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packages to organise a unified software framework for
data input/output operations, data management of
healthcare data, data cleaning and normalisation from
diverse sources, generation of plots and statistical analysis.
Data cleaning and quality control steps including the
removal of outliers were performed using reshape2
package (https://cran.r-project.org/web/packages/
reshape2/index.html). EHDViz uses the packages ggplot2
(http://ggplot2.org) and  gridExtra  (https://cran.
r-project.org/web/packages/gridExtra/index.html) for
developing plots. Native R plots can be generated and
visualised using PDF viewers, generic image viewers and
web browsers, but base R offers limited options for visua-
lising real-time data streams. We developed a custom algo-
rithm to combine individual R plots and visualise as a
continuous, real-time data stream. We implemented the
web server implementation using R/Shiny to deploy the
plots created as part of EHDViz framework. We used the
Shiny server architecture (https://github.com/rstudio/
shiny-server) because it can be implemented over mul-
tiple desktop and server environments and can be distrib-
uted as suitable software modules. Data from wearable
devices are compiled using the device-specific API for
Fitbit. Wearable-specific APIs offer a secure way to collect
and aggregate data generated by personal fitness moni-
toring devices. The package titScraper (https://cran.
r-project.org/web/packages/fitbitScraper/index.html)
was used to extract the data from the wearable device.

Data handling in EHDViz

Various biomedical and healthcare data types, including
disease and procedure indexes, clinical dictionaries and
ontologies, namely the International Statistical

Figure 1

Classification of Diseases and Related Health Problems
(ICD-9: http://www.who.int/classifications/icd/en/)
codes, are indexed in the current implementation to
define specific disease terms pertaining to patients as
part of diagnoses. Patients undergoing specific clinical
procedures can also be retrieved and aggregated using
Current Procedural Terminology (CPT: http://www.
ama-assn.org/ama/pub/physician-resources/solutions-
managing-your-practice/coding-billing-insurance/cpt/
about-cpt.page) codes or Systematized Nomenclature
of Medicine—Clinical Terms (SNOMED-CT) codes.
EHDViz can also parse and normalise medication
data using National Drug Codes (NDCs) and RxNorm
and use medication data as part of the data
aggregation methods in EHDViz (NDC: http://www.
fda.gov/Drugs/InformationOnDrugs/ucm142438.htm;
RxNorm: https://www.nlm.nih.gov/research/umls/
rxnorm/). EHDViz can also handle data from oper-
ational and administrative datasets generated as part of
healthcare delivery, including patient transfer data
(ie, from the emergency department to surgery to ward
and discharge), to query or aggregate patient cohorts in
an adaptive fashion and to precisely visualise their
health trends.

Input and output specifications of EHDViz

EHDViz can handle data in tab-delimited file format
(.tsv) or comma-delimited file format (.csv). Data can
also be extracted from various other formats and data-
base using native R packages. For example, EHDViz can
extract data from Excel files (xlsx: https://cran.r-project.
org/web/packages/xlsx/index.html) or relational data-
base systems that conform to Open Database

Client—server architecture of EHDViz. EHDViz, electronic healthcare data visualization.
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Connectivity (ODBC) standards (RODBC: https://cran.
r-project.org/web/packages/RODBC/index.html), Java
Database  Connectivity (/DBC) (RJDBC: https://
cran.r-project.org/web/packages/RJDBC/index.html),
MySQL  (RMySQL:  https://cran.r-project.org/web/
packages/RMySQL/index.html) or modern, NoSQL
database systems such as MongoDB (rmongodb: https://
cran.r-project.org/web/packages/rmongodb/index.html).
Various examples of input formats and sample files are
provided at the URL: http://ehdviz.dudleylab.org/help.
htmMfintroduction. The data gathered from sources
including EHRSs, flat files, data warehouse or database
connections will be used as the input for EHDViz dash-
boards and customised visualisation as output. The
diverse set of data from various sources after parsing,
quality control and normalisation can be integrated into
the visualisation templates of an individual project. The
output of EHDViz is in the format of customised visual-
isation dashboards rendered using a standard, modern
web browser that supports HTML5 and responsive web
development standards. The current version of EHDViz
dashboards was successfully tested using modern brow-
sers (Chrome Browser, Mozilla Firefox and Safari) on
Windows, Linux or Mac operating systems.

