
Evaluation of a Training Program to Improve
Organizational Capacity for Health Systems Analytics
Steven D. Miller1 Phillip Stablein2 Jay Syed3 Valerie Smothers4 Emily Marx3 Peter Greene5

Harold Lehmann6 Paul G. Nagy7

1Division of Pediatric Gastroenterology and Nutrition, Johns Hopkins
University, Baltimore, Maryland, United States

2Casemix Information Management, Johns Hopkins Medicine,
Baltimore, Maryland, United States

3Technology Innovation Center, Johns Hopkins Medicine, Baltimore,
Maryland, United States

4Department of Emerging Technologies, Johns Hopkins University,
Baltimore, Maryland, United States

5Department of Cardiac Surgery, Johns Hopkins University,
Baltimore, Maryland, United States

6Department of Health Science Informatics, Johns Hopkins
University, Baltimore, Maryland, United States

7Department of Radiology, Technology Innovation Center, Johns Hopkins
University School of Medicine, Baltimore, Maryland, United States

Appl Clin Inform 2019;10:634–642.

Address for correspondence Steven D. Miller, MD, MBE, Division of
Pediatric Gastroenterology and Nutrition, Johns Hopkins University,
600 North Wolfe Street, CMSC 2-126, Baltimore, MD 21287, United
States (e-mail: Smill132@jhmi.edu).

Keywords

► clinical informatics
► education
► analytics
► professional training
► workforce

Abstract Objective The Leadership in Analytics and Data Science (LEADS) course was evaluat-
ed for effectiveness. LEADS was a 6-month program for working biomedical and health
informatics (BMHI) professionals designed to improve analytics skills, knowledge of
enterprise applications, data stewardship, and to foster an analytics community of
practice through lectures, hands-on skill building workshops, networking events, and
small group projects.
Methods The effectiveness of the LEADS course was evaluated using the Kirkpatrick
Model by assessing pre- and postcourse knowledge, analytics capabilities, goals, practice,
class lecture reaction, and change in the size of participant professional networks.
Differences in pre- and postcourse responses were analyzed with a Wilcoxon signed rank
test to determine significance, and effect sizes were computed using a z-statistic.
Results Twenty-nine students completed the course with 96% of respondents
reporting that they were “very” or “extremely” likely to recommend the course.
Participants reported improvement in several analytics capabilities including Epic data
warehousing (p¼ 0.017), institutional review board policy (p¼ 0.005), and data
stewardship (p¼ 0.007). Changes in practice patterns mirrored those in self-reported
capability. On average, the participant professional network doubled.
Conclusion LEADS was the first course targeted to working BMHI professional at a
large academic medical center to have a formal effectiveness evaluation be published
in the literature. The course achieved the goals of expansion of BMHI knowledge, skills,
and professional networks. The LEADS course provides a template for continuing
education of working BMHI professionals.
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Background and Significance

Data analytics is continuing to transform many industries,
includinghealthcare.1,2 In thebusinessworld, companieswith
sophisticated integration of analytics into their businessmod-
els anddecision-making tend tooutcompete their competitors
over time.1 With increasing pressure to decrease costs and
increase efficiencywhile improving quality of care, health care
enterprises need analytics to thrive.3 Effective analytics
requires a critical mass of biomedical and health informatics
(BMHI) professionals trained to access, analyze, and interpret
data to glean insights that can be used to transform care and
operational processes.1,3,4

Many educational programs have been developed to fill the
workforce need in this burgeoning field through formal degree
and certificate programs.5 These programs focus on BMHI core
knowledge, knowledgeofmedicineandhealth, and informatics
such as programming languages and databasemanagement.5,6

Extensive research has been devoted to the development of
curricula that communicate core BMHI knowledge and
skills,7–13 but data on continuing education and development
of the existing workforce is lacking. Given the rapidly evolving
nature of thefield, BMHI analysts need to engage in continuous
life-long learning,5,14,15 with adult learning theory dictating
that working professionals prefer that content be directly
relevant to work and connected to prior knowledge.16 Quality
information technology professionals continue to be in high
demand and short supply,15,17–20 so enterprises need to retain
and enhance the skills of existing staff even as they seek to hire
additional staff.4

The Leadership in Analytics and Data Science (LEADS)
program was developed at Johns Hopkins Medicine (JHM) in
2017 to improve organizational capacity and effectiveness in
analytics through didactics, analytics skills practice, andmen-
toring (►Table 1). The coursemeets once aweekover lunch for
a 6-month duration, teaching analytics and data stewardship
skills to participants as well as fostering interpersonal net-
works within the enterprise. Interpersonal networks are a
source of important knowledge in the BMHI workplace21 and
can impact job productivity22,23 and creativity.24 A function-
ing BMHI social network can evolve into a community of
practice25–27 where group members have a shared interest
and commitment, engage in joint activities, help one another,
andwork together to develop a shared repertoire of resources
and tools for problem solving.26,28 Thus, a central goal of the
LEADS course was to foster a community of practice.

