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Abstract

Hospital patient care units are complex work environments in which frontline registered nurses regularly
adjust their work to meet ever-changing patient needs and workplace situations. Hospitals employ
software-based staffing and patient acuity systems to plan staffing for individual work shifts, but hospitals
currently lack dynamic, automated assessments of changes in workplace conditions that have potential to
result in care delays, elevated patient safety risk and caregiver overload during a work shift.

Dynamic monitoring of workplace conditions, currently achieved through subjective assessment by
frontline clinicians, may be augmented through analysis of ambient workplace data that is automatically
generated as nurses respond to patient call lights, dispense medications, utilize communication
technologies, and interact with many other information systems in care delivery. However, this potential
has not yet been explored in published literature. The objective of this exploratory, mixed methods study
is to assess feasibility of detecting work system strain through analysis of transactional records produced
by commonly used operational information systems in the hospital setting.

Through qualitative inquiry, this study identifies adaptive work strategies and environmental activity
changes that hospital-based registered nurses recognize as signs of strain. Through subsequent
guantitative inquiry, this study demonstrates feasibility of predicting unplanned overtime as a proxy
measure of work system strain, using retrospective time-stamped activity data from four commonly used
information systems: time and attendance, medication dispensing, Vocera communications, and nurse call.
Feasibility of predicting unplanned overtime prior to the end of a work shift on a medical intensive care
unit is demonstrated with an overall accuracy of is 61.3% at ten hours into a work shift, and 63.5% accuracy
using data from a full 12-hour work shift. Study findings provide a foundation for creation of additional
activity features using more data sources, future dynamic work system monitoring, and early warning of
“hot spots” of work system strain as they arise in time.
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Organization of this document

A brief guide to the organization of this document is provided here to aid the reader. As permitted by
Oregon Health & Science University, selected dissertation chapters are formatted as publishable articles
to foster rapid dissemination of findings through publication in professional journals.

Chapter 1 provides an introduction to the research focus, purpose, and conceptual frameworks used to
guide this study. Chapter 2 contains a review of existing literature describing complexities and challenges
of nursing care delivery at the hospital bedside. Chapter 3 describes a knowledge-elicitation study that
was conducted to identify real-world signs of strain. Chapter 4 describes transformation of heuristic signs
of strain into computable activity features using data produced by operational information systems, and
preliminary analysis of the separability of activity features using unplanned overtime as a proxy indicator
of work system strain.

Chapter 5 contains a detailed description of application of the CRoss-Industry Standard Process for Data
Mining (CRISP-DM)* to retrospective ambient data extracted for a 1-year period from operational hospital
systems from two adult patient care units. Key steps in the processing of ambient data are described,
including data acquisition, integration of data into a normalized data model, generation of activity
features, feature selection, and application of machine learning to classify work shifts by the presence or
absence of unplanned overtime as a binary outcome, and proxy indicator of work system strain.

Feedback regarding potential future uses and benefits of enhanced work system observability, as provided
by a clinical Technical Expert Panel (TEP), is summarized in Chapter 6. Chapter 7 is comprised of an overall
discussion of qualitative and quantitative findings, study conclusions, and implications for future research.
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1. Introduction

Consistent delivery of high quality care requires responsiveness to needs of both patients and clinicians.
For more than a decade, healthcare organizations have pursued the triple aim? of improved patient
experience, improved outcomes, and decreased costs, fueled by valid concerns regarding the frequency
of adverse events, a lack of patient-centeredness, and escalating costs. Adding to this challenge, there is
growing recognition that stressful work environments and clinician burnout become barriers to patient
care due to follow-on effects of performance degradation or staff turnover. Therefore, the triple aim has
been expanded to include a fourth aim of improved clinician experience®. Addressing the quadruple aim
is challenging as there are natural points of tension between patient and clinician focused aims and the
goal of reducing costs. Hospital leaders find themselves in search of balanced solutions that address the
needs of both patients and clinicians in a manner that supports financial sustainability of the organization.

Topic and research problem

Although many quality, safety, and productivity metrics span weekly to quarterly timespans, frontline
clinicians experience changing workplace conditions across the minutes and hours of a work shift. High
workload and lack of time is associated with care left undone and reduced care quality,* staff frustration
and burnout,® intention to leave an organization, and intention to leave the profession of nursing®. Yet
hospitals have limited ability to proactively monitor and respond to work system strain as it emerges in
time.

