
level?	  
 

7 2 Daily Table The	  diabetes	  patient	  reported	  having	  
difficulty	  controlling	  food	  portions	  at	  the	  
last	  meal	  of	  the	  day.	  What	  was	  the	  patient's	  
glucose	  level	  after	  meal	  3?	  
 

8 3 Daily Table The	  diabetes	  patient	  reported	  having	  
difficulty	  controlling	  food	  portions	  at	  
lunchtime.	  	  What	  is	  the	  patient's	  glucose	  
level	  after	  meal	  2?	  
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APPENDIX A (continued) 
 

Display 
Code 

Trial 
Number 

Information 
Type 

Visualization  
Type 

Symbolic  
Problem-Solving Task 
 

9 4 Daily Table The	  diabetes	  patient	  reported	  eating	  cereal	  
at	  breakfast.	  What	  was	  the	  patient's	  
glucose	  level	  after	  meal	  1?	  
	  

10 5 Daily Table The	  patient’s	  highest	  glucose	  level	  today	  
was	  180.	  At	  what	  time	  of	  day	  was	  the	  blood	  
glucose	  level	  reached	  180?	  (Fasting,	  After	  
Meal	  1,	  After	  Meal	  2,	  After	  Meal	  3)	  
 

11 1 Daily Infographic The	  diabetes	  patient	  is	  complaining	  about	  
not	  feeling	  well	  in	  the	  morning	  upon	  waking	  
up.	  What	  was	  the	  patient's	  fasting	  glucose	  
level?	  
 

12 2 Daily Infographic The	  diabetes	  patient	  reported	  having	  
difficulty	  controlling	  food	  portions	  at	  the	  
last	  meal	  of	  the	  day.	  What	  was	  the	  patient's	  
glucose	  level	  after	  meal	  3?	  
 

13 3 Daily Infographic The	  diabetes	  patient	  reported	  having	  
difficulty	  controlling	  food	  portions	  at	  
lunchtime.	  	  What	  was	  the	  patient's	  glucose	  
level	  after	  meal	  2?	  
 

14 4 Daily Infographic The	  diabetes	  patient	  reported	  eating	  cereal	  
at	  breakfast.	  What	  is	  the	  patient's	  glucose	  
level	  after	  meal	  1?	  
 

15 5 Daily Infographic The	  patient’s	  highest	  glucose	  level	  today	  
was	  180.	  At	  what	  time	  of	  day	  was	  the	  blood	  
glucose	  level	  reached	  180?	  (Fasting,	  After	  
Meal	  1,	  After	  Meal	  2,	  After	  Meal	  3)	  
 

16 1 Monthly Graph The	  patient	  had	  unusually	  unstable	  glucose	  
readings	  this	  past	  month	  and	  you	  know	  that	  
the	  highest	  reading	  was	  208.	  At	  what	  date	  
of	  the	  month	  did	  the	  patient	  blood	  glucose	  
reach	  208?	  (Give	  the	  date)	  
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17 2 Monthly Graph The	  patient	  reported	  an	  unusually	  low	  
glucose	  level	  of	  70.	  At	  what	  DATE	  of	  the	  
month	  did	  this	  patient's	  blood	  glucose	  level	  
reached	  70?	  
	  
	  
	  
 

18 3 Monthly Graph The	  highest	  glucose	  level	  on	  the	  31st	  day	  of	  
the	  month	  was	  199.	  What	  measurement	  
time	  registered	  this	  value?	  (Fasting,	  After	  
Meal	  1,	  After	  Meal	  2,	  After	  Meal	  3)	  
 

19 4 Monthly Graph The	  patient	  reported	  a	  change	  in	  
medication	  that	  happened	  on	  the	  15th	  of	  
the	  month.	  What	  was	  the	  patient's	  glucose	  
level	  After	  Meal	  2	  on	  the	  15th	  of	  the	  
month?	  
 

20 5 Monthly Graph The	  patient	  reported	  a	  change	  in	  diet	  that	  
happened	  on	  the	  23rd	  of	  the	  month.	  What	  
was	  the	  patient's	  Fasting	  glucose	  level	  on	  
the	  23rd	  of	  the	  month?	  
 

