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ABSTRACT

Background: The University of Kansas Alzheimer’s Disease Center (KU ADC) maintains several large databases

to track participant recruitment, enrollment, and capture various research-related activities. It is challenging to

manage and coordinate all the research-related activities. One of the crucial activities involves generating a con-

sensus diagnosis and communicating with participants and their primary care providers.

Process: To effectively manage the cohort, the KU ADC utilizes a combination of open-source electronic data

capture (EDC) (i.e. REDCap), along with other homegrown data management and analytic systems developed

using R-studio and Shiny.

Process evaluation: In this article, we describe the method and utility of the user-friendly dashboard that was

developed for the rapid reporting of dementia evaluations which allows clinical researchers to summarize re-

cruitment metrics, automatically generate letters to both participants and healthcare providers, which ultimately

help optimize workflows.

Conclusions: We believe this general framework would be beneficial to any institution that build reports and

summarizing key metrics of their research from longitudinal databases.
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INTRODUCTION

Alzheimer’s disease (AD) is the most common neurodegenerative

disorder that leads to a gradual decrease in cognitive abilities.1 From

national vital statistics data, it is reported that AD is the sixth lead-

ing cause of death in the United States and a fifth leading cause

among those age 65 and older.2 It is also estimated that approxi-

mately 5.4 million people have AD in the United States and during

the last 30 years, mortality due to AD has increased gradually.2,3 In

the United States, the age-adjusted death rate from AD increased by

39% from 2000 through 2010.2 One recent study reported an

alarming change of the trend of life expectancy in multiple coun-

tries.4 For these reasons, the National Institutes of Health, specifi-

cally the National Institute on Aging, fosters AD research by

providing federal funding to support Alzheimer’s disease centers

(ADCs) at medical institutions throughout the United States. Each

ADC and its affiliated researchers work to better understand the un-
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derlying risk factors of AD and improve patient care. This is done

by conducting translational research and by collecting a substantial,

longitudinal, standardized clinical, and neuropsychological dataset

called the Uniform Data Set (UDS) developed and maintained by the

National Alzheimer’s Coordinating Center (NACC).5 As one of

more than 30 ADCs, the KU ADC, through clinical research and

critical care, actively works to improve diagnoses, patient care, and

educational resources for those affected by AD.

To enhance clinical activities and facilitate decision-making

strategies, the KU ADC manages many research activities such as

study enrollment, patient screening, and research data capture.

These activities are exemplified in the KU ADC Clinical Cohort

study, which is a prospective, longitudinal study, following around

400 participants, both with and without memory impairment. Each

year, participants in the Clinical Cohort complete clinical and neu-

ropsychological evaluations as part of the UDS. Organizing data

capture and monitoring the cross-relationships in different research

studies is an important function of the Data Management and Statis-

tics (DMS) Core of the KU ADC. Additional uses for these cross-

linked data include the generation of recruitment metrics for study

sponsors and summary communications to participants and their

physicians.

Historically, research data has been collected using the paper-

based case report forms (CRFs) and then entered into a database to

generate electronic records.6 Although the data collection process

using CRFs is simple, error checking during entry is demanding and

involves an additional validation step to ensure data safety and pre-

serve the quality and integrity of the data.6 In recent years, elec-

tronic data capture (EDC) has become more prevalent with

advances in hardware, software, and internet connectivity. With the

broadening use of EDC, administrative bodies in the United States

and Europe have provided guidelines to assure data safety, privacy,

and data interchangeability.7–10 Thus, the EDC provides a platform

to gather, manage, and store clinical research data more securely

than ever. EDC allows simple access to the data, with security

restrictions in place, which complies with regulatory standards,

allows for real-time error checking, and helps to maintain data in-

tegrity.6,11 It is evident in the literature that EDC is more time-

efficient for data capture and more time-saving when completing

data validation while maintaining comparable error rates to paper-

based approaches.6,12

The KU ADC uses an open-source EDC system for data capture

which has accounted for improved efficiency in the speed of data

transfer, consistent and periodic data reporting to the NACC. Digi-

tal storage provides reporting in real-time while maintaining data

safety. It is prone to fewer transcription errors and thus improved

overall data quality. Our EDC system provides a swift data manage-

ment flow from initial contact with patients, to the final diagnosis

stage, to uploading the data to the NACC database, fulfilling the

requirements set by NACC. To further leverage the capabilities of

an EDC-based system, we have developed and deployed web appli-

cations through which end users can easily find and summarize key

variables and metrics to disseminate the clinical outcome and

reports for the patients and physicians.