A number of challenges make it difficult to sustain an even workload in the hospital setting. Workload is
a multidimensional concept that is conceptualized differently across existing studies. Workload can be
difficult to measure due to myriad factors that can contribute to workload. Current workload assessment
tools focus primarily on patient characteristics and needs, which represents a significant yet incomplete
representation of overall workload. RNs manage additional in-the-moment logistical and system-related
demands, described as situation-level workload,” which may be unrelated to patient acuity and are
typically not captured in the electronic health record (EHR). Hospitals are currently unable to monitor
workload in near real time, due in part to the lack of an “operational equivalent” of the EHR that contains
high fidelity records of a broad set of activities that occur in everyday clinical care. Additionally, the
potential range of interventions to reduce workload is limited by the fact that labor costs represent nearly
60% of a hospital’s operating budget.®

Purpose of the study

The purpose of this study is to demonstrate feasibility of application of operational informatics techniques
in a repeatable process to enhance observability of work system strain on hospital patient care units.
Enhanced observability can provide insight into workplace processes and enable clinicians to notice
changes within local works system that they were not looking for or did not expect® as an antecedent to
improved patient care and improved clinician work experience. Key steps and methods used in this
exploratory study are summarized in Figure 1-1.
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Study Demonstrate feasibility of operational analytics to enhance observability
Purpose of clinical work system strain

Key steps 1. Elicit heuristic 2. Generate computable 3. Identify features that are

signs of strain activity features that most discriminative of
reflect granular meaningful outcomes,
activities and heuristic for use in future
signs of strain monitoring systems
Methods Qualitative Environmental scan + Feature selection +
focus group Focus group output + Pattern classification
study Subject matter expertise

Figure 1-1. Repeatable process to enhance observability of real-world signs of strain

Conceptual framework

This study conceptualizes the hospital and its nested patient care units as complex sociotechnical work
systems,’® and builds upon conceptual frameworks from human factors engineering,” nursing,'* and
resilience engineering.’?> A blended framework representing workplace stressors, clinician adaptation,
work system compensation, and outcomes is depicted in Figure 1-5.

Human Factors Engineering conceptual framework for nursing workload and patient safety

The human factors domain recognizes that physical and cognitive aspects of people, tools and
environments interact to influence human performance. Carayon and Gurses developed a human factors
engineering conceptual framework of nursing workload’ for the intensive care unit setting (Figure 1-2).
This framework characterizes workload at four levels for purposes of workload measurement. Situation-
level workload reflects in-the-moment circumstances and performance obstacles that are encountered in
the workplace. Patient level workload is explained by patient conditions and therapeutic intervention
requirements. Job level workload is characterized as stable characteristics of nurses’ jobs that rarely
change, such as the organization of work, patient type, and types of services provided. Unit level workload
is assessed through measures such as nurse-to-patient ratios that do not take contextual characteristics
of a particular patient care unit. Workload levels are not fully distinct in that situation and patient
workload levels are embedded in job level workload, and job level workload is embedded in unit level
workload. The framework’s authors recommend increased research focus on situation-level workload, as
currently utilized workplace metrics have difficulty capturing dynamic changes that affect workload within
narrow timespans, such as a patient care shift.” This challenge is a motivating factor in the current study.

CAUSES: WORKLOAD: OUTCOM(ES: . fety)
. ; - ICU/unit level - patient (quality of care, patient safety
;’:s';f;’;:::r‘::‘ed —> - job level _> CONSEQUENCES —’ - family (satisfaction with care provided)
facilitators - patient level - nurses (quality of working life)

- situation level - economic outcomes

Figure 1-2. Conceptual framework of intensive care nursing workload

Reproduced from Carayon and Gurses’

Nursing expertise facilitates thinking in action

Benner defines expertise as the ability to move ahead with imperfect knowledge®® and describes nurses’
ability to concurrently absorb, respond, and react to dynamic situations as thinking-in-action. Thinking-in-
action includes clinical foresight, which enables nurses to anticipate patient and work system needs, and
the skilled know-how of managing a crisis.!* Benner notes that a large component of the nursing role
involves application of clinical judgment and expertise to prevent, intervene in and correct system
problems. This idea has notable conceptual overlap with situation-level workload as defined by Carayon
and Gurses’. The ability to think-in-action enables nurses to address a wide variety of clinical, technical,
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and logistical challenges that are frequently encountered in everyday clinical care, in addition to handling
crises.