21 1 Monthly Table The	  patient	  had	  unusually	  unstable	  glucose	  
readings	  this	  past	  month	  and	  you	  know	  that	  
the	  highest	  reading	  was	  208.	  At	  what	  date	  
of	  the	  month	  did	  the	  patient	  blood	  glucose	  
reach	  208?	  (Give	  the	  date)	  
 

22 2 Monthly Table The	  patient	  reported	  an	  unusually	  low	  
glucose	  level	  of	  70.	  At	  what	  DATE	  of	  the	  
month	  did	  this	  patient's	  blood	  glucose	  level	  
reached	  70?	  
 

23 3 Monthly Table The	  highest	  glucose	  level	  on	  the	  31st	  day	  of	  
the	  month	  was	  199.	  What	  measurement	  
time	  registered	  this	  value?	  (Fasting,	  After	  
Meal	  1,	  After	  Meal	  2,	  After	  Meal	  3)	  
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24 4 Monthly Table The	  patient	  reported	  a	  change	  in	  
medication	  that	  happened	  on	  the	  15th	  of	  
the	  month.	  What	  was	  the	  patient's	  glucose	  
level	  After	  Meal	  2	  on	  the	  15th	  of	  the	  
month?	  
 

25 5 Monthly Table The	  patient	  reported	  a	  change	  in	  diet	  that	  
happened	  on	  the	  23rd	  of	  the	  month.	  What	  
was	  the	  patient's	  Fasting	  glucose	  level	  on	  
the	  23rd	  of	  the	  month?	  
	  
	  
	  
	  
 

26 1 Monthly Infographic The	  patient	  had	  unusually	  unstable	  glucose	  
readings	  this	  past	  month	  and	  you	  know	  that	  
the	  highest	  reading	  was	  208.	  At	  what	  date	  
of	  the	  month	  did	  the	  patient	  blood	  glucose	  
reach	  208?	  (Give	  the	  date)	  
 

27 2 Monthly Infographic The	  patient	  reported	  an	  unusually	  low	  
glucose	  level	  of	  70.	  At	  what	  DATE	  of	  the	  
month	  did	  this	  patient's	  blood	  glucose	  level	  
reached	  70?	  
 

28 3 Monthly Infographic The	  highest	  glucose	  level	  on	  the	  31st	  day	  of	  
the	  month	  was	  199.	  What	  measurement	  
time	  registered	  this	  value?	  (Fasting,	  After	  
Meal	  1,	  After	  Meal	  2,	  After	  Meal	  3)	  
 

29 4 Monthly Infographic The	  patient	  reported	  a	  change	  in	  
medication	  that	  happened	  on	  the	  15th	  of	  
the	  month.	  What	  was	  the	  patient's	  glucose	  
level	  After	  Meal	  2	  on	  the	  15th	  of	  the	  
month?	  
 

30 5 Monthly Infographic The	  patient	  reported	  a	  change	  in	  diet	  that	  
happened	  on	  the	  23rd	  of	  the	  month.	  What	  
was	  the	  patient's	  Fasting	  glucose	  level	  on	  
the	  23rd	  of	  the	  month? 
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1 1 Daily Graph The	  patient	  reported	  that	  his	  glucose	  
readings	  were	  generally	  lower	  by	  the	  
middle	  of	  the	  day.	  What	  was	  the	  difference	  
between	  today's	  After	  Meal	  1	  AND	  After	  
Meal	  2	  glucose	  levels?	  
 

2 2 Daily Graph You	  want	  to	  monitor	  the	  stability	  of	  the	  
patient's	  glucose	  levels	  throughout	  the	  day.	  
For	  today's	  readings,	  between	  the	  period	  of	  
AFTER	  MEAL	  2	  and	  AFTER	  MEAL	  3,	  the	  
blood	  glucose	  level:	  increased,	  decreased,	  
or	  remained	  the	  same?	  
 

