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Background and Significance

National efforts have recently prioritized the automation of
health care workflows through modern computing techni-
ques.1 Workflow automation in health care through the
support of information technology and machine intelligence

can improve efficiency of care delivery, leading to reduced
clinician burnout, higher patient satisfaction, and safer
health care.2–5 Workflow automation and its broader disci-
pline and business process management have been exten-
sively studied in the field of information systems (IS) in the
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Abstract Background Automation of health care workflows has recently become a priority.
This can be enabled and enhanced by a workflow monitoring tool (WMOT).
Objectives We shared our experience in clinical workflow analysis via three cases
studies in health care and summarized principles to design and develop such a WMOT.
Methods The case studies were conducted in different clinical settings with distinct
goals. Each study used at least two types of workflow data to create a more
comprehensive picture of work processes and identify bottlenecks, as well as quantify
them. The case studies were synthesized using a data science process model with
focuses on data input, analysis methods, and findings.
Results Three case studies were presented and synthesized to generate a system
structure of a WMOT. When developing a WMOT, one needs to consider the following
four aspects: (1) goal orientation, (2) comprehensive and resilient data collection, (3)
integrated and extensible analysis, and (4) domain experts.
Discussion We encourage researchers to investigate the design and implementation
of WMOTs and use the tools to create best practices to enable workflow automation
and improve workflow efficiency and care quality.

received
June 1, 2021
accepted after revision
November 22, 2021

© 2022. Thieme. All rights reserved.
Georg Thieme Verlag KG,
Rüdigerstraße 14,
70469 Stuttgart, Germany

DOI https://doi.org/
10.1055/s-0041-1741480.
ISSN 1869-0327.

Special Section on Workflow Automation132

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.

mailto:wutz@ucmail.uc.edu
https://doi.org/10.1055/s-0041-1741480
https://doi.org/10.1055/s-0041-1741480


past two decades. To fulfill changing needs in a rapidly
evolving business environment, IS researchers have pro-
posed the use of agent-based technologies to develop a
workflow management system in a flexible and efficient
manner.6,7 Other methodologies include visual simulation,
conversational digital assistance, and robotics.8–10

While these workflow automation methodologies and
technologies are applicable to many industries and fields,
health care has unique characteristics introducing challenges
to workflow automation. One such characteristic is the dy-
namic nature of health care, making it a complex sociotech-
nical system where the system itself keeps changing and the
multiple users (clinicians) interact with each other to provide
care.11 Carayon et al suggested using sociotechnical system
analysis (STSA) to address care delivery and quality issues and
proposed seven STSA research challenges, one of which being
cognitive design of health information technology (HIT).12 The
cognitive design highlighted the importance to understand
human behaviors and the human-automation interaction, the
relationship between the human operators, the automated
systems, and their interfaces.

In this vein, understanding clinicians’workflowswould be
a critical first step before developing any workflow automa-
tion solutions. If clinicianworkflowpatterns are not carefully
captured and translated into automation and optimization
requirements, workflow automationwill have low reliability
and user adoption and can introduce unintended negative
consequences and even patient harms.13–16 We adopted this
viewpoint and argue that health care workflow automation
should be enabled and continuously enhanced by aworkflow
monitoring tool (WMOT) which explores and identifies the
needs and opportunities for workflow automation. Monitor-
ing of clinical workflow involves gathering and analyzing
relevant workflow data and providing real-time feedback
and guidance. A pioneering study by Vankipuram et al in
2011 proposed a system to automatically analyze and visu-
alize clinical workflow in critical care environments.17 An-
other studywas conducted by Zhu et al to develop a real-time
radiology workflow-based monitoring dashboard.18 Recent-
ly, analyzing clinical workflow has been a popular research
topic in various clinical settings, such as emergency medi-
cine, primary care, nursing, and medical scribes.19–22 While
these workflow analysis studies demonstrated success, they
required extensive resources for planning and conduction.
Originated but expanded from clinical workflow analysis, a
WMOT can reduce resource burdens and standardize the
data collection and analysis process. To date, no framework
exists to guide the development of WMOT.

Therefore, we aim to generate principles for designing and
developing such a WMOT to enable and enhance workflow
automation in health care. It is worth noting that a WMOT is
separated from electronic health record (EHR) systems but
interfaceswith them; aWMOT is served as a diagnosis tool to
help identify workflow patterns, bottlenecks, and context of
use to guide workflow automation. While a WMOT is not
used in clinical care, its results can help improve care
routines and enhance local EHR systems. In the present
study,we shared our experience in clinicalworkflowanalysis

through three distinct case studies. We summarized and
synthesized our case studies, generate the design principles,
and discuss our future plan to develop a WMOT.