To understand whether the LEADS course was successful at
achieving thesestatedgoals, courseeffectivenesswasevaluated
using the Kirkpatrick Model29–31 (see►Fig. 1), which assesses
four levels of course effectiveness including participant reac-
tion, learning, behavior, and institutional impact. Precourse,
intracourse, and postcourse surveys were administered to
participants.

Objective

In this research, a study was conducted to investigate the
effectiveness of the LEADS course with the goal of improving
analyst technical skills, increasing knowledge of applica-
tions, data stewardship and policies, and creation of an
analytics community of practice. The course effectiveness
was evaluated using scheduled course assessments that
examined participant reaction, learning, and behaviors.

Methods

Setting
JHM is an integrated global health enterprisewith over 40,000
full-time employees, 2.8million outpatient visits, and 110,000
inpatient admissions per year.32 The JHM Data Trust (DT) was
established with the mission “to provide JHMwith the techni-
cal infrastructure, standards, policies and procedures, and
organization needed to bring together patient and member-
relateddata fromacross thehealth system.”33TheDT cataloged
data sources within JHM as comprising more than 500 data-
bases, 70,000 tables, and 35 terabytes of data (personal com-
munication from Paul Nagy, 2019). The DT created a hybrid
reporting structure where employees work in business units
within the organization as well as serve on functional analytic
teams to coordinate activities and provide data stewardship.
The teamsarebuilt around functional analysis ofdata including
(1) ambulatory operations, (2) hospital operations, (3) care
coordination and utilization management, (4) finance-inte-
grated analytics, (5) population health, (6) quality, safety, and

Table 1 Goals for leadership in analytics and data science
course

1. Improve knowledge and practice of technical analytical
skills

2. Improve knowledge of specific enterprise applications
and shared data sources

3. Improve data stewardship practices and knowledge of
institutional policies

4. Enhance active networking and mentorship to foster an
analytics community of practice

Fig. 1 The Kirkpatrick Model for evaluation of course effectiveness.
The model is illustrated as a pyramid to demonstrate that participant
reaction to an educational intervention influences learning, which
influences behavior change that determines results.
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service, (7) research/center for clinical data analysis, (8) tech-
nology innovation center, and (9) planning and market analy-
sis. There are currently over 300 individuals serving as
members on the DT analytics teams.

The LEADS course was offered to BMHI professionals with
roles as data analysts working within JHM. The target partic-
ipants for theLEADScoursewere currentor futuremembersof
DT analytic teams. The program was created as part of a
strategic goal by the DT to advance the training of analytic
teamsacross theenterpriseand foster employeecollaboration,
development, and engagement in a difficult-to-recruit work-
force. The Technology Innovation Center (TIC) (https://tic.jh.
edu/) developed and implemented the program.

Program leadership was created with a program director,
two programmanagers, an advisor, and a coordinator. Thirty-
three key influencers of the JHM analytics community were
identified by the course organizers and DT team leaders and
invited to act as faculty in the program. The faculty was asked
to provide lectures,mentorship, andwas invited to participate
in class discussions. Faculty was encouraged to attend the
weekly lectures to interact with colleagues and to hear what
other analytics activities were taking place.

Interested analysts employed at JHM applied to the pro-
gram through an open enrollment period. The application
required a letter of recommendation from their supervisor,
tuition cost center information, and a letter of commitment of
the time required to complete the course. The program was
capped at 30 students each year to provide close mentoring
and maintain class engagement. The $4,000 tuition was cov-
ered by the participant’s departments. The classes were orga-
nized over lunch and catering was provided. Participants’
departments were charged for the course tuition.

Curriculum Development
The LEADS course was developed with the help of a multidis-
ciplinary team featuring TIC administrators, physician infor-

maticians, DT team leaders, and experts in assessment. This
group developed the course curriculum and goals based on
literature survey of core BMHI skills,5,8,12,13 prior experience,
and an informal survey of DT team leaders to determine key
employee development needs. Institutional BMHI leadership
was also involved in the process to ensure that course content
aligned with institutional goals, existing data sources, and
upcoming software implementations. ►Table 2 contains an
outline of the curriculum.

In addition to lectures and workshops, students were
divided into small groups with mentored faculty supervision
to complete a practical data analytics project. A skill assess-
ment performed prior to the course was utilized to gauge the
analytics skills of each student. Students were then split into
teams of 5 members with a mix of technical expertise, and
were supported by 2 faculty mentors. Team members shad-
owed their peers and documented their work processes to
share skills. Each team developed a data product that was
composed of a social network analysis of LEADS faculty
members and their professional networks. Teams performed
team building activities, created a normalized data model,
cleaned and transformed data in a SQL server environment,
used Tableau to create innovative data visualizations, and
generated a final data product. An award was given at the
end of the course to the team with the best project based on
faculty vote. See ►Supplementary Appendix A (available in
the online version) for small group instructions.