System Decompensation — Resilience Engineering

The term resilience in the healthcare domain is often used to refer to psychological resilience in human
coping; however, this term in the context of resilience engineering refers to an organization’s ability to
sustain its function by adapting to variable demand and unexpected situations. Resilience engineering
describes mechanisms by which adaptive systems succeed despite strain or disturbances as well as
mechanisms by which adaptive work systems can fail. The process of decompensation is a primary
mechanism by which adaptive systems can fail,!* and this process is of particular interest to this study
because it describes gradual degradation of a work system due to increasing demands. In the first phase
of decompensation, the system compensates for growing strain or disturbance; however, the ability to
compensate is not infinite, leading to loss of target performance in the second phase, as illustrated in
Figure 1-3. The major goal of this study is to shift research from decompensation (i.e. where an undesired
outcome has occurred) to detection of early signals of work system disturbance in the compensation
phase in Figure 1-3.

new disturbances  the system’s capacity to
arise compensate is exhausted

Disturbance

1
|

Target

""iv

;

Control

ll'IIlllt..

compensation decompensation
Figure 1-3. Basic pattern of work system decompensation with loss of target performance

Reproduced from Woods and Branlat*

In adaptive work systems, professional employees employ professional judgment to resolve discrepancies
between rules, policies and procedures defined at the blunt end of an organization, and real-world
situations experienced at an organization’s sharp end, or point of care.’> ® Adaptation may involve
predefined solutions such as standardized care guidelines, policies and procedures, or ad hoc solutions
generated in the moment.!” Utilization of ad hoc solutions can lead to discrepancies between work as
imagined by hospital leaders and work as actually done. Professionals may avoid potentially negative
consequences through application of domain expertise and adaptive behavior as they respond to
changing workplace conditions, but things can go wrong when situations are not as anticipated or when
staff are forced to perform under extreme production pressure.!® 19

Woods and Branlat borrow an analogy from the field of materials science® to illustrate organizational
response to increasing levels of demand along the vertical dimension of Figure 1-4. Employees routinely
adapt their work in small ways to account for expected variability within a work system’s competence
envelope® of designed-for conditions. Although work system failure can occur at any time, the probability
of failure increases as growing demand moves a work system from designed-for conditions into an area
of compensation; which can escalate to an area of decompensation when adaptive capacity buffers are
exhausted. In compensation, adaptive behaviors can cushion against failure by adding adaptive capacity,
but can be a double edged sword in that adaptive behaviors can also obscure how close an organization
may be drifting toward a potential point of failure.1® 222
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Eroded adaptive capacity
Decompensation

Extended adaptive i Potential points
Compensation of failure

Demand —

Strain (work system stretch) —
Figure 1-4. Clinical microsystem response to increasing service demand

Adapted from Woods & Wreathall*® and Woods and Branlat**

Avoiding points of failure requires an ability to recognize and respond to the fact that a work system is
nearing its performance limit.'®2! A proactive strategy that organizations can employ is to attend to faint
signals, defined as early signs of potential problems or hints of upcoming trouble in a process.'” Awareness
of small changes in the environment that occur prior to changes in work system outcomes can facilitate
proactive intervention and avoidance of adverse events. During times of increasing work system demand,
“the critical information is not the abnormal process symptoms per se, but the increasing force with which
they must be resisted relative to the capability of the base control systems.”**

When humans serve as the “control system” for a workplace, as they do in service industries, a critical
piece of information is that employees are needing to utilize increasingly impactful adaptive work
strategies to sustain the integrity of the work system. Desirable characteristics of indicators of system
resilience include that they 1) are based on non-manipulatable sources, 2) are measurable, 3) are obtained
from existing data, and 4) are simple to understand. '’

Blended framework

The current study draws from the frameworks described above to build a visual representation of how
workplace pressures contribute to workload and adaptive behaviors, and how elevated workload and
eroded adaptive capacity can negatively influence patient, clinician, and organizational outcomes, as
illustrated in Figure 1-5. This blended framework also depicts how eroded adaptive capacity and elevated
workload can lead to compensatory adaptation and intermediate workplace consequences.

Compensatory adaptation occurs in the first phase of decompensation, as described in resilience
engineering literature. A complimentary model of nursing workload from the field of human factors
engineering describes intermediate consequences as a mechanism by which patient surveillance or other
care activities can become compromised during times of elevated demand. Because compensatory
adaptation and intermediate consequences of elevated workload may appear prior to changes in
outcome, recognition of these signs of strain may provide a point of opportunity for recognition and
proactive response to avert undesirable workplace outcomes, as depicted in the middle section of Figure
1-5.
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Figure 1-5. Signs of strain as potential early indications of work system compromise

Adapted from Hollnagel et al. 201312, Stephens, et al. 2011,'> Woods & Branlat, 201114 Woods & Wreathall, 2008,%° and
Carayon, et al. 20057

Guiding questions

The current study draws from the frameworks described above to conceptualize how workplace activities
and clinician performance are influenced by workplace pressures and variation in workload. Questions
guiding this study include:

1. What activity changes and adaptive strategies indicate that RNs are experiencing workplace
strain?

2. Does existing operational data reflect granular workplace activity and heuristic signs of strain?

3. What patterns of activity have potential to serve as early signals of work system strain?

4. What applications and benefits of dynamic activity monitoring are envisioned by clinical experts?

Significance of the study

To the authors’ knowledge, no studies have utilized data produced by hospital operational systems to
generate indicators of work system strain. The current study aims to demonstrate that aggregation of high
resolution data from ambient operational log files and transactional records can provide high fidelity
representation of intra-shift workplace activity on patient care units. This study demonstrates a
repeatable process for generation of meaningful signals of work system strain from observable and
objective ambient data sources.