In this article, we aim to describe the development and function-

ality of a Shiny app to produce real-time reports for weekly diagnos-

tic consensus meetings, a key activity involving integration of data

from several sources and dissemination to several participants in

multiple locations. This article attempts to summarize our entire

consensus process of the KU ADC from data collection to data man-

agement and reporting. Specifically, we advocate for the idea of us-

ing open-source software and how the automation process improves

efficiency based on user type. Furthermore, we discuss how the con-

sensus Shiny app helps facilitate sending automated correspondence

to both participants and their primary care physicians (PCPs) aiding

ongoing engagement and retention efforts.

MATERIALS AND METHODS

Data collection
The KU ADC Clinical Cohort is a longitudinal study involving the

collection of annual clinical and neuropsychological assessments,

for participants with and without dementia.13–17 Participants en-

rolled in the KU ADC Clinical Cohort receive the required

NACC5,18 UDS assessments, along with several other items collected

for KU-specific research questions and to aid with operational com-

ponents of the study. These longitudinal questionnaires and instru-

ments are captured during the participants’ initial visit and

subsequent follow-up visits, administered by highly trained research

personnel, clinicians, and psychometrists. Each participant is accom-

panied by a family member or close friend as a collateral source for

their annual clinical evaluation where information about the partici-

pant is captured (functional, behavioral, physiological, etc.). A re-

search coordinator gathers and updates demographic information,

medical history, family history, and medication usage, and adminis-

ters surveys related to the participant’s daily functioning and mood.

The clinician performs a clinical interview, accompanied by a gen-

eral neurological examination to complete a clinical dementia rating

scale (CDR).14 Data are directly entered into the REDCap19 system.

A neuropsychological test battery is also administered by a trained

psychometrist following a standardized testing method.13,14 These

test scores and summary of the neuropsychological battery follow

NACC guidelines to satisfy the standard UDS 3.0 requirements.

Handling of UDS data is described in our prior work.20 For diagnos-

tic consensus reporting, we mostly utilize UDS 3.0 data from the

LAY SUMMARY

An R Shiny dashboard was created to automate reporting of data collected at yearly visits with participants of the University

of Kansas Alzheimer’s Disease Center. All data from various REDCap projects are exported daily and saved to a location in a

format that can be accessed by R Shiny. The app can generate 4 different types of letters as well as a summary of visits for

individual participant. Staff click buttons on the user interface to select the participant of interest and can then request a re-

port or letter. The app eliminated the need to copy and paste pieces of information from multiple forms and multiple visits

into a document. On average, an advanced user saves at least 40 min per week by using the app to create just one type of

the report. A novice user saves at least 1.5 h per week. Additional time savings are realized when using the Shiny app to

create letters. Staff now have more time to spend on processes that cannot be automated.
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cognitive test and CDR visits. More detailed recruitment methods

and protocols were reported under these papers.13,17,21

Data management and security
Utilizing open-source software has gained momentum in the re-

search community due to the cost benefits, availability, and capabili-

ties of working functionality across platforms. Study data are

collected and managed through REDCap, a secure web-based soft-

ware platform designed to support data capture for research studies,

providing (1) an intuitive interface for validated data capture; (2) au-

dit trails for tracking data manipulation and export procedures; (3)

automated export procedures for seamless data downloads to com-

mon statistical packages; and (4) procedures for data integration

and interoperability with external sources.19,22 A variety of open-

source software was used to create the Shiny dashboard for conduct-

ing weekly consensus meetings. Data cleaning and reporting were

managed through R,23 R studio,24 R markdown,25 and Shiny.26 R is

an open-source programming language software for statistical com-

puting and supported by R Foundation for Statistical Computing. R

has versatile flexibility including custom user packages, graphical

devices, import/export capabilities, and reporting (Knitr), among

other capabilities. Primarily, we use R studio for data transforma-

tion, report generation. R Studio is also an open-source IDE (Inte-

grated Development Environment) software for R and can be

deployed in any operating system. The advantage of using R Studio

is it can run on a server that enables multiple users to access the tools

simultaneously, and when paired with the Shiny package can seam-

lessly develop a web-based dashboard. HTML (Hypertext Markup

Language) and pdf reports used in diagnostic consensus meetings

were generated by the R Markdown package from R library. Shiny

is an R package used to build an interactive Web application and

dashboard. We used the Shiny package which is hosted on a dedi-

cated server to build and host real-time analytics and consensus

reporting for our longitudinal Clinical Cohort study data.