Methods

Workflow Analysis Tools and Cases
We present three workflow analysis case studies in various
clinical settings. All case studies used at least one of the two
tools we developed to support workflow analysis. The two
tools together were considered as a preliminary version of a
WMOT. One tool is called TimeMotion Data Collector (TMDC)
which supports direct observations on clinical workflow.
TMDC was designed and developed following the Suggested
TimeAndMotionProcedures (STAMP)checklist to standardize
timemotion studies andmake results compatible and compa-
rable.23Theother tool is calledClinicalWorkflowAnalysis Tool
(CWAT, pronounced as “see-what”) which analyzes tasks,
locations, and timestamps in a workflow dataset. The CWAT
used data-mining techniques with interactive visualization to
help researchers identify and interpret workflow patterns.
TMDC and CWATwere developed based on thefirst (D.T.Y.W.)
and the senior author (K.Z.)’s previous researches.24 Both
TMDC and CWAT are capable of handling multitasking and
interruptions which are unique capabilities comparing to
existing workflow data collection and analysis tools.25 All
three case studies were focused on identifying the workflow
issues and seeking for automation opportunities. Follow-up
studies will be or are being conducted to redesign and auto-
mate the clinical workflow.

Case Analyses
The three cases were synthesized in their similarities and
differences with a focus on workflow analysis methods and
findings to form the foundation of design principles of a
WMOT since the idea of clinical workflowmonitoring builds
upon clinical workflow analysis. Specifically, we utilized a
data science process model to guide the comparison and
contrast of workflow analysis methods which include raw
data collection, data processing, data cleansing, exploratory
data analysis, modeling and algorithms, visualization and
communication, and production.26 The case analyses also
focused on the challenges faced and the lessons learned.

Results

Case Study 1: Antimicrobial Stewardship in a Pediatric
Emergency Department
This study was conducted in a pediatric emergency depart-
ment (PED).27 The objective was to develop an EHR-embed-
ded clinical decision support system (CDSS) for the
antimicrobial stewardship programs (ASP) which aims to
optimize appropriate antibiotic prescribing. To design and
develop such a CDSS, we characterized the workflow of a
sample of 23 clinicians in four clinical roles (attending
physician, nurse practitioner, physician assistant, and resi-
dent). The workflow datawere collected through TMDC for a
total of 90 hours of direct observations and real-time queries
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for timing of diagnosis and disposition decision points. The
observational data were analyzed using CWAT. The observ-
ers’ reflections after each session were also recorded and
analyzed to clarify the questions from the observational data.
The TMDC and CWATwere used as standalone tools with no
connections to other systems in this case. The results
revealed 127 decision points in three themes (after/during
examining or talking to patient or relative, after talking to a
specialist, and after diagnostic test/image) with distinct
workflow patterns exhibited by each of the clinical roles.
The findings highlighted three principles in developing a
CDSS to achieve optimal workflow in ASP, including support-
ing a variety of workflow, physicians in different locations in
the ED, and decisions at different points of care. This study
was limited in its single-site setting andmedium sample size
of the time and motion design.

Case Study 2: Bedside Nurse Documentation in
Inpatient Wards
This study was conducted in a surgical ward and a medical
ward with a total of 40 nurses and 23 nurse assistants. The
study aimed to evaluate the impact of a mobile application on
bedside documentation.24,25 The mobile application was de-
veloped to address the issue of burdensome EHR documenta-
tion and fragmented documentation processes. The
applicationwas used as a HIT-based intervention in this study
whileTMDCandCWATwereusedasstandalonetools to collect
workflowdata and examineworkflowpatterns. Theworkflow
data collected in the intervention stage were compared with
those in the baseline stage where documentation was done
using paper (later transcribed) and computers on wheels.
Duration and location of all documentation activities were
observedand recorded through theTMDC in all shifts between
7 a.m. and 5 p.m. with a pre- and postdesign. In addition, EHR
and application event logswere collected and analyzed as part
of the workflow data. All timestamp analyses were supported
by the CWAT. The results showed that the beside mobile
application successfully streamlined the workflow and re-
duced overall EHR documentation time, allowing nurses to
spend more time with their patients with less interruptions,
potentially leading to higher quality of care and improved
patient satisfaction. The analysis also showed some variability
between the two wards. This study has a few challenges and
limitations, including the high cost in planning and executing
the direct observations, the statistical insignificance due to
small samples, the various application utilization due to time
pressure, workload, and learning curve, and the shorter study
duration. After the research project, the application was
implemented in several wards, until a recent major revision
of the EHR architecture. The application is currently undergo-
ing major revision due to this new architecture, and will
include novel functionalities (such as alerts and photo
uploads).

