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Summary
Objective: Big data or population-based information has the potential to reduce uncertainty in 
medicine by informing clinicians about individual patient care. The objectives of this study were: 1) 
to explore the feasibility of extracting and displaying population-based information from an actual 
clinical population’s database records, 2) to explore specific design features for improving popu-
lation display, 3) to explore perceptions of population information displays, and 4) to explore the 
impact of population information display on cognitive outcomes.
Methods: We used the Veteran’s Affairs (VA) database to identify similar complex patients based 
on a similar complex patient case. Study outcomes measures were 1) preferences for population in-
formation display 2) time looking at the population display, 3) time to read the chart, and 4) appro-
priateness of plans with pre- and post-presentation of population data. Finally, we redesigned the 
population information display based on our findings from this study.
Results: The qualitative data analysis for preferences of population information display resulted in 
four themes: 1) trusting the big/population data can be an issue, 2) embedded analytics is necess-
ary to explore patient similarities, 3) need for tools to control the view (overview, zoom and filter), 
and 4) different presentations of the population display can be beneficial to improve the display. 
We found that appropriateness of plans was at 60% for both groups (t9=-1.9; p=0.08), and overall 
time looking at the population information display was 2.3 minutes versus 3.6 minutes with ex-
perts processing information faster than non-experts (t8= -2.3, p=0.04). 
Conclusion: A population database has great potential for reducing complexity and uncertainty in 
medicine to improve clinical care. The preferences identified for the population information display will 
guide future health information technology system designers for better and more intuitive display.
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1. Background and Significance
Ordering antibiotics is complex. A physician who is deciding on the diagnosis and treatment of an 
infectious disease must integrate both patient-specific and population data where both may be un-
certain. The widespread adoption of electronic health records (EHRs) is creating ample opportun-
ities to leverage population-based evidence otherwise not easily retrievable from paper-based health 
records. However, EHRs usually provide only patient-specific views [1, 2]; population information 
or aggregated patient data are rarely included as decision support in EHR design [3, 4]. Providing 
only patient-specific views may not be sufficient to support clinical decision-making as most com-
plex patients are unique and do not fit into available practice guidelines [5–8]. 

According to a current estimate, about 25% (15 million) of the annual deaths worldwide are di-
rectly related to infectious diseases (ID) [9]. For ID clinicians, emerging infections, resistant organ-
isms, and the possibility of a global pandemic increase decision urgency and treatment difficulty 
[10–12]. Given the lack of evidence-based information or guidelines for clinicians in this field, 
population-based information has greater weight. Therefore, population-based information that can 
be extracted from the EHR or a population database is a critical component of ID treatment deci-
sions. 

Big data has been successfully used in astronomy, retail sales, search engines, and politics. In 
clinical informatics, applications such as Cloudwave can real-time visualize large amount of stored 
EEG data [13]. Despite the great promise of “big data” or population data, the adoption of these re-
sources for clinical decision support has been relatively slow [14, 15]. One reason may be that the 
most effective information displays for this information are not yet known. Generally, previous re-
search on information presentation of healthcare data has shown the value of cognitive design in the 
information display to better understand the data [16–20]. Cognitive design refers to construction 
of interface or visualization that represents the user’s internal mental models or mental images [21]. 
Research has shown that EHR and healthcare data visualization may lead to greater efficiency and a 
better understanding of the patient’s situation [18, 22–24]. Therefore, it is important to design visu-
alization displays of population information that improve cognitive support and the efficiency of 
clinical decision-making. There has been limited research for providing the specific guidance for de-
signing population based information display [18, 25, 26]. Variables important to design consider-
ations include expertise, patient acuity, complexity, context, and relevant patient cohort identifica-
tion. Therefore, it is imperative to identify the specific features of a population information display 
for optimal clinical decision support.