Assessment
The effectiveness of the course was evaluated using a frame-
work based on the Kirkpatrick Model29–31 (see ►Fig. 1). The
Kirkpatrick Model seeks to assess four levels of course effec-
tiveness: (1) reaction, (2) learning, (3) behavior, and (4) results.
Thefirst level seeks to assess participant reaction to a session’s
instructor, setting,materials, andcontent,whichare important
prerequisites for learning.29 The second level assesses the

Table 2 Overview of the leadership in analytics and data science curriculum

Data Trust and
Analytic Teams

Data structures and
warehousing concepts

Data analysis Project planning Practicum

1. Data sources
used by each
analytics team

1. Database
relationships

1. Developing key
performance
indicators

1. Requirements
gathering

1. Team-based project
analyzing deidentified
EMR data

2. Types of requests
(clinical, operational,
and research)

2. Structured
Querying Language

2. Scorecards and
dashboards

2. Project
management

2. Assignments for data
cleaning, joining,
and analysis

3. Types of analysis
for customers

3. ETL processes
and provenance

3. Information
visualization

3. Design
thinking

3. Hands-on environments
(Jupyter, Tableau,
and SQL Server)

4. Data trust policies 4. Data quality
assessment

4. Inferencing and
spurious
correlations

4. Business
intelligence

4. Engage with faculty and
members of varying
functional units

5. Data governance 5. Working with EMR
transactional data

5. Machine learning
with Python

6. Data security 6. Hadoop and precision
medicine

Abbreviations: EMR, electronic medical record; ETL, Extract, Transform, Load.
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extent of learning or expansion of knowledge.34 The third level
of evaluation determines the extent of application of new skills
in the workplace.29,34 The fourth level measures the organiza-
tional impact of the course.34 Our evaluation of the LEADS
course focused on levels 1 to 3.

Assessment toolsweredevelopedwith thehelpof theoffice
of assessment and evaluation at JHM. Participant reactionwas
assessed through weekly and whole-course class satisfaction
surveys. Participant learning was assessed through a pre- and
postcourse multiple-choice knowledge assessment and self-
reported capability assessment. Participant behavior was
assessed through a pre- and postcourse self-reported practice
assessment. The professional network was assessed through a
pre- and postcourse self-reported social network analysis (see
►Supplementary Appendix B [available in the online version]
for assessment instruments). All surveys were administered
electronically on an internally hosted MachForm (https://
www.machform.com/) survey engine. ►Table 3 contains the
schedule of assessment tools. ►Supplementary Appendix B

(available in the online version) contains copies of the assess-
ment tools.

Data Analysis
The LEADS program manager and coordinator organized the
surveys and replaced student identifiers with research identi-
ty numbers. Datawere submitted as comma-separated values
(CSV) files and analysis was conducted in Python 3.5.2 using
Jupyter Python notebooks. Graphs were generated with the
plotting libraries matplotlib version 2.1.0 and seaborn version
0.8.1.Datamanipulationwasdoneusing pandas version0.21.0
and mathematical analysis was done with the numpy library
version 1.13.3.Wilcoxon signed rank testwasused to calculate
the significance of the difference in pre- and postcourse
capability, practice, and social network size. Effect sizes
were computed using the z-statistic from scipy version 1.0.0,
using the simple difference formula.35

Results

Reaction
In the first year of the program, LEADS had 42 applicants,
with 30 analysts accepted into the program, and 29 complet-
ing the course. One participant left the organization during
the program. Attendancewas tracked through a sign-in sheet
and with a mean attendance of 84% and no class with< 70%
attendance. Class and instructor evaluation were assessed

with a 4-point Likert score (not at all, somewhat, very, and
extremely). Each class was assessed for whether it was
interesting, engaging, applicable, and important. Students
were emailed weekly surveys that they could optionally fill
over the 21-class sessions. There was a 23% response rate to
these surveys. The sessions with the highest scores were
finance and analytics, emergency medicine and readmis-
sions, data mart, business intelligence and intro to Tableau,
Epic reporting and analysis tools, the nature of data in Epic,
project management, and data structure fundamentals.