3 3 Daily Graph You	  noticed	  that	  at	  times,	  there	  is	  an	  
increasing	  trend	  on	  the	  patient's	  glucose	  
levels	  within	  the	  day.	  At	  what	  two	  testing	  
times	  did	  the	  blood	  glucose	  levels	  show	  an	  
increasing	  trend?	  (After	  Meal	  1	  to	  After	  
Meal	  2;	  After	  Meal	  2	  to	  After	  Meal	  3;	  
Fasting	  to	  After	  Meal	  1)	  
 

4 4 Daily Graph You	  want	  to	  monitor	  the	  trend	  of	  the	  
patient's	  blood	  glucose	  levels	  throughout	  
the	  day.	  What	  was	  the	  trend	  for	  today?	  
(Generally	  increasing,	  generally	  decreasing,	  
generally	  remained	  the	  same,	  or	  
fluctuating)	  
 

5 5 Daily Graph The	  patient	  reported	  that	  her	  glucose	  
readings	  are	  generally	  fluctuating	  during	  
the	  day.	  What	  was	  the	  difference	  between	  
today's	  HIGHEST	  and	  LOWEST	  glucose	  
levels?	  
 

6 1 Daily Table The	  patient	  reported	  that	  his	  glucose	  
readings	  were	  generally	  lower	  by	  the	  
middle	  of	  the	  day.	  What	  was	  the	  difference	  
between	  today's	  After	  Meal	  1	  AND	  After	  
Meal	  2	  glucose	  levels?	  
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7 2 Daily Table You	  want	  to	  monitor	  the	  stability	  of	  the	  
patient's	  glucose	  levels	  throughout	  the	  day.	  
For	  today's	  readings,	  between	  the	  period	  of	  
AFTER	  MEAL	  2	  and	  AFTER	  MEAL	  3,	  the	  
blood	  glucose	  level:	  increased,	  decreased,	  
or	  remained	  the	  same?	  
 

8 3 Daily Table You	  noticed	  that	  at	  times,	  there	  is	  an	  
increasing	  trend	  on	  the	  patient's	  glucose	  
levels	  within	  the	  day.	  At	  what	  two	  testing	  
times	  did	  the	  blood	  glucose	  levels	  show	  an	  
increasing	  trend?	  (After	  Meal	  1	  to	  After	  
Meal	  2;	  After	  Meal	  2	  to	  After	  Meal	  3;	  
Fasting	  to	  After	  Meal	  1)	  
 

9 4 Daily Table You	  want	  to	  monitor	  the	  trend	  of	  the	  
patient's	  blood	  glucose	  levels	  throughout	  
the	  day.	  What	  was	  the	  trend	  for	  today?	  
(Generally	  increasing,	  generally	  decreasing,	  
generally	  remained	  the	  same,	  or	  
fluctuating)	  
 

10 5 Daily Table The	  patient	  reported	  that	  her	  glucose	  
readings	  are	  generally	  fluctuating	  during	  
the	  day.	  What	  was	  the	  difference	  between	  
today's	  HIGHEST	  and	  LOWEST	  glucose	  
levels?	  
 

11 1 Daily Infographic The	  patient	  reported	  that	  his	  glucose	  
readings	  were	  generally	  lower	  by	  the	  
middle	  of	  the	  day.	  What	  was	  the	  difference	  
between	  today's	  After	  Meal	  1	  AND	  After	  
Meal	  2	  glucose	  levels?	  
 

12 2 Daily Infographic You	  want	  to	  monitor	  the	  stability	  of	  the	  
patient's	  glucose	  levels	  throughout	  the	  day.	  
For	  today's	  readings,	  between	  the	  period	  of	  
AFTER	  MEAL	  2	  and	  AFTER	  MEAL	  3,	  the	  
blood	  glucose	  level:	  increased,	  decreased,	  
or	  remained	  the	  same?	  
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13 3 Daily Infographic You	  noticed	  that	  at	  times,	  there	  is	  an	  
increasing	  trend	  on	  the	  patient's	  glucose	  
levels	  within	  the	  day.	  At	  what	  two	  testing	  
times	  did	  the	  blood	  glucose	  levels	  show	  an	  
increasing	  trend?	  (After	  Meal	  1	  to	  After	  
Meal	  2;	  After	  Meal	  2	  to	  After	  Meal	  3;	  
Fasting	  to	  After	  Meal	  1)	  
 

14 4 Daily Infographic You	  want	  to	  monitor	  the	  trend	  of	  the	  
patient's	  blood	  glucose	  levels	  throughout	  
the	  day.	  What	  was	  the	  trend	  for	  today?	  
(Generally	  increasing,	  generally	  decreasing,	  
generally	  remained	  the	  same,	  or	  
fluctuating)	  
 

15 5 Daily Infographic The	  patient	  reported	  that	  her	  glucose	  
readings	  are	  generally	  fluctuating	  during	  
the	  day.	  What	  was	  the	  difference	  between	  
today's	  HIGHEST	  and	  LOWEST	  glucose	  
levels?	  
 

