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Abstract
Current healthcare visualizations utilize unstructured Electronic Health Record (EHR) data that lack user
requirement analysis for intuitive visualizations. Since clinicians are the end-users, it is crucial to consider
end users’ input to improve clinical work�ow e�ciency. In this paper, we developed a user-centered design
through cognitive task analysis (CTA) to visualize unstructured EHR data using arti�cial intelligence (AI)
and natural language processing (NLP). The research team conducted CTA with 8 clinicians. The
interviews were transcribed, and a content analysis was performed. Themes were coded, and user
requirements helped us to understand the clinical work�ow. The CTA resulted in 5 different themes: 1)
Gathering patient information, 2) Filtering and searching for necessary information, 3) Subjective,
objective assessment, plan of the patient, 4) Visualization of unstructured EHR data, and 5) Progression
of trends and comparisons in patients. The intuitive visualization dashboard utilizing unstructured EHR
population data was successfully developed. Design elements included an interactive dashboard with a
snapshot and basic information for all patients, �lter and search keywords, and visualizations of patient
trends and lab results through graphs. Finally, a system usability scale (SUS) survey was completed to
assess the usability of the dashboard by 20 participants. The completed 20 SUS surveys resulted in an
average score of 80.9, which concluded that the platform had a high usability. The health analytics
dashboard demonstrated unstructured data containing diverse information that can support identifying
underserved populations, enhance work�ow e�ciency and create intuitive design interface.

Introduction
Big data pertains to large volumes of diverse datasets that cannot be analyzed, managed, or contained
by traditional methods in industries such as business, marketing, or social media [1, 2]. In the healthcare
sector, big data exists in various forms such as mobile health applications, medical monitoring devices
and electronic health records (EHRs). Much of real-world evidence research utilizes structured EHR data
for comparative effectiveness studies, retrospective analysis, and predicting disease progression [3–6].
Structured EHR data refers to datasets that are standardized and can be easily retrieved to store lab
values, ICD codes, or patient demographics. Unstructured data, on the other hand, refers to datasets that
are not as easily retrievable and exist mainly as free texts such as physician, nurse, or pharmacy progress
notes, MRIs, EKGs, etc [7]. More than 80% of healthcare data is unstructured which holds diverse crucial
patient data with numerous potential applications [1]. Unfortunately, unstructured data remains
underutilized because it is not as easily accessible for information processing. Therefore, it is imperative
to create functionalities to process the data to understand the clinical complexity in healthcare [8–12]. In
addition, unstructured data provided a more in-depth picture of the classi�cation of clinical problems
when compared to using only claim data or structured data [13]. Unstructured data offers a complete and
more detailed picture of diagnosis, disease progression, and disease burden than structured data alone.

One way to explore unstructured data is to combine arti�cial intelligence (AI) with natural language
processing (NLP) methods to text mine clinical progress notes. NLP is an area of computer science that
consists of studying, identifying, and retrieving the human language into its natural form to extract
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information [14]. NLP can be used to verify and extract information from unstructured datasets. Multiple
studies have included NLP with AI methods to successfully analyze unstructured data [12, 15–18].
Although previous studies illustrate the feasibility of creating a platform or machine learning algorithm
for mining unstructured data, the considerations for user requirement analysis are often overlooked [16,
19–22]. Studies that demonstrate the ability to text mine unstructured data are important to researchers
but may not be as easily usable or applicable for the clinicians [23–25]. Both structured and unstructured
data is critical for accomplishing clinical duties. Hence, the development of EHR data design must
consider intelligent visual analytics [26]. Visualizations in healthcare help clinicians to query for select
information in a timely manner, improve decision making, and understand patterns [27].

In order to create an intuitive interface for the clinicians, a user requirement analysis is necessary. User
requirement analysis is a technique based on human factor-based methods [28–32]. In the time of
COVID-19, it is clear that data sharing is crucial to obtain patients’ health records such as immunization
records and medication lists [33, 34].

Signi�cant opportunities exist for operationalizing unstructured data. A predictive model for hospital
readmissions and early diagnosis of disease states such as heart failure has been developed using
unstructured data [15, 35–37]. Furthermore, unstructured data has the potential to improve quality
measures and population health management [19]. However, there is a critical need in understanding how
to develop an intuitive interface for population health data analytics dashboards. Although many studies
have researched using AI and NLP methods to create health analytics dashboards, very few considered
the user’s perspectives. Visualizing unstructured data utilizing AI and NLP methods have not been studied
in depth [27]. In this paper, unstructured EHR data was used to create an interactive analytics dashboard
to assist healthcare providers in understanding the patient’s overall clinical situation. The objective of this
research was to develop a user-centered design with an AI and NLP-based approach to visualize
unstructured datasets while complementing clinicians’ higher cognitive skills.