Previous studies on using aggregated patient information from a population database or EHRs 
have utilized different visualization methods for information presentation [9, 27, 28]. However, 
these visualization methods do not differentiate between simple and complex attributes of patients. 
Most visualization displays address simple problems by categorizing tasks into simple or smaller 
steps [24, 29]. The goal is often to minimize cognitive load or minimize analytical thinking while 
maximizing pattern matching. However, when dealing with complex problems, displays should also 
provide support for more intense and deliberate thinking by providing a rich source of information 
that matches the needs of the decision-maker. If the information is difficult to comprehend and does 
not match the decision task, there is a risk of increasing cognitive load and a higher chance of diag-
nostic errors. Therefore, easy to understand presentations of the aggregated patient information 
from a population database are equally important alongside individual data for effective clinical 
decision-making. Some initiatives such as the “Green Button” have shown how to aggregate patient 
information from the EHR [30]. This kind of visualization tool can effectively demonstrate com-
parative outcomes in the face of treatment unpredictability. However, expertise differences often are 
not taken into account while developing these information displays. 

The potential to leverage clinical experience from the secondary use of EHR or population-based 
decision support can help to address the knowledge and experience gap of individual clinicians 
[31–33]. However, such potential has not yet been demonstrated in most clinical domains. As a re-
sult, clinicians are reluctant to adopt population data not actionable at the point-of-care [34]. More-
over, few studies have addressed the feasibility of extracting and displaying population-based infor-
mation from clinical records. In this study, we have designed a complex case in the ID domain and 
assessed the feasibility of population-based analytical algorithms to extract similar patients in a 
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“live” patient database electronic warehouse. To test design components for a population informa-
tion display, we created a computerized visualization display that presents data on similar patient 
cases. Then, we performed an exploratory mixed-method study to assess the impact of population 
health analytics and data visualization on cognition. Finally, we proposed an improved design based 
on the findings of this study.

2. Objectives
The objectives of this study are: 
1. To explore the feasibility of extracting and displaying population-based information from a large 

clinical database.
2. To explore specific design features for improving population display.
3. To explore perceptions for population information displays.
4. To explore the impact of a population information display on cognition.

3. Methods

3.1 Study design
We used both qualitative and quantitative methods in this study. The experimental design was 2 be-
tween (expertise) X 2 within ( pre-/post population information display).

In other words, we blocked on expertise through our selection of two defined groups and ex-
posed all participants to both forms of the display, collecting data pre-/post-exposure to the popu-
lation-based display. The design included both qualitative and quantitative components. 

3.2 Participants
Ten volunteer physicians participated in the study (five ID experts and five non-ID experts). Expert-
ise was defined by board certification in ID. The “experts” were selected based on ID board certifi-
cation and ID faculty role. The non-experts were board certified in areas outside ID. Both groups 
were required to have a minimum of 5 years of clinical experience. The experts had an average ex-
perience of 15.6 years and a range of 10 to 24 years. The five non-expert participants had an average 
experience of 17 years with a range of 7 to 38 years. The clinicians were contacted by email and par-
ticipation was voluntary. All participants provided verbal consent. The participants did not receive 
any compensation for this voluntary participation. The experiment was conducted in private offices 
and conference rooms at the University of Utah Hospital and Veterans Affairs (VA) Hospital in Salt 
Lake City. The study was approved by the IRB (Institutional Review Board) at the University of 
Utah.

3.3 Development of stimulus materials
In this study, we have used two types of materials: 1) A complex case scenario and 2) display forms. 
Three of the authors (YL, DR and MJ), including an ID clinician (MJ), were involved with the design 
of the materials.

3.3.1 Complex Case Design
A complex case was created to mimic realistic diagnostic uncertainty in the ID domain from select-
ing a real patient from the VA database. The real patient was selected by two of the authors, one ID 
expert and one clinical pharmacist (MJ and DR), and the patient’s de-identified data were used to 
form the backbone of the case. The main treatment uncertainty was to explore the outcome of using 
Daptomycin versus other therapies. Therefore we selected a patient manually from the VA database 
with the following criteria: 1) diagnosis code of VRE neutropenia, presence of fever, bacterial infec-
tion and acute myloegenous leukemia; 2) laboratory results positive for refractory VRE bacteremia, 
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and 3) the patient got treated with daptomycin for a period of atleast 2 consecutive days. In CharRe-
view, we created a mock EHR view with different tabs representing patient’s current visit, past medi-
cal history, lab data and the information display. The complex patient case consisted data from the 
patient’s current visits of laboratory data, past medical history data, current medication list and chief 
complaints. We created a separate tab consisting the population information display for the clini-
cians to review. We asked all participants to rate the complexity of the case based on high (8–10/10), 
medium (5–7/10) and low complexity (1–4/10) scores. The summary of the overall case is described 
in ▶ Table 1. 