After completion of the course, a final course evaluation
was administered, during which participants reported on
their evaluation of the course as well as barriers on applying
the knowledge they gained in the course as part of their job.
All course participants completed this survey. Evaluation of
the course was positive, with 100% of responses in the
positive range for interest, engagement, applicability, driving
career growth, course organization, and logistics. Thirty
percent of responseswere in the highest quartile of extreme-
ly positive. Ninety-six percent of respondents reported that
they were “very” or “extremely” likely to recommend the
course. In identifying organizational barriers in applying
the skills learned, the most common barriers to application
were lack of applicability to job tasks and lack of depth in
learning of skills with 58% of respondents reporting these as
barriers. See Supplementary Appendix C (available in the
online version) for final course evaluation results.

Learning
Learning was assessed with a multiple choice, 10-question
knowledge assessment delivered at the beginning and end of
the course. Eighty-six percent (24/28) of participants in
the course completedboth thepre- andpostcourseknowledge
test. Scores moved in a positive direction with a precourse
mean score of 61% (standard deviation [SD] 17%) and a post-
course mean score of 69% (SD 14%). This difference was
significant with paired t-test p-value of 0.003. Of the 24
participants who completed the precourse knowledge survey,
63%hada score increase, 17%hadanequal score, and20%hada
score decrement (see ►Fig. 2). The questions with the largest
improvement in correct answers were on data visualization

Table 3 Schedule of assessment tools

Assessment Precourse Weekly Postcourse

Class satisfaction x

Knowledge x x

Capability x x

Practice x x

Professional network x x

Course assessment x Fig. 2 Knowledge assessment. Histogram of knowledge assessment
scores on the pretest versus posttest.
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(21% improvement), enterprise analytics tools (23%), and
Python (37%). The questions with mild score decrement
include SQL (5% decrement) and R (2% decrement).

Behavior
Before and after the LEADS course, participants were asked to
self-report their current capabilities, goal capabilities, and
current practice patterns with a variety of key BMHI skills.
The self-assessment for capabilities asked participants to rank
themselves as a beginner, novice, intermediate, or expert for
particular skills. Goals used the same scale. For the purposes of
calculationofchange, beginners throughexpertswere assigned
numerical values between 1 and 4. Participants’ self-report of
capabilities significantly improved through the course with
regard to data stewardship, data policies, use of the Epic data
warehouse, datagovernance, knowledgeof institutional review
board (IRB) policy, and predictive analytics. There was no
change in self-report of skill with Excel, databases, project
management, or use of Tableau. Changes in capabilities and
goals are reported in ►Table 4.

A decrease was observed in the goals individuals set
between the pre- and postcourse evaluations while also
seeing a reported increase in self-reported capability. For
example, an individual starting the coursemay have a goal of
becoming an expert at databases and once the course com-
pleted choose to downgrade their postcourse goal to be
intermediate. To understand this shift, a goal-gap was com-

puted, which examined the difference between capabilities
in a skill with their goal changes frompre- to postcourse. The
mean goal-gap across all 10 tools was 1.34 before the course,
and 0.92 postcourse, meaning that the student goals and
capabilities were more closely aligned in the end of course
survey than at the beginning.

A pre- and postpractice assessment was administered to
see if their overall application of skills acquired increased. The
survey used a 4-point scale to determine the frequency of skill
use in terms of rarely, sometimes, often, and always. For the
purposes of calculation of change, rarely through always were
assigned numerical values between 1 and 4. In terms of
practice, there was a significant increase in self-report of the
frequency of use of skills with Excel, data stewardship, data
policies, Epic data warehouse, data governance, and employ-
ment of IRB policy. While other skills suggested an improve-
ment, they were not statistically significant (see ►Table 5).

Professional Network
A professional network questionnaire was performed pre-
and postcourse. The survey listed the members of the DT by
the analytic team and requested to know which of the
members the participant knew and identified as part of their
professional network. The professional network size partic-
ipants identified ranged between 0 and 32with an average of
11 before the course and between 6 and 44with an average of
22 after the course. Social network analysis revealed an

Table 4 Pre- and postcourse student self-evaluation of current capabilities and goal capabilities

BMHI skill Capability
versus goal

Precourse Postcourse p-Value
(significant < 0.05)

Effect size (small¼ 0.1,
medium¼ 0.3, large¼ 0.5)

Excel Capability 3.1 3.1 0.009 0.526

Goal 3.7 3.8 0.034 0.425

Databases Capability 2.6 2.8 0.419 0.162

Goal 3.4 3.1 0.008 0.532

Tableau Capability 2.2 2.4 0.092 0.336

Goal 3.5 3.3 0.014 0.489

Project management Capability 2.2 2.4 0.19 0.262

Goal 3.4 3.3 0.019 0.468

Data stewardship Capability 1.6 2.2 0.007 0.537

Goal 3.1 3.2 0.199 0.257

Data Trust policy Capability 1.6 2.3 < 0.001 0.799

Goal 3.4 3.3 0.064 0.371

Epic data warehouse Capability 1.5 2 0.017 0.476

Goal 3 3.1 0.522 0.128

Data governance Capability 1.8 2.4 0.003 0.597

Goal 3.3 3.2 0.163 0.279

Predictive analytics Capability 1.4 1.8 0.007 0.539

Goal 3 3.1 0.391 0.171

IRB rules Capability 1.4 1.8 0.005 0.557

Goal 2.9 2.7 0.118 0.313

Abbreviations: BMHI, biomedical and health informatics; IRB, institutional review board.
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average doubling of individual’s professional network from
an average of 11 to 23. All participants reported an increase
in the size of their social networks. See ►Fig. 3 for a
histogram of individual increase in network size.