Methods
The study took place at Emanate Health and was approved by the Institutional Review Board at Western
University of Health Sciences. There were three steps to create the dashboard. The �rst step began with
understanding user requirements using cognitive task analysis (CTA). In the second step, the results from
user requirements were utilized to design the AI-based analytics dashboard for visualizing unstructured
data. Finally, a System Usability Scale (SUS) survey was given to assess the functionalities of the data
analytics dashboard. Figure 1 illustrates the methods from Steps 1–3.

1) Cognitive Task Analysis
In this research, we used CTA to identify user requirements to develop an e�cient visualization
dashboard to organize patient data. Interviews took place with 8 stakeholders including 5 nurses, and 3
pharmacists. Speci�c user requirements were addressed through the interviews. A qualitative thematic
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analysis was conducted iteratively by three independent reviewers with healthcare backgrounds. The
content analysis was accomplished by initially reviewing the entire transcriptions, coding the data, and
creating an overall theme to encompass the various codes [38]. The analysis was �nalized through
multiple sessions to re�ne the selected themes. The themes were veri�ed, and discrepancies were
discussed among the research team until a consensus was reached.

2) Health Analytics Dashboard
We collected data from EHR on 500 inactive patients and removed all HIPAA identi�ers. The dataset was
curated in an excel �le and cleaned for using NLP and AI algorithms. The process of this step is described
in Fig. 2.

In this study, we used MetaMap, an NLP tool to extract biomedical concepts from a free-front text
developed by the National Library of Medicine (NLM) [39]. Our research team took input text into words or
phrases through a lexical/syntactic analysis including sentence boundary determination, parts of speech
tagging, parsing and generating variants of the phrase words. Using the United Medical Language
System (UMLS), MetaMap then identi�es all possible candidate terms to evaluate the matched phrases
retrieved in the previous process based on measures of centrality, variation, cohesiveness and coverage.
After categorizing, a concept unique identi�ed (CUI) with a score between 0 to 1000 on the strength of
mapping is generated [40]. A series of text preprocessing identi�es the CUIs from the EHR’s dataset. We
used Google’s spell checker API to correct any misspelled words. We created a list with the scoring system
to apply the ML algorithm to the dataset.

Recursive neural network (RNN) is a type of arti�cial neural network with feedback features to store
memory and feedforward to learn and anticipate the next output [41]. We used a previously validated
context-speci�c recursive neural network (CRNN) proven with high sensitivity and speci�city of texts.
These networks can induce distributed feature presentations for never seen words and texts. Moreover,
the CRNN model accurately predicts phrase structure trees with syntactic information [42]. Using this
model, our backend data server created a pivot table of sparse texts with scoring and created a loop
learning method. Finally, we used a Python script to pull the texts and associated lab values to create the
analytics visualization dashboard. This visualization can utilize the CRNN model to predict a speci�c
patient’s trend as well as show the past trend. For example, if a patient has a blood glucose level for the
last 3 days, based on the ML model, our system can predict blood glucose level in the next 3 days with
more than 80% accuracy while using other clinical data. Finalized data analytics dashboard using
unstructured data from a separate deidenti�ed source was presented to clinicians for feedback. The
research team incorporated all feedback in the design until no further issues were identi�ed.

3) System Usability Scale (SUS) survey
Twenty participants were chosen to complete a System Usability Scale (SUS) survey. SUS is a 10-item
questionnaire that studies the user experience and reviews the platform for design iterations. The survey
contained a 5-point Likert scale ranging from 1 = Strongly Disagree to 5 = Strongly Agree. The raw data
was multiplied by 2.5 to get the �nal score between 0 and 100 [43].
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Results

1) Cognitive Task Analysis
The coded themes and examples are outlined in Table 1. Responses to questions were similar across all
stakeholders. Five overarching themes were identi�ed including 1) gathering patient information, 2)
�ltering and searching for necessary information, 3) subjective, objective, assessment, and plan, 4)
visualization of unstructured EHR data, and 5) trends of patient progression and comparisons in graphs.

Table 1
Coded themes from stakeholder responses to interview questions.

Coded theme Example

Gathering patient
information

“…review current inpatient patients (admits), see if there was any discharge
overnight, if so change to outpatient status. Schedule to call discharged
patients…”

Filter and search for
necessary
information

“…Filtering/screening ‘reasons for dx’ or ‘reasons for admit’ would be helpful,
especially if could look into PHM, would save time when screening...”

Subjective, objective,
assessment, plan of
patient

“…look at signs and symptoms, lab values that support the target diagnosis
(ex: would look CXR, BNP, EF for CHF). Also look at plan/assessment from
doctor, and diagnosis data/info verbiage for COPD CHF, pneumonia.”