Detection of meaningful activity changes is an indirect measurement approach, analogous to estimating
wind speed by watching the body posture of someone walking along the beach rather than measuring
wind speed directly. A focus on indirect evidence of work system strain offers the opportunity to recognize
a problem without needing to identify the specific cause of the problem. This approach may be beneficial
in complex adaptive systems, where multiple people, work processes, and patient needs interact to
produce both anticipated and unanticipated effects on overall workload.

Although retrospective data were utilized in this initial exploratory study, nearly all of the activity features
generated in this study could plausibly be generated in near real-time if live connections to operational
systems were authorized and put in place. Therefore, the current study serves as a prototype for future
near real-time monitoring and early detection of work system strain on hospital patient care units.
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Delimitations
While the approach taken in this study is applicable to multiple clinical professions, this study is scoped to

the work of frontline nurses in the hospital patient care unit setting. Although may be beneficial to
generate activity features using both electronic health record (EHR) and non-EHR sources of data in the
future, this study is scoped to non-EHR sources of data, as these data have not yet been evaluated for
their potential to offer enhanced observability of care activities.
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2. Review of Literature

There are nearly three million RNs in the United States, of which approximately 61% are employed in a
hospital setting.”® The hospital is a fast-paced, high-stakes work environment in which multiple
departments, care teams, and individuals collaborate to deliver bedside care. RNs play a central
coordinating role and are responsible for providing essential patient care in addition to attending to ad-
hoc patient and work-system related needs. In this often unpredictable environment, it is not uncommon
for RNs to experience overload conditions while delivering bedside care, which can lead to negative
patient and clinician outcomes.

A large number of research foci spanning multiple domains are relevant to clinician overload. In this
chapter, a focused literature review is presented for a subset of research topics related to common
challenges encountered by RNs in everyday clinical care including interruptions, missed care, fatigue,
staffing, patient assignment, workplace factors, and variable demand. Each section concludes with a
description of its relevance to dynamic workload monitoring as a desirable future capability.

Interruptions

Nurses play a central coordinating role between multiple members of the care team while they are on
duty. At the front line of care, an RN frequently becomes aware of changes in patient condition which
must be communicated to a provider, or learns that a family member has questions regarding an
upcoming discharge that require collaboration with a social worker. Placing pages and receiving return
calls occurs in parallel with bedside care for other patients, resulting in an interrupt-driven environment.
Additionally, frontline nurses perform documentation tasks in open spaces and hallways next to patient
rooms which makes them readily available to others. Time and motion studies reveal that nurses are
interrupted 3.4% to 6 times per hour.?> 26 Although interruptions can result in delays or forgotten tasks,
they can also facilitate rapid exchange of information, making them neither categorically positive or
negative.? In either case, interruptions are a concern from a workload perspective due to the cognitive
load associated with task switching and task resumption after interruption. Because interruptions
frequently involve communication, monitoring the frequency of RN communications may be helpful in
future dynamic monitoring of signs of work system strain.

Missed nursing care

Missed nursing care is an error of omission?® representing care tasks that were intentionally or
unintentionally left undone in everyday clinical care. The terms “care rationing” and “care left undone”
are similar terms found in the literature. A 2014 survey of nurses in the English National Health Service
found that 86% of respondents reported that at least one patient care task was left undone on their last
shift due to lack of time®. Types of care tasks left undone, identified through a survey of South Korean
nurses, include patient adequate patient surveillance, skin care, oral hygiene, pain management,
therapeutic interaction with patients, on-time medication administration, discharge preparation,
documentation, care planning, and care coordination.? Resource insufficiency, rise in patient acuity, and
unbalanced patient assighments are factors that contribute to missed nursing care.3% 3! Future dynamic
workplace monitoring may provide additional insight into missed nursing care, as detection of some
missed care tasks could plausibly occur in near real-time. For example, inadequate patient surveillance
may be detectable through RN location tracking that captures entry and exit from patient rooms, and
missed patient turns and oral care may become observable through near real-time analysis of clinical
documentation entries.