Small Group Projects
For the class project, each teamof studentswasprovided aCSV
file that detailed the professional network of each course
faculty member. Teams were asked to build an interactive
map of the data analytics community at JHM, with the dual
goal of teaching team members how to create an innovative
data visualization and providing them a useful living docu-
ment to use tofindanswers toanalyticsquestions in the future
using contacts in their professional network. See►Fig. 4 for an
example of a student-generated data visualization.

Table 5 Pre- and postcourse evaluation of student practice patterns

BMHI skill Precourse Postcourse p-Value
(significant< 0.05)

Effect size (small¼ 0.1,
medium¼ 0.3, large¼ 0.5)

Excel 3.3 3.6 0.048 0.395

Databases 2.5 2.9 0.277 0.217

Tableau 2.5 2.8 0.118 0.313

Project management 2.1 2.6 0.109 0.321

Data stewardship 1.6 2.2 0.001 0.649

Data Trust policy 2.5 3.7 < 0.001 0.814

Epic data warehouse 1.7 1.7 0.016 0.279

Data governance 2.3 3.6 < 0.001 0.732

Predictive analytics 1.5 1.7 0.687 0.081

IRB rules 1.7 2.3 0.044 0.403

Abbreviations: BMHI, biomedical and health informatics; IRB, institutional review board.

Fig. 3 Histogram of professional network growth. Change in size of
professional network on the precourse evaluation versus postcourse
evaluation.

Fig. 4 Example of student small group professional network visualization using Tableau. Red stars indicate course faculty. Colored dots indicate
individuals on data trust analytic teams. Gold lines indicate social network connections among individuals and course faculty.
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Discussion

LEADSwas the first course targeted toward continuing educa-
tion of working BMHI professionals at a large academic center
to undergo formal evaluation for effectiveness. The course
goals were split between didactic, practical, and social com-
ponents, with many course activities focused on fostering a
community of practice where participants developed shared
rules, norms, and artifacts such as specific work products. The
evaluation of course effectiveness using the KirkpatrickModel
sought to address each of these course components in context.

Course participants rated the most popular lectures as
those that could help data analysts be maximally effective in
their jobs, such as lectures on key data sources, financial
analytics, and data visualization. This matches with theories
of adult learning, which suggest that content should be rele-
vant, useful to the learner’s life, and connected to prior
knowledge.16 In LEADS, the content was tailored specifically
to the needs of theDT teams by the leaders of these teams, and
the most popular lectures were the most applicable to the
participant’s daily work. All this being said, response rates to
the weekly class reaction surveys were low at 23%, making
generalization of respondent feedback difficulty. Future iter-
ationsof thecoursewill incorporateweekly feedback into class
participation and will focus most heavily on lectures that
impart practical skills.

The knowledge assessments showed limited change in
knowledge from precourse to postcourse. The test assessed
basic aptitudeonlyandwasnotbuilt baseduponpsychometric
analysis, which leaves the opportunity for rewriting of test
items in future iterations of LEADS. The slight decrement in
scores on test questions involving SQL and R points toward the
opportunity to offer in-depth seminars on technical topics in
future iterations of the class. The knowledge test was useful in
that it helped the course faculty to conduct an initial needs
assessment and organize participants into balanced groups
based on technical skills and knowledge.

The capability and practice assessments mirrored one
another in showing ability and use of data policies, data
stewardship, datagovernance, useof IRBpolicy, andutilization
of a key enterprise data source, the Epic data warehouse. This
may represent the successful fostering of a community of
practice with shared rules and norms of behaviors through
shared social time, lectures, and team-based data analytics
experience. It points to theeffectiveness of theLEADScourse at
transmitting standards of data governance and stewardship
and therefore in supporting the transformation of the organi-
zation by providing institution context and imparting institu-
tional values.

Technical skills, including use of Tableau and database
management, did not change significantly during the course.
This may be due to the exposure nature of the course with
relatively short lectures given on technical topics. This points
to an opportunity to offer in-depth seminars with intensive
skills training in future iterations of the class. Additionally,
some of the skills and methodologies taught in LEADS may
not yet have diffused fully across the institution, so the actual
job tasks of analysts may not have allowed for increased use

or practice of acquired skills over the relatively short 6-
month timeframe. The narrowing of the gap in self-reported
technical capabilities and goals may show that participants
realized that these technical skills take a long time to acquire
as participants began to move from a lack of awareness of
what they did not know toward knowledge of just howmuch
they had to learn.