Visualization of
unstructured EHR
data

“The presentation varies, but for daily work�ow it would ideally be in a list
with patient names, medical record number, location (unit), insurance, etc..”

Patient progress
trends and
comparisons in
graphs (i.e. bar, pie)

“Trends and progression graphs”

For current work�ow, all interviewees are required to know patient diagnosis and demographics,
insurance status, and side effects of medications. However, it is di�cult to �nd the necessary information
from the current EHR due to disjointed information. Instead of manually searching for each piece of
information, the work�ow allowed a single place to verify, view, and determine patient information.

To make the work�ow easier, stakeholders mentioned requiring the ability to quickly vet information
through pulling and �ltering free text information. Manually reading through every single progress and
chart note was time-consuming. Thus, the code for an easier work�ow selected was to �lter and search
for necessary information. Stakeholders mentioned this would save them time and be able to stratify
patients, which result in improving their workload.

Some speci�c information that was required for patient care was subjective, objective, assessment and
plan (SOAP). Stakeholders are required to see all aspects of the health of the patient: labs, medications,
past medical history, consultations, surgeries, etc. The resulting theme was the SOAP format information.
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Patient information and treatment plan were necessary to understand each case and make decisions for
essential care.

For the visualization questions, stakeholders desired a platform where they could easily see unstructured
patient data and also the progress of the patient’s trends. Stakeholders mentioned the current way of
displaying patient information was through multiple pages. Instead, they suggested visualizing all patient
information in one place with multiple patients as a table format, charts, or graphs.

Finally, intuitive visualizations could aid in stakeholders’ day to day work environment to be effective
which allows them to review trends, compare data, and patient progress at a glance. Stakeholders
mentioned having a one snapshot view in the visualization dashboard area would be highly bene�cial.

2) Health Analytics Dashboard
The developed dashboard included three main functionalities. First, the machine learning algorithm
processed unstructured EHR data and parsed it into meaningful information. The visualized information
can support clinicians to understand a patient's severity and acuity in one snapshot. Second, the
visualization snapshots of patient progress use clear graphics and visual tools to instantly comprehend
the patient lab trends and testing results. The AI algorithm can also show a list of patients based on their
race or ethnicity. Third, the data from the platform can be downloaded into any �le format such as a
Microsoft Excel sheet or CSV �le.

Figure 3 represents snapshots of the platform. Figure 3a and 3b were created in response to multiple
comments regarding visualizing trends and patient’s vitals and lab values in one place instead of
checking multiple areas of the EHR to �nd data. Figure 3a represents vitals such as temperature and
blood pressure and Fig. 3b represents lab values such as glucose and hemoglobin. Clinicians and nurses
are able to view the trends and make appropriate interventions. For each patient, the trends were depicted
as scattered plots connected with lines. Figure 3c represents the solution to that request. In the search
bar, clinicians are able to type in certain measures such as blood pressure > 120 to identify patients who
have elevated blood pressure requiring intervention. Figure 3c illustrates the search result that found 4
patients who matched and had systolic blood pressure > 120. This could be done with other clinical
markers such as lab values, diagnosis, or medications. Figure 3d represents an instance when the
clinician searches for patients who take warfarin. The search resulted in categorizing patients who are
currently on warfarin and patients who have active problems from taking warfarin. The results are
represented in a pie chart with ratios of patients with warfarin and other medications from insulin to
atorvastatin. Clinicians were able to view drug-drug interactions and adverse drug events through this
resulting page. Some problems with patients on warfarin consist of hypertension, anemia, and active
bleeding. Users can also search other medications as well in order to see the impact on the patient
population. The visualization utilized the CRNN model to predict a speci�c patient’s trend and the past
trend. For example, if a patient has a blood glucose level of 160 for the last 3 days, based on the ML
model, our system can predict blood glucose level in the next 3 days with more than 80% accuracy.
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3) SUS Survey
For the SUS survey, participants included clinicians, pharmacy coordinators, nurses, hospital
administrators and social case workers. Of the 20 participants, 14 were female and 6 were male. All 20
participants completed the SUS survey. The average raw score was 32.35 and the average �nal score was
80.9 with a standard deviation of 5.69. The individual scores are graphed as shown in Fig. 4.