Clinical dashboards developed using EHDViz

To evaluate the technical challenges in developing and
deploying a real-time biomedical, clinical and patient-
generated data visualisation dashboard, we created mul-
tiple prototype web applications using R language in the
back end and the R/Shiny web server architecture in the
front end as outlined above. Prototype dashboards are
developed using three different datasets: (1) data from a
single patient (n-of-1) with data streams not captured in
a clinical setting demonstrate quantified-self visualisa-
tion, (2) simulated cohort of inpatients (n=445) and (3)
simulated cohort of outpatients (7=14221). The data
simulation was performed using a deidentified EHR
compiled at Icahn School of Medicine at Mount Sinai
(ISMMS), a hospital of the Mount Sinai Health System
in New York City. Data from fitness monitoring devices
were aggregated using an API capable of secure retrieval
of data from the fitness monitoring device of a user, and
a custom web service function was designed to pull and
integrate user-defined data features in real time.
Dashboards discussed in this manuscript are implemen-
ted on a web server with Nginx (http://nginx.org/) on a
secure, cloud-based virtual private server running on
Ubuntu. The web interface is implemented using HTML,
CSS and JavaScript, and visualisation dashboards are ren-
dered using R/Shiny architecture.

RESULTS

Availability: the source code of EHDViz and various clin-
ical dashboard implementations are available from the
URL: http://ehdviz.dudleylab.org/.

Clinical dashboards developed using EHDViz

Collaborative data visualisations, wellness trend predictors,
risk estimation algorithms, proactive acuity status monitor-
ing in a clinical setting and complex disease indicators are
essential components of implementing data-driven preci-
sion medicine. In the following section, we discuss various
dashboards developed using EHDViz. Briefly, we parsed
the source data and removed the outliers as part of the
data cleaning step. A custom web service function was
designed to pull and integrate user-defined data features
in real time from simulations of the clinical cohorts and
fitness monitors using normalised data. The final dash-
boards were designed to show specific visualisations.

Dashboard 1: Visualising time series health data
(quantified self)

The quantified-self movement involves an increasing
interest in individuals and patient communities in track-
ing many types of biometric data to gain insight into
their health.? Increasingly, patients are able to access
and control their clinically collected health data.*® ¥
Our first demonstration addresses the challenge in
quantified-self area of integrating and visualising time
series health data from multiple data sources. The
example in figure 2 demonstrates the integration of an
individual patient’s EHD sources. For this example, the
patient has three primary sources of health data: (1)
clinical data from outpatient visits, (2) continuous activ-
ity data from a wearable device (Fitbit, San Francisco,
California, USA) and (3) a self-recorded blood pressure
log. The clinical data from ambulatory visits were simu-
lated by randomly sampling aggregated physiologic and
lab values from 14 221 patients in an ISMMS outpatient
cohort. The continuous activity data were scraped from
one of the author’s (MAB) wearable devices using the
API at an interval of 15 min. The blood pressure log is
simulated as weekly measurements from normal distribu-
tions N(13 015) and N(8510).The user interface features
a main panel with ‘sparklines’ for each health feature
and a sidebar with widgets for the user to select the
health features of interest. In this example, a checkbox
is provided to group patients for each data source: (1)
EHR, (2) data from fitness monitoring device and (3)
personal log. The user can select any combination of
health features to be displayed. The main panel displays
a stack of sparklines with selected health features sorted
according to values selected in the sidebar. Minimums
and maximums are highlighted with red and blue dots,
respectively. In this application, the data source that
updates most frequently was from the wearable device
collected at 15 min intervals; the application was pro-
grammed to autorefresh every 15 min to retrieve new
data.