16 1 Monthly Graph The	  patient	  reported	  that	  one	  of	  these	  
testing	  times	  often	  had	  the	  highest	  blood	  
glucose	  readings	  compared	  to	  the	  others.	  
Of	  the	  four,	  what	  particular	  testing	  time	  
had	  the	  most	  number	  of	  highest	  glucose	  
readings	  throughout	  the	  month?	  (Fasting,	  
After	  Meal	  1,	  After	  Meal	  2,	  or	  After	  Meal	  3)	  
 

17 2 Monthly Graph For	  this	  patient's	  monthly	  record,	  what	  
testing	  time	  was	  the	  most	  UNSTABLE	  
(fluctuate	  the	  most)	  within	  the	  month?	  
(Fasting,	  After	  Meal	  1,	  After	  Meal	  2,	  or	  
After	  Meal	  3)	  
 

18 3 Monthly Graph For	  this	  patient's	  monthly	  record,	  take	  a	  
look	  at	  the	  patient's	  FASTING	  blood	  glucose	  
and	  find	  the	  5-‐day	  period	  when	  the	  fasting	  
blood	  glucose	  appeared	  stable	  or	  not	  
fluctuating?	  (From	  what	  date	  to	  what	  
date?)	  
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19 4 Monthly Graph For	  this	  patient's	  monthly	  record,	  which	  
TWO	  out	  of	  the	  four	  testing	  times	  was	  
MOST	  STABLE	  within	  the	  entire	  month?	  
(Fasting,	  After	  Meal	  1,	  After	  Meal	  2,	  After	  
Meal	  3) 

20 5 Monthly Graph For	  this	  patient,	  most	  days	  appeared	  to	  
show	  fluctuating	  glucose	  levels	  BUT	  there	  
were	  days	  when	  the	  readings	  from	  morning	  
until	  evening	  (Fasting	  to	  After	  Meal	  3)	  
displayed	  an	  increasing	  trend.	  An	  example	  
of	  such	  is	  the	  First	  Day	  of	  the	  month.	  FIND	  
the	  THREE	  OTHER	  DAYS	  that	  showed	  an	  
INCREASING	  TREND	  similar	  to	  the	  first	  day	  
of	  the	  month.	  

21 1 Monthly Table The	  patient	  reported	  that	  one	  of	  these	  
testing	  times	  often	  had	  the	  highest	  blood	  
glucose	  readings	  compared	  to	  the	  others.	  
Of	  the	  four,	  what	  particular	  testing	  time	  
had	  the	  most	  number	  of	  highest	  glucose	  
readings	  throughout	  the	  month?	  (Fasting,	  
After	  Meal	  1,	  After	  Meal	  2,	  or	  After	  Meal	  3).	  
	  

22 2 Monthly Table For	  this	  patient's	  monthly	  record,	  what	  
testing	  time	  was	  the	  most	  UNSTABLE	  
(fluctuate	  the	  most)	  within	  the	  month?	  
(Fasting,	  After	  Meal	  1,	  After	  Meal	  2,	  or	  
After	  Meal	  3)	  
	  
	  
 

23 3 Monthly Table For	  this	  patient's	  monthly	  record,	  take	  a	  
look	  at	  the	  patient's	  FASTING	  blood	  glucose	  
and	  find	  the	  5-‐day	  period	  when	  the	  fasting	  
blood	  glucose	  appeared	  stable	  or	  not	  
fluctuating?	  (From	  what	  date	  to	  what	  
date?)	  
 