A primary concern using open source software such as R, Py-

thon, etc. compared with other proprietary software, is to make sure

that data privacy and any vulnerabilities are addressed appropri-

ately.27 The balance between ease of access for relevant researchers

and protecting a patient’s data must always lean in favor of the secu-

rity of the data. The free version of Shiny does not provide a way to

secure access to apps through a login screen. Instead of relying on

pre-built login templates for R, our team integrated the Shiny app

with KUMC’s Central Authentication Service (CAS) system. Conse-

quently, we understand the structure of the code and its functional-

ity and are confident that it works as intended in our environment.

It also grants a group of users to access the shiny app with the single

sign-on credential facilitated by the University of Kansas medical

center (KUMC). Similarly, REDCap is also linked to the KUMC

CAS system to serve as an extra layer of protection. All programs

written by the programmers, coding of variables, outputs are stored

in the secured server hosted by the DMS Core. External users or col-

laborators can submit a written request for permission to access the

shared drive, Shiny app server, or any REDCap project associated

with the consensus cohort database.

Process
The KU ADC employs multiple projects in REDCap to capture vari-

ous phases of the recruitment process. Initial research participation

inquiries and study participation records were captured in our Par-

ticipant Relations and Outreach Management Tool (PROMPT data-

base).21 Clinical Cohort participant evaluations and tracking were

performed in a separate database. A third database was used to

track all past and ongoing human subjects research studies. A sketch

of the process and workflow is displayed in Figure 1.

Data exports to the secure server were automated and imple-

mented via a task scheduler called as cron job. The cron job executes

a series of python code, which pulls down the exports listed from a

bootstrap project. The bootstrap project is a REDCap project that

lists all the relevant information (API key, fields to exports, filename

to use, and project information) so that the python code can create

the exports. The python code creates requests for each export listed

in the bootstrap project and calls to the REDCap API. Next, the

code generates the requested CSV files. Finally, a shell script moves

the generated CSV files securely to the desired server location. Once

all the data exports and transfers are completed, a series of R scripts

are utilized to join all the datasets that come from various projects

and creates a final dataset that is available for loading into the Shiny

app for diagnostic consensus reports and writing letters. Figure 2

provides an overview of the Shiny app user interface.

The user interface is user-friendly and does not require knowl-

edge of any programming language. Users can generate a partici-

pant’s consensus report (usually in the Markdown format/HTML/

pdf) by browsing and navigating the Shiny dashboard tab. Once the

appropriate unique identifier is selected, code will run on the back-

end and display the reports. We incorporated multiple features into

our Shiny app based on the need for the project and reporting met-

rics. Furthermore, this application helps to send automated prefor-

matted letters to both Clinical Cohort participants and their PCPs.

The flowchart in Figure 3 assists in visualizing how in-person and

telephone follow-up visits work with different functionality.

Every week a group of KU ADC clinicians, coordinators, and

psychometrists meet for a diagnostic consensus conference to re-

view participant cases, with a goal of consensus determination of

cognitive change and diagnostic etiology. To facilitate this meet-

ing, we use the Shiny app to generate diagnostic consensus

reports (Supplementary Material S1) that aggregate and display

cognitive testing, study partner comments, and the general im-

pression and observations of the clinician. All relevant and neces-

sary information is compiled into the consensus reports for ease

of access and simplicity, streamlining the consensus conference.

Via a Shiny Dashboard interface, one person manages display of

the diagnostic consensus report on each individual for display to

all meeting attendees. Through this interface, the user is not

allowed to input the incorrect combination of the patient’s

unique ID number, visit year, etc. The dashboard produces the

standard reports along with the cognitive scores for each partici-

pant visit. Aggregation of these values across multiple REDCap

events for a single participant, even if possible, would be difficult

to decipher using standard REDCap reporting tools. Further-

more, it also displays the information on the KU ADC clinician,

psychometrist, and intake coordinator who administered the

CDR, current and prior neuropsychological cognitive tests and

standardize comparison values, and collected demographic infor-

mation, respectively. Additionally, this app can generate consen-

sus reports for the participants who have reached the stages of

dementia where they cannot continue in-person visits and instead

are followed through telephone contact. However, in this case,

there are no cognitive scores available and the reports may or

may not have a participant rationale, depending on the func-

tional ability of the participant. Custom coding allows for flexi-

bility of reporting in these situations.
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Some participants seek to share their results with their primary

care provider. The consensus app can generate multiple versions of a

PCP letter (Supplementary Material S2). This letter includes the physi-

cian’s name, street address, city, state, zip code, and final impression

from the attending ADC clinician. This app does not generate PCP let-

ters if the participant has opted out of this service. Based upon the par-

ticipant consent, the consensus app determines whether a PCP letter

can be created and looks for the presence of additional variables

needed to complete the request, namely physician name and address.