Dashboard 2: Visual analytics of data streams in clinical
setting

Next, we demonstrate the retrieval of continuous data
contained in a collection of patient’s EHRs during an
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Figure 2 A quantified-self, healthcare data visualisation dashboard developed using EHDViz. Different features of the
dashboard are highlighted as (1) user management, (2) dynamic selection, (3) integration with data streams and (4) integration
with manual data input. EHDViz, electronic healthcare data visualization.

inpatient stay, where data will be much more dynamic
than in the previous outpatient example. This implemen-
tation was tested with a simulated cohort of 445 inpatients
with clinical labs recorded throughout their encounter
and with simulated data (figures 3A-D and 4).

User of this particular dashboard can use the sidebar
to select a patient and the date range of interest.
The relevant information is then retrieved from the
EHR or data warehouse throughout the encounter
(figure 3A-D). Within a single hospital visit, a patient
could go through different hospital units including the
emergency department, ICUs, inpatient units, surgical
suite or ambulatory wards depending on the clinical
status of the patient. In this example, patient transfers
including admission, transfers and discharge were
colour coded by location to intuitively show the dynamic
trends in the health status (figure 3B). For the simulated
data, we randomly retrieved data from the EHR for an
age-matched and gender-matched cohort with 14221
patients to populate each of the 375 continuous health
features contained in the EHR.

For each of the 7000 unique diagnoses, we pooled cor-
responding patient data and found the most frequently
measured health features for each ICD-9 class. The
simulated patient dashboard (figure 4) allows the user
to select a patient and an ICD-9 class from the drop-

down menus in the side panel, which then populates
the main panel with the most common health features
measured for that ICD-9 class. The list of health features
corresponding to the selected ICD-9 class is additionally
displayed as a checkbox group in the side panel, so the
user can further refine the displayed feature set. This
enables the user to rapidly retrieve and assess trends in
the most relevant biomarkers. We also provide a demon-
stration at http://ehdviz.dudleylab.org/providers/full
that allows a keyword-based search and multiselection of
all 375 health features to make customised dashboards.
Real-time displays were also designed from the simulated
data, demonstrated at http://ehdviz.dudleylab.org/
providers/real-time.

Dashboard 3: High-velocity patient acuity status

monitoring and data visualisation in the clinical setting
The examples in figures 3C and D and 5 demonstrate
the use of EHDViz for developing visual aids for patient
safety and cohort analysis. These dashboards provide
risk estimation visualisation for users to track all patients
simultaneously in a unit, which facilitates the identifica-
tion of atypical and destabilising features to trigger inter-
ventions. Patient vital signs were retrieved from the EHR
warchouse from 445 inpatients and processed to calcu-
late the MEWS. Figure 3C and D shows the dashboard
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Figure 3 Different scenarios of implementing a visual aid for MEWS using EHDViz framework. (A) Visualisation of a single
patient; (B) visualisation of a single patient layered on patient admission, discharge and transfer data; (C) visualisation of trends
of MEWS in different inpatient units; (D) visualisation of multiple patients in a same unit. EHDViz, electronic healthcare data

visualization; MEWS, Modified Early Warning Score.

for monitoring these patients’ MEWS and shows the
clinical stability trends. The user can select the clinical
unit of interest with the drop-down menu, and spark-
lines with MEWS are displayed for each patient in the
unit with alert-triggering thresholds displayed for refer-
ence. When there are multiple patients in the unit,
MEWS are coloured by patient (figure 3D). Data for
online demonstrations were simulated as discussed in
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scenario 2 and the ‘location’ and ‘patient’ covariates
were switched from a data-colouring covariate to a user-
filtering covariate and vice versa for use in a cohort
application. As shown in figure 5, a user can select the
clinical unit of interest and text search different clinical
parameters, and the main panel will display the values
of these features for all the patients in the selected unit,
coloured by patient. This design allows rapid evaluation
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Figure 4 A customised, clinical evaluation dashboard developed using EHDViz that illustrates data in emergency department.
Features of this dashboard include selection of specific clinical units using a drop-down menu, controlling for the layout and
selecting patients that are tested for specific biomarkers. Different features of the dashboard are highlighted as (1) selection of
individuals, (2) options to control visual layouts and (3) integration with ICD-9 codes. EHDViz, electronic healthcare data
visualization; ICD-9, International Classification of Diseases, Ninth Revision.
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Figure 5 A population health management visualisation dashboard implemented using EHDViz. Different features of the
dashboard are highlighted as (1) visualisation of data from floor using admission, discharge transfer data, (2) dynamic control of
visualisation and (3) real-time user interaction. EHDViz, electronic healthcare data visualization.