The size of social networks of the participants expanded
from precourse to postcourse. Course comments showed that
the pre- and postclass networking time was helpful for partic-
ipants, and this may partly explain this expansion. The net-
working changes indicated that analysts participating in the
coursemayhave expanded in their ability towork across teams
to accomplish high-quality work. In future iterations of the
course, effort will be invested in determining whether specific
social network connections enhance work productivity and
whether participant demographics, such as time employed at
JHM, influencechange insocialnetwork size. The teamwill also
investigatewhether the enhancement of social networkduring
the LEADS course portends greater employee satisfaction and
retention. In the future, it is possible that an abbreviated
symposium version of this course could be offered to BMHI
professionals outside of JHM, though the social network bene-
fits would not accrue to these students.

The course had several limitations in addition to those
mentioned above. Participant job productivity after the
LEADS course was not assessed. Future iterations of the
course will address this important metric through follow-
up evaluation on work productivity and retention. Future
assessments will also incorporate psychometric testing and
improved Likert scales. Another significant limitation was
the multiple confounding factors influencing the work envi-
ronment of students, thus altering their familiarity with
software and technical processes regardless of what was
going on in the course. Despite these limitations, the course
was effective in achieving the goals of fostering the develop-
ment of technical skills and helping to create a community of
practice among BMHI professionals.

Conclusion

The LEADS course was effective at achieving the four goals of
improving participant data analytical skills, knowledge of
enterprise applications and data sources, skill in data steward-
ship, and in fostering a community of practice as evidenced by
changes in pre- and postcourse assessments of knowledge,
capabilities, practice, and social networks. The LEADS course
provides a template for continuing education of BMHI profes-
sionals to enhance workplace effectiveness and aid in the
diffusionof standardizedpractices across amedicalenterprise.

Clinical Relevance Statement

Health systems can deliberately manage and build analytics
capacity through building communities of practice and the
creation of focused learning and growth opportunities. This
study shows that working BMHI professionals can improve
technical analytics skills, knowledge of enterprise applications,
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institutional policies, and active networking to foster creation
of an informatics community of practice through a targeted
continuing education program. Consistent with adult learning
theory, participants are most interested in learning skills that
are pertinent to their everyday work.

Multiple Choice Questions

1. Which of the following practices increased significantly
for participants in the LEADS course?
a. Predictive analytics.
b. Use of database technology.
c. Project management.
d. Data governance.

Correct Answer: The correct answer is option d, data
governance. The LEADS course impacted several practical
skills including data stewardship, IRB rules and institu-
tional policy, and shared data resources such as the data
warehouse. The course did not impact the use of specific
technologies by BMHI professional participants, which
points toward the need for more in-depth instruction for
those interested in these complex tools.

2. Each of the following is a metric of educational course
effectiveness in the Kirkpatrick Model except:
a. Reaction.
b. Reflection.
c. Learning.
d. Behavior.

Correct Answer: The correct answer is option b, reflec-
tion. The four levels of the Kirkpatrick Model of course
assessment are reaction, learning, behavior, and results.
The immediate reaction of participants to course content
is related to the amount that participants learn, which
impacts changes in behavior and ultimately alters results
or outcomes. This model was used to evaluate the LEADS
course and is helpful because it assesses each level in turn,
allowing for modifications of specific course components
in future course iterations.

3. What is an analytics community of practice?
a. A social group of analysts designed to foster workplace

friendships and facilitate job retention.
b. An online forum for sharing useful code and ideas that

is specific to a given workplace.
c. A group whose members develop shared rules and

interests through engagement in joint activities with
similar resources.

d. A community developed by enterprise leadership to
facilitate promotion of talented individuals.

Correct Answer: The correct answer is option c. The
definition of an analytics community of practice is a group
where members have a shared interest and commitment,
engage in joint activities, help one another, and work
together to develop a shared repertoire of resources and
tools for problem solving. The LEADS coursewas designed

to foster this through shared social time, lectures, and
team-based data analytics experience.

Protection of Human and Animal Subjects
This study was performed in compliance with the World
Medical Association Declaration of Helsinki on Ethical
Principles for Medical Research Involving Human Subjects,
and was reviewed by the JHM Institutional Review Board.

Funding
None.

Conflict of Interest
None declared.