Case Study 3: Sedation in a Pediatric Emergency
Department
This study was conducted in a PED with two objectives.28

First, it aimed to compare the workflow of normal versus

prolonged cases to identify potential factors contributing to
delays in starting a sedation or in prolonged durations.
Prolonged sedation cases were defined as cases with more
than a 180-minute duration from patient arrival to ketamine
given. Second, the study aimed to augment traditional
quality improvement (QI) strategies (e.g., process maps)
through objectively recorded time-based data. The study
deployed a survey to physicians and nurses of the sedation
team to assess their perceptions of the drivers that were
most responsible for sedation delay. Eighty-eight out of the
215 clinicians responded to the survey (41% response rate).
In addition, the study collected timestamps from the EHR
and the real-time locating system (RTLS). The RTLS captured
patient, staff, and devicemovement in the form of event logs.
The survey data were summarized statistically and the EHR
and RTLS timestamps were merged and analyzed using the
CWAT. Results from the survey analysis showed that physi-
cians and nurses considered each other’s availability and
simultaneous readiness as the key factors contributing to the
sedation delaywhich is inconclusive and even conflicting. On
the other hand, the objective timestamp data generated five
measurable workflows for patients, sedation and orthopae-
dic physicians, residents, and medications. Through compar-
ing and contrasting, the timestamp data on 54 sedation
cases, 33 of which were considered prolonged, the analysis
of the timestampdatawas able to identifyworkflowpatterns
and significant bottlenecks. In fact, both physicians and
nurses contributed to the delay at different points of the
sedation process. Furthermore, the timestamp analysis iden-
tified patient arrival to being placed in a room as another key
driver of the delay which was not captured in the survey. The
workflowanalysis resolved the discrepancy found in the self-
reported survey data and inferred potential root causes. The
study highlighted the challenges in combining EHR and RTLS
timestamps and suggested close collaboration with domain
experts to determine the best “source of truth.” Moreover,
the study advocated for incorporating objective workflow
data into traditional QI methodologies to develop deliberate
QI strategies and effective interventions.

Lessons Learned from the Case Studies
We identified three lessons learned from the cases described
in the previous sections. First, workflow data can be messy
and incomplete. For example, time and motion data only
covered certain work hours during a day and a portion of the
clinicians. EHR or RTLS data were usually recorded based on
predefined categories and granularity. Moreover, qualitative
data can enable the understanding of the workflow context
while quantitative data can show workflow patterns and
trends in a larger scale. It is unlikely to have one source of
data to reflect the full spectrum of clinical workflow which
emergewithin a complex sociotechnical system. Often times
it requires triangulation and synthesis of multiple sources of
data. Therefore, determining the source of truth and have
proper research questions and a scope are important to guide
the workflow analysis.

The second lesson was the limitation of TMDC and CWAT,
both of which were initially developed to analyze clinical
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workflow in rural outpatient clinics.24 Although TMDC and
CWAT can support workflow data management and explor-
atory analysis, in each of the three case studies, we created
specific features and functions to clean, manipulate, analyze,
and visualize the workflow data. We realized that some of
the features and functions, even advanced algorithms, were
already implemented in other tools. However, the data
structure of these tools can be so different that it may take
more time to import our data into another tool than just
implementing the specific features and functions on our own
to answer our research questions. Meanwhile, the workflow
measures of other tools may be differently defined, which
makes the analysis results incomparable and hinders knowl-
edge accumulation in this field. These can be addressed by
creating a common data model, a set of standardized work-
flowmeasures, the ability to combinemultiple tools, and the
best practice analysis procedures.

The last lesson was getting the buy-in from the clinicians
being studied. A workflow study requires input from these
clinicians at all stages. The clinicians can (andmay have to be)
an integral part of a workflow study providing the context of
the current workflow issues, supporting participant recruit-
ment, refining study protocol to improve the feasibility and
practicability, interpreting analysis results, and evaluating the
facial validity of a solution. All of our case studies cannot be
done without a close collaboration with the clinicians. How-
ever, to support and participant a workflow study, clinicians
have to take additional tasks on top of their busy routines. It is
therefore important to transform workflow analysis to work-
flow monitoring to remove the burden from clinicians while
systematically andmeaningfully addressing clinical workflow
issues through informatics and domain expert engagement.

Discussion

We described and synthesized three case studies and
propose four design principles for developing a WMOT
in health care. The key components of a WMOT are
discussed in the following sections with ►Fig. 1 describing
the system structure. It is worth noting that the four
principles are not made for workflow automation and
optimization. They are used to develop a WMOT that can
inform workflow redesign and generate a better automa-
tion and optimization plan.