of various clinical features or predictors. Multiple values
relevant to clinical manifestations of patient population
can be compiled and new scores (eg, MEWS) can be
computed for a population of patients. Demonstrations
of ICD-9-class-based feature selection are provided
at the URL: http://ehdviz.dudleylab.org/visualizations/
Population_Management _ICD9/, and a real-time moni-
toring dashboard implemented using EHDViz is pro-
vided at the URL: http://ehdviz.dudleylab.org/
visualizations/Population_Management_RealTime/.

DISCUSSION

The treatment pathway for a patient depends on a
number of factors that can be collected from different
sources including patient-generated data, medications,
vital signs, diagnoses and responses to therapies or other
interventions. Physicians can collect data from the
EHRs, patient health records, patient portals, electronic
patient diaries, fitness trackers and the patient’s recollec-
tions of medical history. In most presentations, however,
these data overwhelm physicians instead of guiding
them to informed decision-making. Real-time clinical
monitoring and automated alerting provide better tools
to improve patient safety, clinical outcomes and quality
of healthcare delivery. Tools are currently available to
monitor patient acuity, infectious diseases and adverse
events. Specifically, there are customised tools that target
specific needs of the clinical unit including operating
rooms or ICUs. Developing a unified visualisation tool
that can provide an overview of a patient by integrating
different healthcare, biomedical or clinical data streams
remains an open challenge. EHDViz, an open-source
data visualisation framework capable of real-time data

visualisation, can be used to address many of these
issues. EHDViz aims to unify heterogeneous biomedical
and healthcare data integration through R language, a
popular and preferred programming language for scien-
tific computing, predictive analytics and machine learn-
ing. R language is typically used for desktop or client
cluster-based visualisation models. Here, we have impro-
vised an R visualisation package designed to generate
static plots and rendered it as a real-time data visualisa-
tion engine. Real-time displays can also be implemented
and deployed over the web browsers using other pro-
gramming languages including Python and JavaScript,
and future releases of EHDViz could extend to these
languages. Close integration with R also enables visual
analytics and predictive modelling using the large
library of R packages to run seamlessly within EHDViz.
Users can customise the different levels of implementa-
tion of EHDViz dashboards for disease-specific, division-
specific or institutional-specific applications. EHDViz
offers features to integrate risk prediction algorithms for
patient stratification with data mining algorithms to use
underlying data repositories to refine the user experi-
ence and automatically retrieve the most relevant data
for a selected context. Integrating various risk assess-
ment algorithms with the traditional clinical dashboard
style interface offers a powerful toolkit for clinicians.
EHDViz could aid in designing dashboard development
projects that combine visualisation, analytics and predict-
ive modelling in healthcare and wellcare.