References
1 Davenport TH, Harris JG. Competing on Analytics: TheNew Science

of Winning. Boston, MA: Harvard Business Review Press; 2017
2 Wachter RM, Howell MD. Resolving the productivity paradox of

health information technology: a time for optimism. JAMA 2018;
320(01):25–26

3 Burns WA. Healthcare data’s perfect storm: Why healthcare orga-
nizations are drowning in the data they are creating and why they
needevenmoredata toweather thestorm. Updated2013.Available
at: https://s3.amazonaws.com/rdcms-himss/files/production/pub-
lic/HIMSSorg/Content/files/HitachiDataSystems_BR-458_perfect-
Storm.pdf. Accessed February 2, 2019

4 Violino B. The secrets of highly successful data analytics teams.
Updated 2017. Available at: https://www.cio.com/article/3234353/
the-secrets-of-highly-successful-data-analytics-teams.html?upd¼
1552589464590. Accessed March 27, 2019

5 Mantas J, Ammenwerth E, Demiris G, et al; IMIA Recommenda-
tions on Education Task Force. Recommendations of the interna-
tional medical informatics association (IMIA) on education in
biomedical and health informatics. First revision. Methods Inf
Med 2010;49(02):105–120

6 Hersh W. The health information technology workforce: estima-
tions of demands and a framework for requirements. Appl Clin
Inform 2010;1(02):197–212

7 Berner ES, Dorsey AD, Garrie RL, Qu H. Assessment-based health
informatics curriculum improvement. J Am Med Inform Assoc
2016;23(04):813–818

8 Breeden EA, Clauson KA. Development and implementation of a
multitiered health informatics curriculum in a college of phar-
macy. J Am Med Inform Assoc 2016;23(04):844–847

9 TremblayMC, Deckard GJ, Klein R. Health informatics and analytics
- building a program to integrate business analytics across clinical
and administrative disciplines. J Am Med Inform Assoc 2016;23
(04):824–828

10 Jaspers MW, Mantas J, Borycki E, Hasman A. IMIA accreditation of
biomedical and health informatics education: current state and
future directions. Yearb Med Inform 2017;26(01):252–256

11 Singer JS, Cheng EM, Baldwin K, Pfeffer MA; UCLA Health Physi-
cian Informaticist Committee. The UCLA health resident informa-
ticist program - a novel clinical informatics training program.
J Am Med Inform Assoc 2017;24(04):832–840

12 Hübner U, Shaw T, Thye J, Egbert N, Marin H, Ball M. Towards an
international framework for recommendations of core competen-
cies in nursing and inter-professional informatics: the TIGER com-
petency synthesis project. Stud Health Technol Inform 2016;
228:655–659

13 DorseyAD,ClementsK,GarrieRL,HouserSH,BernerES. Bridging the
gap: a collaborative approach to health information management
and informatics education. Appl Clin Inform 2015;6(02):211–223

Applied Clinical Informatics Vol. 10 No. 4/2019

Evaluation of an Analytics Training Program Miller et al. 641

T
hi

s 
do

cu
m

en
t w

as
 d

ow
nl

oa
de

d 
fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 U
na

ut
ho

riz
ed

 d
is

tr
ib

ut
io

n 
is

 s
tr

ic
tly

 p
ro

hi
bi

te
d.

https://s3.amazonaws.com/rdcms-himss/files/production/public/HIMSSorg/Content/files/HitachiDataSystems_BR-458_perfectStorm.pdf
https://s3.amazonaws.com/rdcms-himss/files/production/public/HIMSSorg/Content/files/HitachiDataSystems_BR-458_perfectStorm.pdf
https://s3.amazonaws.com/rdcms-himss/files/production/public/HIMSSorg/Content/files/HitachiDataSystems_BR-458_perfectStorm.pdf
https://www.cio.com/article/3234353/the-secrets-of-highly-successful-data-analytics-teams.html&x003F;upd&x003D;1552589464590
https://www.cio.com/article/3234353/the-secrets-of-highly-successful-data-analytics-teams.html&x003F;upd&x003D;1552589464590
https://www.cio.com/article/3234353/the-secrets-of-highly-successful-data-analytics-teams.html&x003F;upd&x003D;1552589464590


14 Fridsma DB. Developing the health informatics workforce of the
future: academic and industry partners. J Am Med Inform Assoc
2017;24(03):677–678

15 Khairat S, Sandefer R, Marc D, Pyles L. A review of biomedical and
health informatics education: a workforce training framework.
J Hosp Adm 2016;5(05):10-20

16 Palis AG, Quiros PA. Adult learning principles and presentation
pearls. Middle East Afr J Ophthalmol 2014;21(02):114–122

17 White SK. The 13 most in-demand tech jobs for 2019 - and how to
hire for them. Updated 2018. Available at: https://www.cio.com/
article/3235944/hiring-the-most-in-demand-tech-jobs-for-2018.
html. Accessed March 27, 2019