Discussion
Previous studies developed analytics dashboards from population data for research in various settings.
One particular study used data from EHRs to better study cancer registries [20]. Other studies mined data
for pharmacovigilance, phenotyping genetic diseases, and mobile health technology [44]. However, very
few studies are considered user-friendly interface designs while developing the systems. This paper
contributes to population-level unstructured data literature by creating an AI with NLP based approach to
managing unstructured datasets with the integration of results from the CTA. We were able to
successfully incorporate CTA results into our web-based HIPAA-protected platform to e�ciently represent
unstructured patient data. Furthermore, stakeholders desired an easy visualization of patient status,
progress, and plan. One of the elements that were included was a text search for users to search for exact
items that they needed to �nd a speci�c patient. For example, multiple stakeholders commented that the
�rst thing they do once they begin their shift is look through which patients need to be followed up per
protocol. Another aspect of the design was the inclusion of pie charts and line graphs to determine
patient progress and identify problem areas. Finally, the ability to search for medications would be a more
effective way for clinicians to monitor patients and select patients who need to be closely observed. For
instance, the warfarin search would be useful not only to determine the number of patients affected by
warfarin but also to provide monitoring parameters for these patients with active problems. One of the
main issues stakeholders were concerned about the current EHRs was that it was not easy to �nd patient
information all in one place. They had to sift through multiple pages in different areas to �nd each piece
of information. Current EHR designs hold lab values in the results section, but the results of EKGs and
MRIs might be stored either in the notes or images section. Our web-based platform addressed
stakeholders’ concerns e�ciently. The SUS score totaled to 80.9 from 20 participants, which is interpreted
as a high score when compared to the average of 68. The score of 80.9 would be in the top 10 percentile
describing a high usability.

Data that are visually analyzed and presented can not only impact providers but also patients and
population health. Using our innovative visualization of unstructured data, clinicians have the ability to
monitor patients more effectively and e�ciently. One such visualization dashboard, Lifeline2 allowed
providers to view data based on speci�c time sections and search for details that helped improve patient
care through collaborating with end-users [37]. A different study developed an EHR informational display
tool with distinct design features that allowed clinicians to view data quicker [45]. Both of the studies
have implications for improving designs and visualizations that can impact provider clinical judgment by
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supporting the higher cognitive skills of clinicians. Therefore, the analytics dashboard we developed and
described has the necessary visualizations to assist clinicians in their patient care activities.

The developed dashboard was strategically selected to be web-based due to the accessibility of health
information exchange (HIE). HIE is the ability to exchange patient information in a secure manner to
promote e�cient patient care and interoperability. The contemporary fragmented healthcare system in
the United States and different EHR companies result in the inability to exchange information. Health
data standards are a crucial element for data sharing which range from genomics to clinical data [46]. As
a result, health information is not easily obtainable or transferrable through technology. Interoperability
would not only improve patient care, and continuity of care, and reduce the administrative burden on
practitioners, but it would also provide a more precise picture for real-world research. Standards exist for
EHR messaging including HL7 Clinical Document Architecture (CDA) and HL7 Fast Healthcare
Interoperability Resources (FHIR) [31,32,47. 48, 49,50]. However, established standards have yet to
provide an all-inclusive method for every type of data in EHRs [51]. Although the study concludes that
more work is required for a fully capable interoperable system, it provides insight into a feasible method.
Thus, our developed dashboard data is interoperable and shareable across multiple EHR vendors.

Limitations
There were two main limitations to our data analytics dashboard. The �rst limitation is that the backend
data from the dashboard did not automatically transfer data from the EHR. Unstructured data was pulled
separately and integrated to the dashboard. The second limitation is the lack of analytical features since
it was not directly connected to the EHR. For example, physicians would not be able to open up the EHR
to view patients’ records through the dashboard.

Conclusion
We successfully developed web-based dashboard analytics from unstructured data to provide
visualizations to support clinician work�ow through AI and NLP methods. The visualizations for the
dashboard were designed based on a CTA. The results from CTA were used to create the design of the
interface including word searches for patients on certain medications or speci�c clinical markers,
graphical representations of patient progress, and a single page for patient status. A SUS survey was
completed by 20 participants with a resulting score of 80.9 concluding high usability. The AI-based
dashboard demonstrated an intuitive interface displaying unstructured data to support our clinicians in
improving patient care.
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Figures

Figure 1

Flowchart of methods starting with stakeholder interviews and ending with surveys.
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The �owchart shows the overall methodology for conducting cognitive task analysis and using the data
to create recommendations for user-centered design �nally.

Figure 2

Overall process of creating the Arti�cial Intelligent algorithm

The speci�c words were parsed based on eligibility criteria, and a speci�c CUI number was given. From
the CUI, we used the RNN, NLP and CRNN algorithm, which provided phrases. Finally, we compared the
phrases to ensure they were the same and showed them to clinicians.

Figure 3

Snapshots of the platform in observing and analyzing patient-related information
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(a) Patient lab value trends and visualization. (b) A trend of patient vitals. (c) Search results for blood
pressure >120 with 4 patients matching criteria. (d) Search results for warfarin and resulting ratios of 14
patients on warfarin and active problems from warfarin

Figure 4

SUS individual �nal scores of 20 participants

The SUS scores show a total of 20 participants and their SUS scores