Design Principles

Goal Orientation
Our case studies showed that clinical workflow analysis
should start with a clear primary goal. Otherwise, the
analysis can be difficult to carry over with massive and noisy
workflow data and would not generate meaningful results.
Scope creep can also occur. Each of our three case studies had
distinct goals: understanding the workflow patterns and the
context of decisions to design a CDSS, evaluating the impact
of a bedside mobile application on clinical documentation,
and comparing normal and prolonged sedation cases to
identify hidden factors contributing to delays. Complex
workflow projects may naturally yield multiple potential
goals, yet explicit prioritization and definition of a primary
goal will prevent complicated analyses and results that are
difficult to interpret or functionally insignificant. Therefore,
a WMOT should provide goal-specific recommendations.
Moreover, its data collection and analysis procedures should
be adjusted accordingly.

Fig. 1 The system structure of a workflowmonitoring tool (WMOT). It engages domain experts and supports their goals (principles 1 and 4), and
creates a feedback loop to interactively improve workflow. It includes multiple data sources with both qualitative and quantitative data (principle
2). All of the data are imported to a common data model and analyzed by a dedicated engine with interoperability to other workflow analysis
algorithms and tools (principle 3). EHR event logs are a specific type of EHR timestamps, which record clinicians’ clicks and system output. EHR,
electronic health record; REST, representational state transfer; RTLS, real-time locating system; TMS, time and motion study.
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Comprehensive and Resilient Data Collection
Workflow data can be collected from multiple sources and
different clinical roles. Oftentimes, combining datasets to
create amore comprehensive understandingof theworkflow
and identify bottlenecks is helpful. In each of the three cases
studies, we used at least two data sources (e.g., interviewand
time and motion study (TMS) data, TMS and EHR event logs,
and survey and EHR/RTLS timestamps) to achieve our study
objectives. We also focused on the secondary use of EHR and
RTLS data for clinical workflow analysis which has been a
major research topic in clinical informatics in recent
years.29–31 When collecting workflow data, it is important
to keep in mind the key elements, that is, actors, actions,
artifacts, and outcomes,32 to make sure the data collection is
comprehensive. This is particularly important because some
data collection methods are time- and resource-consuming
(e.g., interviews and TMS). On the other hand, creating
flexible and resilient procedures to collect workflow data
are important to accommodate clinicians’ busy schedules.
For example, while our TMDC can support TMS adequately
and collect interruption and multitasking behaviors, it was
not designed to rapidly respond to the changes in the
observation schedules (e.g., merging observation sessions,
changing an observee, and reassigning an observer). There-
fore, aWMOTshould have the ability to incorporate multiple
sources and types of workflow data, integrate data collection
tools, aswell as create procedures to accommodate dynamics
in data collection processes.

Integrated and Extensible Analysis
This principle suggests integrating multiple clinical work-
flow analysis methods and allowing for easy extension to
newmethods and techniques. The use of both qualitative and
quantitative analysis is critical, either using one to shape the
analysis of the other, or triangulating the results, to focus on
key workflow patterns and to address the corresponding
workflow issues. For workflow data collected from inter-
views with clinicians, the data should be analyzed both
qualitatively (e.g., thematic analysis) and quantitatively
(e.g., topic modeling and visualization).33,34 The qualitative
interview analysis results will be included manually in a
table format while the quantitative text analysis results will
be included in WMOT automatically.

In addition to traditional-grounded theory-based quali-
tative methods, several quantitative measures and methods
have been proposed and used in workflow timestamp data.
Since improving workflow efficiency is a common goal,
measures such as duration, frequency, and time allocation
(in percentage) are frequently used. Zheng et al proposed a
novelworkflow fragmentationmeasurewith the assumption
that the higher the frequency of task switches, the more
cognitive overload it could cause.35 Recently, Sinsky et al
proposed metrics to assess physician activities using EHR
event logs.36On the other hand, Vankipuram et al proposed a
method to transform, analyze, and visualize location-track-
ing data to monitor clinical workflow.37 Their method used
advanced techniques such as temporal sequence extraction
and probabilistic modeling to analyze work processes as

whole rather than discrete tasks. Moreover, the authors
suggest structuring the analysis techniques as representa-
tional state transfer (REST) services to improve the gener-
alizability of the method. Based on the lessons learned from
the three cases, a common data model plus a REST service
should be a core of a WMOT to allow for easy extension to
future analysis methods. We also suggest thatWMOTshould
incorporate additional types of timestamp data (e.g., pager
and safety incident timestamps).