18 Hersh W, Margolis A, Quirós F, Otero P. Building a health infor-
matics workforce in developing countries. Health Aff (Millwood)
2010;29(02):274–277

19 Blumenthal D. Launching HITECH. N Engl J Med 2010;362(05):
382–385

20 Furukawa MF, Vibbert D, Swain M. HITECH and health IT jobs:
Evidence from online job postings. Updated 2012. Available at:
https://www.healthit.gov/sites/default/files/pdf/0512_ONCData
Brief2_JobPostings.pdf. Accessed March 13, 2019

21 Anderson JG. Evaluation in health informatics: social network
analysis. Comput Biol Med 2002;32(03):179–193

22 Park JY, Im I, Chang-Soo S. Is social networking a waste of time?
The impact of social network and knowledge characteristics on
job performance. Knowl Manag Res Pract 2017;15(04):560–571

23 Bennett J, Owers M, Pitt M, Tucker M. Workplace impact of social
networking. Property Manage 2009;28(03):138

24 Gaggioli A, Mazzoni E, Milani L, Riva G. The creative link:
investigating the relationship between social network indices,
creative performance and flow in blended teams. Comput Human
Behav 2015;42:157

25 Dinter B, Moslein KM, Kollwitz C, et al. Combining open innova-
tion and knowledgemanagement for a community of practice - an
analytics driven approach. Twenty-second Americas Conference
on Information Systems; 2016

26 Wenger E, McDermott RA, Snyder W. Cultivating Community of
Practice: A Guide to Managing Knowledge. Boston, MA: Harvard
Business School Press; 2002

27 Nagy P, Kahn CE Jr, BoonnW, et al. Building virtual communities of
practice. J Am Coll Radiol 2006;3(09):716–720

28 Wenger-Trayner E, Wenger-Trayner B. Updated 2015. Available at:
Https://Wenger-trayner.com/wp-content/uploads/2015/04/07-brief
-introduction-to-communities-of-practice.pdfhttps://wenger-tray-
ner.com/introduction-to-communities-of-practice/. AccessedMarch
27, 2019

29 Rouse DN. Employing Kirkpatrick’s evaluation framework to
determine the effectiveness of health information management
courses and programs. Perspect Health Inf Manag 2011;8:1c

30 Moldovan L. Training outcome evaluation model. Procedia Technol
2016;22:1184–1190

31 Kirkpatrick DL. Evaluating Training Programs: The Four Levels.
San Francisco: Berett-Koehler; 1994

32 Fast facts: Johns Hopkins Medicine. Updated 2018. Available at:
https://www.hopkinsmedicine.org/about/downloads/JHM-Fast-
Facts.pdf. Accessed March 27, 2019

33 The Data Trust. Updated 2018. Available at: https://intranet.insi-
dehopkinsmedicine.org/data_trust/index.html.AccessedMarch27,
2019

34 Phillips JJ. Handbook of Training Evaluation and Measurement
Methods. 3rd ed. Houston, TX: Gulf Publishing; 1997

35 Kerby DS. The simple difference formula: an approach to teaching
nonparametric correlation. Compr Psychol 2014;3(1):1-10

Applied Clinical Informatics Vol. 10 No. 4/2019

Evaluation of an Analytics Training Program Miller et al.642

T
hi

s 
do

cu
m

en
t w

as
 d

ow
nl

oa
de

d 
fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 U
na

ut
ho

riz
ed

 d
is

tr
ib

ut
io

n 
is

 s
tr

ic
tly

 p
ro

hi
bi

te
d.

https://www.cio.com/article/3235944/hiring-the-most-in-demand-tech-jobs-for-2018.html
https://www.cio.com/article/3235944/hiring-the-most-in-demand-tech-jobs-for-2018.html
https://www.cio.com/article/3235944/hiring-the-most-in-demand-tech-jobs-for-2018.html
https://www.healthit.gov/sites/default/files/pdf/0512_ONCDataBrief2_JobPostings.pdf
https://www.healthit.gov/sites/default/files/pdf/0512_ONCDataBrief2_JobPostings.pdf
Https://Wenger-trayner.com/wp-content/uploads/2015/04/07-brief-introduction-to-communities-of-practice.pdf
Https://Wenger-trayner.com/wp-content/uploads/2015/04/07-brief-introduction-to-communities-of-practice.pdf
https://wenger-trayner.com/introduction-to-communities-of-practice/
https://wenger-trayner.com/introduction-to-communities-of-practice/
https://www.hopkinsmedicine.org/about/downloads/JHM-Fast-Facts.pdf
https://www.hopkinsmedicine.org/about/downloads/JHM-Fast-Facts.pdf
https://intranet.insidehopkinsmedicine.org/data_trust/index.html
https://intranet.insidehopkinsmedicine.org/data_trust/index.html