3.3.2 Display Forms
Two forms of case display were created. The first emulated the usual narrative, patient-based medi-
cal record. The second included both the case narrative and a population-based information display. 
The design process for the population display involved two steps. First, we used several search crite-
ria for finding similar patients from the VA clinical data repository. Then, we designed the display 
based on the information of similar patients found from the database. The process is described 
below.

3.4 Search criteria from the population database
We first identified the most important clinical question for the complex patient (▶ Table 1). For our 
complex case, the patient’s deteriorating condition and comorbidities did not fit any evidence-based 
guideline. Moreover, the use of Daptomycin was recommended per clinical guidelines for VRE neut-
ropenia patients [35]. However, using this agent did not improve the patient’s overall clinical status. 
On the contrary, the patient’s overall clinical and functional status declined rapidly. As a result, the 
clinician had to deal with the uncertainty of using other medications without knowing the conse-
quences due to a lack of evidence. 

To investigate the treatment of refractory Vancomycin-resistant Enterococcus (VRE) bacteremia, 
we initially focused our search within admissions with combinations of the following ICD-9-CM 
codes: neutropenia (204) and acute myelogenous leukemia (208, 288), the presence of fever (780.6, 
790.7), bacteremia (038.0, 038.9), bacterial infection (041, 599), or other general infection codes 
(771.8, 785.2, 995.92, 995.91). Refractory VRE bacteremia was defined as the inpatient isolation of 
an enterococcal species from blood, where the first and last positives were more than 5 days apart, 
but positive cultures in the series were separated by no more than 14 days.

Initial examination of the potential cohort revealed that the matched group of patients was quite 
small; therefore, all individuals with refractory VRE bacteremia were included, regardless of their 
comorbidities, which resulted in a cohort of a few hundred patients. We measured the adminis-
tration of antibiotics with potential activity against VRE alone or in combination with other anti-
biotics, i.e., Quinupristin / Dalfopristin, Daptomycin, Ampicillin, Gentamicin, Streptomycin, Line-
zolid or Tigecycline. We defined courses as consecutive antibiotics where gaps between doses were 
no longer than two hospital days apart. As a result, we found 19 patients from the database who 
matched the similarity profile of the complex case that we designed. A summary of these patients is 
described in ▶ Table 2. 

3.5 Population display design rationale
The main goal of this display was to make clinicians aware of the individual patient outcomes when 
using Daptomycin. Therefore, aggregated measure was not a priority for display design. The if-then 
relationship in this design was aimed at improving providers’ confidence by displaying the outcome 
of different therapeutic regimens for each individual patient. Our initial design correlates to the 
temporal proximity of human-factors based design principles [36]. In temporal proximity, several 
tasks typically may be performed in the same time frame to meet the overall goal. For example, the 
goal of finding the outcome with different medications for each patient involves looking at the same 
display artifacts for each different patient. The overall goal was to help clinicians easily identify the 
ultimate outcome (death vs no death) through a similar task of scanning each patient in the display. 
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The two other goals for the design process were the presentation of similar complex patients in 
one display and support of an “if-then” relationship. The idea behind the information display was to 
show the aggregated patient information to represent the data and provide a better understanding of 
certain outcomes for similar patients. The “if-then” heuristics supports the mental model for simple 
decision logic. For example, in this display, we were interested in the outcomes of Daptomycin or a 
combination drug including Daptomycin, other antibiotics not including Daptomycin and the 
number of deaths. We laid out the outcomes (deaths and/or not death of patients) of therapeutic 
agents in a timeline view. This provided the “if-then” (if patient used drug X then death happened or 
did not happen) relationship for better cognition. We designed the display in such a way that the 
time-oriented data are graphically displayed for individual patients. Previous studies have shown 
that multiple patient records in longitudinal views provide better understanding of the display 
[18]. The longitudinal view provides the patient-specific outcome and effective representation of the 
timeline view. The display provided outcome information for different therapeutic regimens includ-
ing Daptomycin. Guideline or evidence from clinical trials only had information regarding Dap-
tomycin for treating VRE. Therefore, the goal of the display was to provide longitudinal view and to 
increase clinicians’ confidence to explore different therapeutic options other than Daptomycin. For 
example, the display had different legends to denote start and end time of antibiotics, negative cul-
ture results and survival outcome.