Fatigue
Factors related to both the structure and work of nurses contribute to fatigue.?? Around-the-clock patient
care is achieved by dividing calendar days into multiple work shifts. Hospital-based RNs typically work 8
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to 12 hour shifts, and may be required to rotate between day and night shift. The work of nurses is both
physically and mentally taxing, and the culture of the profession can contribute to the difficulty of
managing fatigue. Nurses feel a sense of complete responsibility for assigned patients and may see
acknowledgment of fatigue as a sign of weakness.3>3* Surveys indicate that that only 25% of nursing
leaders agree that addressing fatigue is an organizational priority®, and 77% perceived that their
organizations had insufficient tools and data monitoring in place to address fatigue.?® These studies
emphasize the need for enhanced workplace monitoring to facilitate proactive recognition and response
to excessive workload and fatigue in acute care setting.

Staffing & patient assignment

The challenge of maintaining appropriate staffing levels in a hospital setting is a longstanding challenge,
with literature dating back to at least the 1850s.3® Research regarding nurse staffing practices and
outcomes accelerated in the early 2000s as a result of calls to action by the Joint Commission and the
Institute of Medicine related to concerns regarding the effects of inadequate staffing on patient care
safety and outcomes.3” 38 |n 2002, Aiken and colleagues conducted a landmark study that found that low
nurse staffing is associated with increased patient mortality, nurse burnout, and job dissatisfaction.®
Researchers at that time were limited by data availability, as electronic health records were not yet in
widespread use. Therefore, patient information was gleaned from electronic discharge records for surgical
patients from over 200 Pennsylvania hospitals. Estimates of nurse staffing levels, job satisfaction and
burnout were collected from RNs employed by study hospitals via mailed surveys.

In 2011, Needleman and colleagues conducted a similar study with higher fidelity staffing data. Similar to
the 2002 study, patient mortality data were collected from hospital discharge reports. However, staffing
data were collected at the shift level, including comparison of actual staffed hours to target hours to
identify inadequately staffed shifts. Employing Cox proportional-hazard regression models, this study
found that exposure to understaffed shifts and high patient turnover were associated with significantly
higher patient mortality.

There is ongoing debate regarding the number of patients for which an RN can safety provide care, and
how best to ensure that hospitals provide adequate resources to support high quality care. Numerous US
states have enacted legislation that require hospitals to maintain staffing plans, or specific minimum
nurse-to-patient ratios, or other forms of public reporting.?® In recent years, there is growing recognition
of relationships between system-related and contextual issues and resource adequacy. For example, in
2016, Welton proposed that a key research question for researchers today is: “What are the patient level,
nurse level, and ward level effects that can influence outcomes of care and what future studies and
methods can integrate the many factors and personnel surrounding a patient to discover how best to
optimize outcomes and lower costs?”#

Staffing decisions determine available RN time (supply) to address patient care needs (demand), and in
this way staffing decisions shape nursing workload. At a more granular level, assignment of responsibility
for specific patients to specific RNs (patient assighment) also influences workload, as a nurse’s patient
assignment largely determines the tasks and activities that will comprise an RN’s workload during a work
shift. Processes and methods for creation of equitable patient assignments has been a focus of previous
research?”* as patients of the same type (e.g. oncology, surgery) may disproportionately contribute to
aggregate workload. As a result, patient assignments may be an important unit of analysis in future
dynamic assessment of care activity on patient care units.

Workplace factors affecting workload
Factors affecting the work of nurses has been a focus of study for many years. A 1941 report produced by
the American Hospital Association and the National League of Nursing Education identified unit layout,

Page 8 of 76



provision of supplies and equipment, task frequency, technique used in carrying out procedures, function
of the bedside nursing staff, staff education, and scope of hospital activities e.g. medical research and
education as factors that influence bedside requirements.*® An integrative review of patient classification
systems conducted approximately 70 years later®” echoes many of the same concepts, but provides
additional granularity and groups factors based on their relationship to patient, nurse and organizational

aspects of the workplace (Table 2-1).

Patient Nurse Unit/Organization

Complexity (nursing diagnosis, | Education Stability/maturity

diagnosis related group)

Severity (length of stay) Experience — total Volume

Dependency/functional status Experience — unit Patient turnover

Activities of daily living Skill mix Interdisciplinary relationships/communication

Transports Support services

Age Unit complexity/variation in patient type and
treatment

Patient care needs Autonomy/work environment

Observational needs
e Obesity

e Post-discharge needs
e Psychosocial needs

Protocol-driven care

Multitasking

Table 2-1. Patient, nurse and organizational variables that may serve as workplace indicators”

Nursing studies of the impact of workplace factors on outcomes often focus on a single or small set of
factors in relationship to a single outcome such as workload, staff satisfaction, or care quality. To address
the need for a broad list of measurable factors that are relevant to nursing workload,*® Myny and
colleagues conducted a survey of Belgian nurses in 2012 to identify 26 measurable workplace factors that
are perceived by nurses to be highly relevant their overall workload.* These 26 factors are presented in

Table 2-2, in decreasing order of nurses’ perceived importance.