24 4 Monthly Table For	  this	  patient's	  monthly	  record,	  which	  
TWO	  out	  of	  the	  four	  testing	  times	  was	  
MOST	  STABLE	  within	  the	  entire	  month?	  
(Fasting,	  After	  Meal	  1,	  After	  Meal	  2,	  After	  
Meal	  3).	  
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25 5 Monthly Table For	  this	  patient,	  most	  days	  appeared	  to	  
show	  fluctuating	  glucose	  levels	  BUT	  there	  
were	  days	  when	  the	  readings	  from	  morning	  
until	  evening	  (Fasting	  to	  After	  Meal	  3)	  
displayed	  an	  increasing	  trend.	  An	  example	  
of	  such	  is	  the	  First	  Day	  of	  the	  month.	  FIND	  
the	  THREE	  OTHER	  DAYS	  that	  showed	  an	  
INCREASING	  TREND	  similar	  to	  the	  first	  day	  
of	  the	  month. 

26 1 Monthly Infographic The	  patient	  reported	  that	  one	  of	  these	  
testing	  times	  often	  had	  the	  highest	  blood	  
glucose	  readings	  compared	  to	  the	  others.	  
Of	  the	  four,	  what	  particular	  testing	  time	  
had	  the	  most	  number	  of	  highest	  glucose	  
readings	  throughout	  the	  month?	  (Fasting,	  
After	  Meal	  1,	  After	  Meal	  2,	  or	  After	  Meal	  3). 

27 2 Monthly Infographic For	  this	  patient's	  monthly	  record,	  what	  
testing	  time	  was	  the	  most	  UNSTABLE	  
(fluctuate	  the	  most)	  within	  the	  month?	  
(Fasting,	  After	  Meal	  1,	  After	  Meal	  2,	  or	  
After	  Meal	  3). 

28 3 Monthly Infographic For	  this	  patient's	  monthly	  record,	  take	  a	  
look	  at	  the	  patient's	  FASTING	  blood	  glucose	  
and	  find	  the	  5-‐day	  period	  when	  the	  fasting	  
blood	  glucose	  appeared	  stable	  or	  not	  
fluctuating?	  (From	  what	  date	  to	  what	  
date?) 

29 4 Monthly Infographic For	  this	  patient's	  monthly	  record,	  which	  
TWO	  out	  of	  the	  four	  testing	  times	  was	  
MOST	  STABLE	  within	  the	  entire	  month?	  
(Fasting,	  After	  Meal	  1,	  After	  Meal	  2,	  After	  
Meal	  3). 

30 5 Monthly Infographic For	  this	  patient,	  most	  days	  appeared	  to	  
show	  fluctuating	  glucose	  levels	  BUT	  there	  
were	  days	  when	  the	  readings	  from	  morning	  
until	  evening	  (Fasting	  to	  After	  Meal	  3)	  
displayed	  an	  increasing	  trend.	  An	  example	  
of	  such	  is	  the	  First	  Day	  of	  the	  month.	  FIND	  
the	  THREE	  OTHER	  DAYS	  that	  showed	  an	  
INCREASING	  TREND	  similar	  to	  the	  first	  day	  
of	  the	  month. 
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APPENDIX D 

SAMPLE DAILY DISPLAY FOR TABLE 
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APPENDIX E 

SAMPLE DAILY DISPLAY FOR INFOGRAPHIC 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



	   	   	  128 

APPENDIX F 

SAMPLE MONTHLY DISPLAY FOR GRAPH 
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APPENDIX G 

SAMPLE MONTHLY DISPLAY FOR TABLE 
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APPENDIX H 

SAMPLE MONTHLY DISPLAY FOR INFOGRAPHIC 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



	   	   	  131 

 
APPENDIX I 

PROCEDURE FOR THE EXPERIMENT 
 

The following outlines the step-by-step procedure for each trial for both practice 

and testing phases: 

1. Screen displays a problem-solving task. 

2. Experimenter hands a task card that displays the same task.  

3. Participant reads the task out loud. 

4. Participant informs the experimenter that he/she understands the question by 

saying: “Ready”. 

5. Experimenter clicks “Next” on the display and display shows the dashboard.  

6. Experimenter starts timer as soon as the dashboard is visible on the screen. 

7. Participant views the dashboard display to answer the question 

8. Participant informs the experimenter that he/she is ready to answer the 

question by saying: “Ready”. 

9. Experimenter stops the time as soon as the participant says ready. 

Experimenter records the time on a sheet of paper. 

10. Experimenter clicks “Next” on the display and display shows a blank screen. 

11. Participant supplies the answer. Participants were allowed to change their 

answers but the experimenter records the first answer on a sheet of paper. 

12. Repeat steps 1-11.  

	  

 