If the general structure is validated, selecting an available participant’s

ID will produce the physician’s address along with the final impression

from the attending physician or interviewer. The app pulls this infor-

mation into a standardized letter template and saves a separate file

with the PCP address, facilitating printing of both the letter and mail-

ing envelopes. The same mechanism applies to telephone follow-up

PCP letters. Like the PCP letter, this Shiny app can be used to send

thank you letters (Supplementary Material S3) to the participants. If

the participant’s street address, city, state, and zip code are not filled

out correctly, the end-user will not be given the option to generate a

letter. The “Thank You” letter to the participants includes individual-

ized feedback to the participant. Additionally, it allows selecting

whether the participants are part of the KU ADC single evaluation

Registry Study, or if part of the longitudinal Clinical Cohort. Depend-

ing on the selection, the app will select the appropriate letter template,

ensuring the correct language is used, minimizing end-user confusion.

This Shiny interface also can generate scheduling reminder letters for

the participants with expected longitudinal follow-up in the KU ADC

Clinical Cohort. As shown in Figure 2, selecting a month from the

Scheduling letters tab will reveal the number of regular in-person Co-

hort and telephone follow-up anniversaries are expected for that

month. Running the Generate letters tab from the subsection of the

Scheduling letters tab will produce letters for the listed participants.

However, if someone had the following criteria such as screen failures,

initial evaluations only, discontinued, deceased, minimal contact, or

Registry only, this app will not produce a scheduling letter for those

participants, as continued follow-up is not expected.

Process evaluation
In this section, we illustrate some key performance metrics of this

dashboard compared with a manual procedure. The diagnostic con-

sensus Shiny app is run once a week, generally building reports for

5–10 participants. The time to create one consensus report based on

user type and methods is shown in Table 1. An advanced user has at

least 5 years of experience with a background in R and R-Studio

programing and had been solely in charge of running the Consensus

reports weekly for over 3 years. The novice user had worked at the

KU ADC for under 1 year, had little experience with R and R Studio

programing, and no experience running Consensus reports. Reports

created manually require the user to click through the database,

copying data from 5 different forms and pasting that data into the

report. Multiple items are collected from each form. Data are col-

lected from each of the participant’s completed visits with a maxi-

mum of 9 possible visits. A stopwatch was used to record the

amount of time required to create reports. We created similar

reports for multiple times (5 trials) depending on reporting methods

and user types to measure the average reporting time. Three clinical

core members of our KUADC cohort helped us to gather the data.

From Table 1, we can see that creating one consensus report manu-

ally required an average of 556 s (CI: 447.69–664.31 s), i.e. 9.27

min for an advanced staff member. In contrast, the same process

takes approximately 1208.6 s (about 20.15 min) for a novice user.

Similarly, creating one consensus report using the automated Shiny

app process takes about 70.2 s (about 1.17 min) for the advanced

user and about 140.8 s (CI: 129.09–152.51 s) i.e. approximately

2.35 min for a novice user. When averaging advanced and novice

users, the automated program reduced reporting time by 88.0%.

Looking over the past 5 years, an average of 5 participants are

reviewed at the diagnostic consensus conference each week, with the

maximum being 24 participants and the minimum being 1 partici-

pant. With an average of 5 participants needing reports created each

week, it would take for an advanced user about 46.3 min to manu-

ally create 5 reports, versus 5.8 min by using the automated Shiny

app system, saving even the most advanced staff user 40.5 min

weekly. Thus, the Shiny-based reporting tools vastly reduce the time

to generate reports. These time savings do not include the generation

of PCP, Thank You, or Scheduling letters for participants, poten-

tially saving even more time for users. Additional time is saved when

the app generates PCP, Thank You, and Scheduling letters for par-

ticipants. Also, as reported previously,13 before the implementation

of the EDC platform (October 27, 2012), the median days required

to have a consensus conference from the first evaluation was 31

Shiny App

Thank you 
le�ers

Report for 
consensus 
diagnosis

“Live” Reporting

Data Nightly 
export to shared 
drive (Python)

Data Processing 

End User

Le�er to 
Primary care 
Physician

Le�er to 
par�cipants

Le�er of
transi�on to 
Telephone 
follow-up

Figure 1. An overview of the dataflow of the consensus reporting using the Shiny app.
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days, whereas it is now reduced to 17 days. Similarly, using a paper-

based approach (before October 27, 2012), was required 211.3 days

from the first visit to individual record completion and NACC sub-

mission as compared to 95.1 days with this automated reporting

tool.