▶ Figure 1 depicts the different features of the display. In this initial display, each single line repre-
sents an individual patient. The horizontal axis represents the number of hospital days and vertical 
axis represents the total number of patients. Different colors and legends denote different therapies 
and outcomes associated with them. Overall, this figure nudges the fact that the number of deaths 
with using Daptomycin is the almost equal as with other medications.”

The population graph and the patient electronic information were embedded into an artificial 
electronic chart, “ChartReview,” developed by Duvall et al. [37]. 

3.6 Population information display validation
To validate the display content, we asked two ID clinicians to evaluate if the population information 
display represented similar patient characteristics of the complex patient described in ▶ Table 1. The 
clinicians first checked the parameters of finding similar patients and confirmed the appropriateness 
of the parameters based on their clinical experience. Then, they explored the visualization of the 
population information in-depth, making sure that the legends and data points cognitively make 
sense. They checked to makes sure if the outcomes (death or no death) from the therapeutic agents 
for similar patients’ added any clinical value to reduce uncertainty. Both clinicians carefully examin-
ed the data to confirm that the display content matched the similar characteristics of the complex 
patient. They also confirmed the validity of the clinical utility of the population display for helping 
with clinical decisions for this very complex case. 

3.7 Procedures and manipulation of variables
Clinicians were first shown the “ChartReview” with a mock patient to understand the functionalities 
and get acquainted with the electronic chart. The training time lasted between 7–10 minutes on 
average for all participants. The first author provided the training and explained the procedure, dif-
ferent functionalities in the mock EHR and gave each participants time to ask additional questions 
for clarification. Each participant regardless of expertise spent almost equal amount of time on 
training. The steps are as described below:
1. The participants were first asked to read the patient chart, including patient background infor-

mation and lab data. 
2. Then, they were asked to write down a plan for the case and to rank each item of the plan accord-

ing to their priorities. 
3. After the participants wrote down the ranked plans, they were shown the population display of 

similar patients. The participants reviewed patients for similarity based on the complex patient 
case characteristics such as diagnosis, treatment start and end date, overall inpatient stay and dif-
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ferent therapeutic regimens outcomes. Once they examined the display, they were asked to make 
modifications to the plan as deemed necessary.

4. Finally, the first author conducted post-study in-depth interviews, probing into each pause to 
gauge the subject’s mental models, and asking follow-up questions. 

5. Demographic information was collected at the end of the study. 

3.8 Study outcome measures
The measured outcomes and the procedures for data collection are described in ▶ Table 3.

3.9 Appropriateness of plan based on expert panel (EP) review
An expert panel (EP) consisting of two ID experts and a clinical pharmacist reviewed the case and 
constructed the criteria for an appropriate plan. All experts had clinical experience greater than 5 
years. The EP developed the basis for the appropriate plan described in ▶ Table 4. Any plans that did 
not meet the criteria were rated as not appropriate. As long as the clinicians mentioned one of the 
plans included in the table, the plan was decided to be appropriate. 

3.10 Data analysis
The data analysis involved both qualitative and quantitative analysis. 

3.10.1 Qualitative analysis
Content analysis and appropriate qualitative methods were used to generate themes for the prefer-
ences for population display. We used Atlas ti for coding the post-study interviews regarding the 
preferences for population display. Two researchers (DR and JM) independently reviewed the tran-
scripts and later met face to face to discuss their perceptions for multiple rounds. After several iter-
ations, themes emerged about the clinicians’ preferences for ideal population information display. 
We used the RATS (Relevance of study question, Appropriateness of qualitative method, Transpar-
ency of procedure and Soundness of interpretive approach) protocol for the content analysis [38].

3.10.2 Quantitative analysis
We conducted quantitative analysis to explore the perceptions for population information displays 
and the impact of population display on cognition.

We used a t-test to explore the expertise effect on the perceptions for population information dis-
play between two groups. It is suitable to use t-test for small sample size [39].

We operationalized cognition by measuring the percentage of subjects who changed their treat-
ment plans after being exposed to the population display. We used a paired sampled t-test to under-
stand the significance of changed (appropriate versus not appropriate) plans before and after the 
population information display was shown.