High number of mandatory government registrations (documentation)
Type of working schedule

Support of students and new colleagues at the ward

Lack of agreements and systems to help short-handed wards
High number of unplanned admissions and discharges

High number of medical disciplines per ward

Architecture of ward and hospital

Absence of a secretary, logistic worker or (vice-) head nurse
Body Mass Index of the patient (higher than 30)

Lack of support of general and technical services

Lack of a team for bed-making

Lack of a patient transportation team (within the hospital)
High number of mandatory meetings

Lack of support of staff members, nurse practitioners, voluntary workers
Skill-mix of the nursing team

Lack of working procedures

Presence of (one or more) foreign speakers

Poor individual work method

Low number of single rooms on the ward

High number of mandatory educations

Resuscitation of a patient
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Lack of uniformity of nursing tools/material

Time to control tools/material

High number of scientific research activities
Table 2-2. Measurable workplace factors influencing nursing workload*®
Identification of workplace factors provides a valuable foundation for workload assessment tools that
forecast nurse staffing requirements. Although many of the above identified factors are currently
available for retrospective review through the electronic health record or other hospital reports, access
to data that reflects dynamic changes as they occur in time is currently lacking. In this way, identified
factors provide a starting point for conceptualizing data sources and activities that may be useful to
include in future dynamic workplace monitoring systems.

Patient acuity, workload, and resource assessment tools

Many nursing resource assessment tools have been developed and validated over past decades. Nursing
hours per patient day (NHPPD) and nurse-to-patient ratios are two of the most commonly utilized metrics
in planning and assessing nursing resource adequacy.® Unit-based staffing plans typically identify a target
number of nursing hours per patient day, or a target patient-to-staff ratio that is deemed appropriate for
the types of patients cared for on a patient care unit with allowed adjustments for patient acuity. High
acuity patients are distributed across patient assignments in an effort to balance workload across RNs.

A variety of patient acuity systems, also known as patient classification systems, are used to identify a
patient’s anticipated care needs during the upcoming shift. Acuity systems range in complexity from
subjective home-grown nurse ratings, to electronic systems that derive patient acuity scores from
multiple patient characteristics captured in clinical documentation in the electronic health record. The
reliability and validity of the output of patient acuity systems typically receives focused attention at the
time of system implementation, but a lack of attention and maintenance over time can lead to reduced
applicability and trust of system outputs.®® In an integrative review of literature relevant to patient
classification, patient acuity and workload management systems, Fasoli and colleagues note that more
recent development in patient classification include a focus on organizational attributes in addition to
patient characteristics, but conclude that there is a lack of consensus regarding an optimal patient
classification method*’. The authors also note key outstanding issues, including difficulties in measuring
workload due to inadequate definitions and descriptions of nursing work, and a need for additional
reliability and validity testing of classification systems. Carayon and Gurses expand organizational
attributes to include the concept of situation-level workload, characterized by demands that arise and are
addressed in relatively narrow time windows related to logistical challenges and performance obstacles,
and review over 20 currently utilized measures to conclude that there is a stronger focus on unit, job, and
patient-related workload in existing measurement systems than on situation-level workload.’

Variable demand

The volume, time-sensitivity and types of care tasks that an RN needs to perform can vary considerably
across the minutes and hours of a patient care shift. Demand fluctuation can result from a change in
patient acuity®® or in-the-moment demands related to logistical challenges and performance obstacles
that comprise situation-level workload.” Performance obstacles such as the need to accompany a patient
during transport, time required to address patients’ family-related issues, poor workspace design, lack of
information due to poor handoffs, poorly stocked rooms, and delays in receiving medications from
pharmacy were found to explain 40% of the variability in nursing workload, without considering patient
acuity.>

Variable demand related to the management of ad-hoc needs and performance obstacles creates the
need for nurses not only to attend to the most pressing need in the moment, but to track ad-hoc needs
that have concurrently arisen, as well as outstanding tasks. Nurses maintain a running list of outstanding
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activities that they continually shuffle as new needs emerge to ensure that the most critical and time-
sensitive tasks are given priority.>* Observational studies of RNs reveal frequent task switching with more
than 40% of activities lasting less than 10 seconds, and management of a running backlog of 11- 15 items
at any given time.?* Nurses augment their working memory through the use of hand written notes®® as
they manage multiple concurrent demands, but constant task switching and managing outstanding
activity can lead to high levels of stress, as forgetting a task can result in negative patient consequences.
The need to combine work that must be performed reliably, such as medication administration and other
time-sensitive tasks, with work that arises unpredictably has been identified as a cause of negative patient
outcomes, including failure to prevent skin breakdown®® and healthcare-associated infections.>”

While eliminating all unpredictable work is an impractical goal in the hospital setting, current literature
regarding nurse management of variable demand can inform future efforts focused on dynamic workload
monitoring. More specifically, it can guide efforts to find new data sources that may provide increased
visibility of the presence and frequency of ad-hoc needs as a patient care unit stressor.