Application of EHDViz in simulation-based medical
education

Simulation-based learning is at the core of the peda-
gogical principles of modern medicine. Medical

8 Badgeley MA, et al. BM.J Open 2016;6:6010579. doi:10.1136/bmjopen-2015-010579


http://ehdviz.dudleylab.org/visualizations/Population_Management_ICD9/
http://ehdviz.dudleylab.org/visualizations/Population_Management_ICD9/
http://ehdviz.dudleylab.org/visualizations/Population_Management_RealTime/
http://ehdviz.dudleylab.org/visualizations/Population_Management_RealTime/
http://bmjopen.bmj.com/
http://group.bmj.com

Downloaded from http://bmjopen.bmj.com/ on March 28, 2016 - Published by group.bmj.com

8 Open Access

students, residents and physicians extensively use EHR at
the bedside during care delivery. EHDViz is an EHR and
vendor-agnostic dashboard development toolkit that
users can leverage as a teaching aid capable of generat-
ing custom EHR instances and visualisations. Simulated
EHR systems can be designed based on single-use cases
to evaluate an individual patient or number of patients
that a resident is managing on a floor or unit.

Comparison with related healthcare data visualisation
applications

Multiple visualisation tools are currently available for
effective integration of actionable information in the
workflow of clinical care pathways. A systematic review of
data visualisation tools assessed multiple clinical data
visualisation tools: tools such as EventFlow,*® LifeLines,"’
LifeLines2,’° VISualization of Time-Oriented RecordS
(VISITORS)”' and Dynamics Icon (DICON)*® were
listed as tools capable of clinical data visualisation and
dashboard development. Deng and Denecke’ used a
tag cloud from radiology reports, pathology reports and
surgical reports to summarise unstructured patient data.
Data visualisation tools, such as HARVEST,** offer web-
based infrastructure for integrating, discovering and
reporting data but are restricted to the data captured in
a data warehouse. The design philosophy of EHDViz is
to provide a tool that can integrate and visualise data
from different sources in addition to data warehouses.
LifeLines and LifeLines2 offer options to align, rank
and summarise temporal visualisations. LifeF low,54 a tool
based on LifeLines and LifeLines2, is capable of visualis-
ing care-related events, including patient transfers. The
focus of LifeFlow is temporal clinical event visualisation
and implemented in Java and is deployed as stand-alone
software. Thus, integration of different healthcare deliv-
ery or operational data is a challenge for LifeFlow.
EHDViz, on the other hand, offers various options for
customised visualisation and integration with a large
library of predictive or statistical learning algorithms
available as part of R language. CrowdED”” is another
visualisation aid that is specific to the specific clinical
locations; the tool can be used for data visualisation in
the emergency departments but offers very limited
extensibility. An objective comparison of user experi-
ences, usability parameters and utilities by implementing
various applications in same healthcare or clinical
setting would provide quantitative estimates of the pref-
erence of data sources and user interface. Several of the
existing healthcare data visualisation tools, however, are
designed to address a single task and lack extensibility.
EHDViz addresses this important challenge by lever-
aging widely used, scalable technologies to create clin-
ical data visualisation dashboards to aid care providers.

CONCLUSIONS

Owing to the implementation of the Affordable Care
Act (http://www.hhs.gov/healthcare/about-the-law/

index.html) and the emerging trend of hospitals to
rebuilding healthcare operations as affordable care
organization (ACO), there is a growing need for health
information technology (healthIT) solutions to be more
agile and sustainable across different levels of hospitals
and health systems. The need for delivering high-quality
care by leveraging biomedical and healthcare data calls
for the appropriation of healthITs capable of handling
and managing healthcare big data. Open-source tech-
nologies offer a complementary option for healthIT
developers to design, develop and deploy cost-effective
clinical dashboards with no cost for the software licence
and reuse. Adoption of these technologies (automated
phenotyping, visual analytics and predictive modeling)
may thus reduce overall healthcare spending. We devel-
oped EHDViz to integrate data from diverse sources
including biomedical and healthcare data visualisation
for integrated health assessment. Further, EHDViz could
also play a significant role as a toolkit to emulate EHR
environment to improve simulation-based learning.
Hospitals and healthcare systems are emerging as learn-
ing health systems, and as such, data capture, smart clin-
ical dashboards and adaptive visual analytics could play
an integral role in managing the patient population. We
envisage that design and development of real-time
patient status assessment tools coupled with risk estima-
tion using heterogeneous data could enhance the
quality of healthcare delivery and improve patient
outcomes.
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