We used the t-test to detect expertise effects on reading the chart. The level of significance was set 
at alpha=0.05 (two-tailed) a priori. A sample size of five in each group makes this analysis explora-
tory. Previous exploratory pilot studies successfully used 4 to 10 participants for similar study de-
signs [40–42].

4. Results
We successfully extracted similar patient information from the VA database and designed a popu-
lation information display incorporating the similar patients. The results are organized in two sec-
tions: qualitative and quantitative analysis. All clinicians rated the case as highly complex except one 
who rated the case as medium complex.
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4.1 Qualitative analysis

The qualitative analysis included all clinicians including ID and non-ID. The content analysis reveal-
ed the following four themes that emerged as preferences for population information display: 1) 
trusting population data can be an issue, 2) embedded analytics is necessary to explore patient simi-
larities providers would like to understand more about the similarities, 3) need for tools to control 
the view (overview, zoom, and filter) and 4) different presentations of the population display can be 
beneficial. The themes are described in the following sections.

4.1.1 Theme 1: Trusting the population data can be an issue
Clinicians appear to be concerned about the validity and trustworthiness of overall population data. 
In this study, the data were verified by other ID clinicians and thus helped clinicians to improve their 
confidence on the accuracy of the data. However, clinicians expressed concern about automatically 
retrieving such information in real-time without expert validation. 

Even though patients found through the population database search are similar to a certain ex-
tent, they are not identical. Therefore, clinicians are cautious of using the information to infer cause-
effect relationships. Also, the practice-based information may differ significantly due to different 
formulary management or culture of practice in a particular hospital, resulting in potential decision 
conflicts rather than reducing such conflicts. Therefore, establishing trust for the population data is 
crucial. For example,

“Exactly, so I would narrow it down and go this way and see how many patients we have here actually. So I 
would want to know that because just glancing at this, I don’t know if it really is the same patient population.”

4.1.2 Theme 2: Embedded analytics is necessary to explore patient similari-
ties. Providers would like to understand more about the similarities.
Clinicians would like to see the similarities and differences among patients in an aggregated sum-
marized view or through analytical functions. It is important to understand the differences among 
the matched similar patients with the patient at hand. For example,

“So I think a complex display is fine. There’s some learning curve for it but once I got used to it, it could be use-
ful. But I have to think about how to show that better. The similarity profile of the match patients may help. Or 
you can also show the data of matched profile as percentage of similarity.”

4.1.3 Theme 3: Need for tools to control the view (overview, zoom and filter)
Features such as overview, zoom and filter embedded in the display may reduce confusion. There-
fore, clinicians prefer an overview function to explore the patient profiles first for an integrated view; 
to zoom if necessary to look into specific details (lab results and different days of results); and filter 
the data based on specific patient features or outcomes, such as time of death or time for negative 
culture results. For example,

“And by that have a filter panel with full control over those comorbidities. I’m saying I want to include or ex-
clude diabetics, the heart failures, the surgical abscesses, the by sight infection. So, this is the individual case re-
view and you almost would say that I want a summary viewed first. Then, sort of overviewed, filter and zoom 
kind of thing. I think that’s relevant. The overview is of the, you know, the four, five antibiotics choices, some sort 
of heat map of how well you did and then drilling in to individual cases like this being able to filter in or out, the 
ones that you think are closest to the patient.” 

4.1.4 Theme 4: Different presentations of the population display can be 
beneficial
Different presentations of the same information can help make sense of the data cognitively [43, 23, 
44]. Depending on the question related to the problem, the searching criteria are set to find similar 
patients from the population database. Therefore, few patients can be found for very rare or complex 
cases, and many patients can be found regarding comparative outcomes of certain treatments. 
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Therefore, different presentations depending on the number of patients available may be necessary. 
For example,

“I don’t know about pie chart for very small number of patients but that might work for large numbers of pa-
tients. But, yeah, I mean when you’re dealing with all those cases and you want to give the data, showing indi-
vidual level patient’s data is a good way to do it I think.”