Dynamic system monitoring

Although electronic staffing and patient acuity systems are utilized in pre-shift planning, after a work shift
has started, workload management becomes a fluid and largely heuristic process. If an individual RN is
unable to attend to assigned patient needs in a timely manner, that RN may ask for help from a fellow RN
or the charge nurse. Charge nurses play a large role in managing the balance of supply and demand at the
bedside, which is important antecedent to effective care. Although there is growing use of health
information technology in the hospital setting, little technology supports the mid-shift activities of the
charge nurses, resulting in the loss data managed via paper-based worksheets and whiteboards for
purposes of care improvement and research.*®

High reliability organizations “recognize that the earliest indicators of threats to organizational
performance typically appear in small changes in the organization’s operations,” *° yet hospitals lack data
and methods to assess dynamic changes in granular patterns of activity and workplace characteristics as
they occur in time. This is beginning to change, as trends in patient acuity systems include the ability to
update patient acuity scores in the middle of a shift as additional documentation is recorded in the EHR.®°
This capability is anticipated to facilitate improved awareness of changing patient needs across time, but
as noted earlier, patient-related activities do not reflect the full breadth of activities undertaken by
bedside RNs.

Adaptive Performance

The need for RNs to adapt their work to the demands of the current situation, or to deal with a
performance obstacle is a recurrent theme in studies of the work of nurses. A taxonomy of adaptive
performance was developed in the field of applied psychology through analysis of over 9,000 critical
incidents collected from 21 job types. Key dimensions identified include: handling emergencies or crisis
situations, handling work stress, solving problems creatively, dealing with uncertain and unpredictable
work situations, learning work tasks, technologies and procedures, and demonstrating interpersonal
adaptability.®?

Concepts related to adaptive performance from the nursing literature include:

e workarounds — defined as a deviation from an intended work process,2%*

o first order problem solving — defined as attempts to remedy an immediate problem without
attempting to avoid future occurrences,®

e violations — defined as deliberate deviations from standard procedure which may carry positive or
negative consequences,®® and
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e positive deviance — which describes the phenomena that some individuals are able to handle
situations more effectively than their peers, despite similar problems and available resources.®”

In largely complimentary ways, these concepts describe skills that RNs develop to manage competing
time-sensitive tasks, handle emergencies, solve problems, and adapt their work to meet current
workplace demands. Nurses employ clinical judgment to anticipate, recognize and flexibly respond to
needs and unexpected situations as they arise. Adaptive behaviors can cushion against failure boundaries
by adding adaptive capacity, but can be a double-edged sword in that it can also obscure how close an
organization may be drifting toward failure.'® 222 When patient demand overwhelms RN capacity, normal
compensatory mechanisms begin to fail and the health of the work system begins to degrade, as depicted
in Figure 1-3 above. Staff are forced to make trade off decisions, lower-priority tasks may get dropped,
patients experience delays, staff experience frustration, and care quality may become compromised. The
narrow timeframe across which many incidents of strain appear and are resolved points to the need for
granular and temporal sources of workplace data for use in future systems designed to provide enhanced
and near real-time observability of work system health.

Collectively, these targeted reviews of existing literature for topics related to work system strain provide
context for the current study, and summarize existing knowledge to help guide the definition of activity
features, and to aid interpretation of study findings. Additional literature relevant to the focus of
individual papers is summarized at the beginning of chapters 3 through 6.
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3. “It's like Double Dutch”: Temporal signs of stretched capacity and
adaptive work performance in nursing work systems

Abstract

Background: Hospital-based registered nurses (RNs) experience variable patient and system related work
demands across a work shift. When aggregate demand exceeds available capacity, service quality and
work experience can be negatively impacted; however, hospitals lack automated tools to dynamically
assess work system strain as is occurs in time.

Objectives: The objective of this study was to elicit workplace “cues” that a nursing work system is
experiencing strain from frontline RNs, to inform future generation of computable activity features that
reflect real-world signs of strain.

Design and setting: A qualitative descriptive study was conducted at a large academic medical center.

Methods: Data were collected through focus group interview of 19 experienced hospital-based RNs across
four 90 minute study sessions.

Results: RNs recognize and are able to articulate multiple perceptible activity changes and adaptive work
strategies that signal that a work system is experiencing strain. Examples of activity changes include staff
“ping ponging” between rooms, increased duration of patient call lights, and multiple admissions and
discharges clustered in time. Examples of adaptive work strategies include skipping meals or breaks,
asking other RNs to help pass medications, deferring care activities, and minimizing time spent on care
planning and clinical documentation.