Domain Experts
Domain experts should be engaged in the development of
WMOT. The domain experts refer various roles, including but
not limited to physician champions, QI specialists, admin-
istrators, and informaticians. Domain experts play a vital role
in the development and use of a WMOT because they are
responsible for interpreting the information generated by
the system to achieve workflow analysis goals. As described
in the user-centered design,38 a WMOT should consider the
whole user experience and specify the context of use to
support the identification of workflowbottlenecks. AWMOT
should be designed in a way to allow domain experts to
shape the data collection and analysis processes. A WMOT
should also be constantly evaluated in a user-centered
manner and coevolvewith domain experts since the analysis
needs may change in a dynamic health care environment.

Limitations
This study has at least two limitations. First, each case study
was conducted in one institution and the sample size was
limitedwith the specific goals of each studywhichwas not to
achieve statistical significance. The case studies used mixed
methods to understand workflow patterns, bottlenecks, and
context of use to inform future workflow redesign and
automation. The focus of the present study is to synthesize
the experience of all cases to generate the design principles
of WMOT. Second, we did not focus on solutions to address
the quality of the workflow data and the potentially low
accuracy, reliability, and completeness of the data. We
separated the data cleansing and quality issue from the
design of a WMOT to focus on the system architecture. The
performance of WMOT will depend on the quality of work-
flow data but this issue is out of the scope of the present
study.

Contributions
Our study contributes to the workflowautomation literature
by highlighting the importance of understanding clinician
workflows and context of use and proposing design princi-
ples to develop a monitoring tool (i.e., WMOT) to achieve
better understanding. More importantly, workflowmonitor-
ing should be an integrated part of clinical workflow auto-
mation to inform automation requirements and evaluate
automation outcomes. In addition, our study expends the
current literature in clinicalworkflowanalysis by integrating
various workflow analysis techniques (e.g., time and motion
studies, log analysis, and qualitative interviews) to create a
more comprehensive picture of workflow patterns and
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bottlenecks.While studies have been using clinicalworkflow
analysis to support workflow automation and provide evi-
dence-based planning such as39 our study takes the work-
flowanalysis into the next level and advocates for continuous
monitoring, detailed understanding, and user-centered feed-
back loops.

Conclusion

A successfulworkflowautomation and optimization requires
workflowmonitoring. In this study,weproposed the idea of a
WMOT with four design principles. Such a WMOT can
demonstrate its efficacy through enhancing situational
awareness, enabling clinical predictions,40 and improving
medical and administrative decision making. Our study
serves as a starting point to develop WMOTs to support
workflow automation and optimization in variety of clinical
settings.We encourage researchers to continue investigating
the design and implementation, such as WMOT, to create
best practices to improve workflow efficiency, care quality,
and patient safety.41

Clinical Relevance Statement

Many quality improvement projects focus on checklists
(e.g., whether an action is completed or not), and main-
taining new actions over time is often difficult. Clinical
workflow analysis focuses on the processes, exploring
ways to ensure that required actions are included in
patient care, which can help maintain changes over
time. Clinical workflow analyses should be largely includ-
ed in quality improvement projects to identify solutions
that are more closely adapted to clinicians’ needs: these
may be the timing of new actions in a given sequence, or
providing more specific information needed to improve
the clinical documentation, or simply better efficiency
without decreasing quality or safety of care. The proposed
WMOT takes clinical workflow analyses into the next level
as a monitoring and diagnosis tool to enable and enhance
workflow automation.

Multiple Choice Questions

1. Which of the followingmay not be a good consideration to
develop a WMOT?
a. Goal orientation
b. Sole focus on quantitative measures and methods
c. Domain experts
d. Comprehensive data collection

Correct Answer: The correct answer is option b.We think
the use of both qualitative and quantitative analysis is
critical, either using one to shape the analysis of the other,
or triangulating the results, to focus on key workflow
patterns and address the corresponding workflow issues.
All other options (a, c, and d) are major principles of a
WMOT.

2. Which of the following statements is true?
a. Collecting workflowdata are easy so careful planning is

not needed
b. There is no benefit to use multiple types of data for

workflow analysis
c. Clinical workflow analysis needs to have a clear prima-

ry goal
d. WMOTusers just read the information from the system

and do not need to provide feedback

Correct Answer: The correct answer is option c. This first
option (a) is not correct because collecting workflow data
(e.g., TMS and interviews) can be very time- and resource-
consuming. The second option (b) is not correct because
oftentimes two or more types of data are used for workflow
analysis to construct amore comprehensive picture of work-
flows. The fourth option (d) is not correct because users
(domain experts) play a vital role in WMOT and should be
involved in the analysis process and provide feedback.
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