4.2 Quantitative analysis
Viewing time for the population graph did differ (t8= 2.3, p=0.04) between groups with experts tak-
ing significantly less time than non-experts (2.3±0.86 minutes versus 3.63.6±0.91 minutes, respect-
ively). The viewing time for the population display is shown in a box plot in Figure 2.

Clinicians’ assessment of appropriateness of plans (cognition) was relatively low (60% of plans 
being appropriate) and not statistically significant (t9=-1.9; p=0.08). 

For the expert group, the average time to read the chart was 4.9±0.48 minutes and for the non-ex-
pert group 5.5±0.79 minutes. This difference was also not significant (t6=-1.3,p=0.22). 

5. Discussion
In this study, we have successfully used an actual clinical database to extract information from pa-
tients who are similar to the complex case and designed a population information display. Previous 
studies also developed similar visualizations by extracting information from EHRs or population 
databases [9, 27, 45]. We have used ICD-9 CM codes to find similar patients from the VA clinical 
database and displayed the information in a single display. The parameters chosen for extraction 
may be the key to finding the desired outcome from similar patients’ profiles for better cognitive 
support. Further work is needed to make such queries automatic and efficient, but first, we needed 
to know if providing that information makes a difference in decision-making and what preferences 
users might have. The methodologies used in this paper can also be used to test and validate the us-
ability of different visualization techniques within healthcare settings. 

Most complex patients do not fit into the evidence-based guidelines [46–50]. Therefore, clini-
cians need more point-of-care information without information overload for reducing cognitive 
complexity. Cognitive complexity refers to the complexity that the interface or system introduces to 
the user with cluttered or unnecessary information. Also, the data can be better represented by visu-
alization in a single display. Visualization of population information has the potential to support “if-
then” heuristics for improved and informed clinical reasoning [7, 51, 52]. Most decision support sys-
tems do not take heuristics into consideration in the design due to the associated biases [7, 53]. 
However, intuitive design for future innovative population decision support systems should match 
the higher cognitive reasoning and mental models of clinicians [54–56]. Showing treatment or diag-
nostic outcome data leveraged from population or EHR database may nudge the clinician positively 
and provide cognitive support when the clinician is dealing with unique and complex patients. The 
visualization design principles used in our study can help future researchers and designers with 
better task allocation and intuitive display features. More future work is needed in the area of visual 
presentation that can match clinicians’ mental model to effectively show similar complex patients in 
a single display.

The discussion is further subdivided into the following three sections: implications for healthcare 
system design from the qualitative analysis, implications of the quantitative analysis, and improved 
design of the population information display based on the findings from the qualitative analysis.

5.1 Implications for healthcare system design from the qualitative 
analysis

The themes that emerged based on the preferences for information display may help future re-
searchers and designers. Our results resonate with the results of previous studies on understanding 
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clinicians’ preferences for information display design in healthcare [17, 20, 40, 57–60]. However, our 
findings that providers are concerned with data trustworthiness, their need to have more meta-in-
formation about the display, and their desire to explore the similarity profile of the patients are 
unique to this kind of display. In the following paragraphs, we discuss the results from the perspec-
tive of the implications for design.

5.1.1 Improving the trust in population data
Practice-based information may provide a glimpse of what can be done when the case at hand is 
complex and evidence is scarce. However, data pulled from a population database may reveal wide 
variations in clinical practice, leading to more confusion for the clinician, or at least much more un-
certainty as compared to a clinical guideline [61]. Also, the snapshot view may lead to attribution er-
rors regarding the cause and effect of different choices [62]. For example, if providers can assume 
from the data that 50 patients receiving drug A had a positive outcome, then their patients at hand 
may also benefit from it. However, the treatment outcomes of the matched patients may not be the 
same for the patient at hand due to the unique characteristics of each patient’s clinical and functional 
presentation. Many current applications for providing population data assume that real-time infor-
mation can be shown without validation [27]. Our findings suggest that clinicians are worried about 
the validity of real-time population data and would prefer that data validation by a domain expert be 
done before it can be used to guide decisions for a specific patient.