DISCUSSION

In clinical and translation research, designing and implementing

dashboard-based data integration and analytic visualization has

gained popularity.28–32 Application-based infrastructure helps clini-

cians better to inform the patient’s behavior and medical history and

guide them to make better informed diagnostic decisions.28,29 To

the best of our knowledge, the consensus app is one of the first open

source-based application systems designed for rapid reporting of de-

mentia evaluation in research. Exploiting modern computational

and programming power, this framework is adaptable for other clin-

ical research-based reporting systems.

This report emphasizes leveraging computational power from a

custom-designed Shiny app and simple user interface to promote

rapid communication between research clinician and participant.

We describe an R Shiny-based, open-source dashboard framework

for generating reporting and correspondence. This app uses RED-

Cap for data collection, R packages for data management, standard-

ization of the data, and outputs standard HTML/pdf files for

flexible use. This interactive web application has some attractive

features to aid researchers in getting better insight into the progres-

sion of AD of the individual patient and helps inform pertinent lon-

gitudinal and follow-up information. Also, this app helps

researchers improve screening time for trials. Participants can also

benefit from this process by receiving their feedback quicker through

the “Thank You” letter and rapid communication with their PCP. It

has an intuitive graphical user interface. It is accessible via the inter-

net within the KUMC network and can also be used through the

web browser without installation. This allows researchers to

Figure 2. An overview of the diagnostic consensus app utilizing Shiny Dashboard. Visible is the tab for creating letters to participant’s primary care physician.

In-person 
visit 

completed

Phone visit 
completed

Consensus 
Mee�ng

Conver�ng 
to Phone 

Le�er

PCP 
Le�er
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Longitudinal 
follow up?

Phone PT 
Thank You 

Le�er

Registry PT 
Thank You 

Le�er

Clinical Cohort 
PT Thank You 

Le�er

YesNo

Yes

Opt in for 
PCP? 

Severe Demen�a 
to con�nue 
in-person? 

Yes

Phone
PCP 

Le�er

Yes

Opt in for 
PCP? 

Le�ers for In-Person Visits Le�ers for Telephone Visits

Figure 3. Flow diagram of in-person and follow-up visits with different func-

tionality.
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aggregate visit data, retrieving required information and data

quickly through this program, instead of pulling the records from

the volume of paper files.

Adaptation of an open source-based framework has limitations

too. There is always a concern about utilizing such user-friendly

web-based apps for clinical research data evaluation and implemen-

tation over commercial counterparts. Furthermore, individuals need

to have appropriate experience to use technologies and need proper

training and logistics to enter data. A lack of integration and trans-

ferability of the Shiny application to other database management

platforms such as Qualtrics, Castor EDC, ClinCapture, etc. might

limit the applicability of the app. Another concern is the privacy and

security of data management over the internet and for that reason,

technical support needs more than community support. Finally, it

requires time and extensive programming skills to develop such so-

phisticated systems, and maintenance is sometimes costly. Open-

source software packages always update their system/package with-

out any warranty, which might lead to unexpected errors. Thus, it is

required to continuously monitor and update the new R packages

and IDE versions of the software if available. Overall, based on our

clinical team’s feedback, after the implementation of the Shiny app

and EDC platform, both the time and cost for managing this large

longitudinal cohort are meaningfully reduced.

CONCLUSIONS

In conclusion, our consensus reporting Shiny app plays a vital role

in KU ADC operations. It is expected that sending preformatted let-

ters of appreciation, scheduling reminders, and minimal visit feed-

back to participants helps to acknowledge the patient’s role in our

KU ADC cohort, which ultimately will help with participant reten-

tion. Another benefit of this application is by automating physician

notification letters, the participants will receive feedback from

highly skilled and trained dementia experts faster, thus the quality

of the physician–patient experience will improve. Adaptation of

such open-source system is widely applicable in other healthcare

areas such as to visualize and track COVID data,33,34 infection man-

agement35 etc. Although the potential benefits of computer-based

system in medical research areas, paper based reporting still used in

parallel in many sectors.36–39 However, we envision that the imple-

mentation of the Shiny-based consensus-reporting system, in a

broader spectrum, will enhance the research experience and effi-

ciency of the overall assessment in various medical sectors.
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