5.1.2 Analytical complexities of finding similar patients
It is sometimes difficult to explore a large number of similar patients when the patient at hand has 
complex and very unique characteristics [63]. Therefore, defining similarity measures for temporal 
categorical data is important for understanding the results from the population inquiry. For 
example, a similarity measure of temporal categorical data called M&M (Match and Mismatch) de-
veloped by researchers at the University of Maryland finds similar patients by ranking scores [64]. 
This tool has the capability of comparing different features of a patient’s characteristics by using 
filters as well as visualizing the similarities in a scatterplot. Tools such as M&M may be embedded in 
the population information display to provide a better measurement of the matched similar patients.

5.1.3 Better tools to control the display
The need for tools to control the view of the display can include overview, zoom and filter functions. 
These kinds of functionalities have worked well in many other domains as well as in medicine 
[65–71]. An overall view gives a better understanding and helps with the clinician’s situational 
awareness. Then, zoom and filter options help the clinician to focus on the important information 
by filtering out the unnecessary information and allowing them to pay particular attention to details 
[72]. For example, LifeFlow has an analytic function to show the overall view. In addition, users can 
zoom and filter as needed to get the relevant information from the EHR [73].

5.1.4 Multiple representations of the population display
Different visualizations of the same information can help researchers make better sense of the data. 
Infographics researchers in other domains, such as information or computer science, have estab-
lished design guidelines (e.g., space/time resource optimization, attention management, consistency, 
etc.) [74–77]. However, the particular problem of finding and displaying similar patients is new, and 
guidelines have not been established. A systematic review of innovative visualization of EHR data 
has shown pie charts, bar charts, line graphs, and scatterplots may reveal important information in 
an aggregated view for representing a larger number of patients [24]. However, for a very small 
number of patients, a longitudinal view may be better [18]. For example, researchers from IBM Re-
search developed an interactive clinical pattern technique that can visualize and the change the visu-
alization display based on the pattern of the data [78].

5.2 Implications of the quantitative analysis
The quantitative results from this exploratory study offer insights into the effect of a population dis-
play on cognitive processes. We found that the display did have a marginal effect on the quality of 
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the plan in pre-/post-assessments. We also found that experts processed the population-based infor-
mation faster than non-experts, giving validity to the display content. The initial display design pro-
vided a quick overview of therapy outcomes of individual patients. Moreover, the results indicate 
that clinical experts processed the information faster than nonexperts. Clinical experts have years of 
experiences that could have contributed towards selecting more appropriate patient information for 
reasoning in shorter time. This finding is congruent with similar findings about experts’ ability to 
process information in search, perception and reasoning components of the task faster when com-
pared with non-experts [79–83].

5. 3 Improved design of the population information display
The results of this study provided us with rich qualitative data regarding the preferences for popu-
lation information display design. This new design takes considerations of the qualitative findings 
from this study (▶ Figure 3). The improved visualization will provide better understanding of the 
impact of the display in future usability studies.

In this new design, we have placed the legends on the right side of the display for convenience. 
Showing the antibiotics period as three different timeframes side by side provides a better picture to 
compare the patient in hand. The differentiation of the timeline can improve the comprehensibility 
of the display. Also, we have clustered the patients by deaths and by the types of antibiotics used. 
These clusters provide a better representation of the population information and help to make better 
cognitive sense of the display by reducing search time. Finally, we have added a summary table for a 
different presentation of the data through numerical variables. The summary table provides a quick 
overview of the patients who died after using Daptomycin versus non-Daptomycin medications.

5.4 Limitations and future work
The main limitation of our study was the small sample size. As an exploratory study, the results will 
guide future larger studies with visualization displays showing population information. There were 
also biases with regard to the appropriateness of plans for experts versus non-experts. The expert 
panel decided that as long as the non-experts consulted ID clinicians, then the plan was appropriate. 
However, this was not the case for experts’ evaluations of the plans. It is difficult to judge an appro-
priate plan for very complex cases. Also, this is a pilot study and the results are ID domain specific. 
The cognitive requirements for the information display design may be different in other clinical do-
mains. Thus, this study provides important directions for other clinical domain to design their do-
main-specific visualization tools. 

The 19 patients found in our query shared similar features of the complex patient case. Yet, we 
did not conduct any additional analysis for quantitatively measuring the similarity of those patients. 
However, all clinicians concurred that the population information was useful for clinical reasoning, 
even though the number of patients retrieved was small. It is possible that, when evidence based in-
formation is nonexistent, even a small number of patients with different treatments can help reduce 
uncertainty and improve clinical reasoning. 

In addition, there may be limitations regarding the variables that were chosen to evaluate the dis-
play for cognition. Also, we did not compare the design with other current population information 
displays. However, the results lay out the foundation for future larger studies that can test more vari-
ables with more participants. Finally, in this study, we have used a static population information dis-
play without analytical capabilities. Future studies can explore the final design with larger sample 
sizes to measure clinical decision-making. 

6. Conclusion
In this study, we have successfully extracted similar complex patient information from an actual 
clinical database and presented the information in a population information display. Future studies 
may use our methodology of finding similar complex attributes of patients based on the clinical 
question to reduce uncertainty and cognitive complexity. In addition, the content analysis of the 
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qualitative data on preferences for population display revealed the following four themes: 1) trusting 
population data can be an issue, 2) embedded analytics is necessary to explore patient similarities, 3) 
need for tools to control the view (overview zoom and filter) and 4) different presentations of the 
population display can be beneficial. The results indicate that ID experts processed the population 
information visualization faster than the non-experts. Also, we have proposed a better design based 
on the qualitative findings of the study. Future studies with a large number of participants and a 
more fine-tuned visualization population display may further validate the results of this exploratory 
study.
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Fig. 1  
Population information dis-
play

Fig. 2  
Viewing time for the popu-
lation display (expert ver-
sus non-expert)
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Fig. 3  
Redesigned 
Population-
based informa-
tion display.
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Table 1 Complex case summary

Patient is a 60-year-old man with AML s/p induction with 7+3 day+35 now s/p re-induction who has had sus-
tained neutropenia and now fever for the past 7 days. Initial blood cultures revealed Vancomycin-resistant Enter-
ococcus. Infectious diseases was consulted the day after the fever spike and recommended Daptomycin given 
history of the same during previous admissions. Routine susceptibility report demonstrated susceptibility to Dap-
tomycin but after 2 days of sustained bacteremia and worsening picture, gentamicin was added and his PICC line 
was discontinued. The patient remains on the floor, but has been persistently febrile. Transthoracic echocardio-
gram shows new tricuspid-valve regurgitation and a 3 cm vegetation. 
He endorses subjective fevers and chills but does not otherwise localize his symptoms. He reports feeling de-
pressed about his outlook.
VRE TV endocarditis currently failing or with delayed response to Daptomycin + Gentamicin and removal of the 
PICC line. Worsening on therapy. Creatinine now 1.6 from 1.3. Currently neutropenic, precluding surgical inter-
vention. Daptomycin etest 4, Linezolid 2. Susceptibility on the VRE from 2 days ago was rechecked and was the 
same as the original.
Instructions: Please write down a plan about how will you manage the patient therapeutically and rank the 
plans

Table 2 Information from similar patients

Died

Did not die

Total

Percentage of 
total patients

**More patients died on treatment therapy containing Daptomycin than other therapeutics alternatives. Also, the 
guideline does suggest using Daptomycin as an initial therapeutic agent.

Patients with Daptomycin 
and/or combination therapy 
including Daptomycin

8

6

14

74%

Patients with any anti-
biotic other than Dap-
tomycin

2

3

5

26%

Total

10

9

19

Percentage of 
total patients

52%

48%

Table 3 Measured outcomes and data collection

Independent variables

Preferences for information display

Time looking at the population informa-
tion display

Time to read the chart

Appropriateness of plans

Data collection procedure

The first author audio recorded and transcribed the post-study in-
depth interview with the participants.

Quick Time player screen capture recorded the total time each partici-
pant spent looking and exploring the population information display

Quick Time player screen capture recorded the total time each partici-
pant spent reading the patient chart

Participants wrote down the treatment plan in a word-processing soft-
ware and ranked the plan. They wrote down the plan twice: once after 
reading the chart and then again after seeing the population informa-
tion display
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Table 4 Criteria for appropriate plans

Infectious diseases group

Non-infectious diseases group

Appropriate Plan

1. Start Linezolid
 Or
2.Start Tigecycline
 Or
3. Start very high dose of Ampicillin + Ceftriaxone

1. Consult ID
 Or
2. Start Linezolid
 Or
3. Start Tigecycline
 Or
4. Start very high dose of Ampicillin + Ceftriaxone
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