Conclusions: Aggregate patient and system related demand is highly variable, leading to workload
fluctuation across minutes and hours of a work shift. When demand exceeds capacity, RNs employ
adaptive work strategies to recruit resources, move work in time, shed tasks, or perform work less
thoroughly. Adaptive performance of work can sustain care delivery through periods of imbalanced supply
and demand, but it also carries potential to lower care quality and create negative work experiences.
Knowledge contributed by RNs in this study provides a clinical foundation for future identification of
temporal markers of uneven supply and demand which may facilitate future dynamic workplace
monitoring and enhanced situational awareness.

Introduction

The pace and intricacy of navigating bursts in patient demand is analogous to the game of Double Dutch,
where a player simultaneously jumps two ropes rotating in opposite directions. As in Double Dutch, focus,
speed, and endurance are required to manage simultaneous task demands that may appear randomly,
differ in urgency, and require variable amounts of time to address. Patient needs can vary considerably
across short periods of time,>? contributing to an interruptive work environment®> and capacity strain,
which may influence a patient care unit’s ability to provide high-quality care. Imbalances between supply
and demand are notable events because high workloads are associated with decreased quality of work
performance,® staff burnout,” and reduced ability to detect and correct system failures.”* Understaffed
shifts are associated with negative patient outcomes including increased mortality 3° and in-hospital bone
fractures.”

Resource insufficiency, rise in patient acuity, and unbalanced patient assignments are long-standing yet
contemporary hospital concerns because they are associated with missed nursing care.3® 3! Current
hospital systems possess limited ability to detect imbalances in supply and demand in real-time. Nursing
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hours per patient day is frequently utilized for this purpose, but this whole-day metric lacks the temporal
resolution required to detect peaks and valleys in patient demand across a 24-hour period.” 7* Similarly,
the average circumstances assumed by patient-to-nurse ratios may not reflect current reality in dynamic
work settings.*® Patient classification systems provide estimates of time and resource requirements based
on patient characteristics,” but classification systems are not designed to estimate resource requirements
associated with unanticipated incidents and interruptions due to the dynamic nature of these events.*’ 7

Dynamic monitoring provides early warning of changing conditions in safety-critical fields such as nuclear
power and aviation so that systems can adapt to disturbances and stay within the boundaries of safe
performance.? 7® In the hospital setting, dynamic monitoring is primarily achieved through the work of
experienced RNs who employ clinical judgment, “skilled know-how” ! and cognitive stacking >* to navigate
unexpected situations and times of elevated serviced demand. Nurses dynamically check outstanding
work against a prioritization hierarchy to ensure that imminent clinical concerns are addressed before
activities that can be moved in time. Activity prioritization can be achieved through a variety of work
strategies including task switching, multitasking,”” clustering tasks,’® early task initiation, rushing, and task
reduction.”® Automated systems could conceivably augment human surveillance of dynamic workplace
conditions, but exploration of this possibility requires a deeper understanding of the cues used by
frontline RNs to detect meaningful change in the workplace than is currently available in the published
literature.

Purpose

The objective of this study was to elicit registered nurse (RN) knowledge of workplace “cues” that
characterize time periods of stretched care capacity. For purposes of this study, stretched care capacity is
defined as a variable length period of time in which aggregate patient need (service demand) exceeds RN
availability (service supply). Knowledge contributed by RNs in this study will lay a foundation for
identification of temporal markers of uneven supply and demand which may facilitate earlier detection
and proactive response to changing workplace conditions.

Methods

Design

A qualitative descriptive design was selected to elicit knowledge from experienced frontline RNs about
perceptible workplace activity changes that occur during times of stretched care capacity. A qualitative
approach offered the opportunity to gather rich data from participants and to build foundational
knowledge about how variation in patient demand across the minutes and hours of a shift may be echoed
by changes in patterns of activity on hospital patient care units.

Participant selection and ethical considerations

A purposive sample of experienced RNs was recruited from an academic medical center in the Pacific
Northwest of the United States. Recruitment criteria included a minimum of two years of work experience
in the hospital setting and current employment as a dayshift bedside RN on a medical-surgical or medical
intensive care unit (MICU). Unit managers and nursing leaders were excluded from participation to
encourage open dialogue. A medical-surgical and an intensive care unit were selected to represent a range
of RN work experiences and patient populations. Dayshift RNs were recruited to scope the study to a
single shift and foster rich dialogue between participants who share similar temporal rhythms.

Participants were recruited via an oral presentation at a unit meeting, workplace flyers, and e-mail.
Participants expressed interest in the study via e-mail or a physical sign-up sheet. Participants meeting
study criteria were accepted on a first-come first-served basis to a maximum of seven RN registrants per
session. A single participant was lost to attrition prior to focus group sessions.
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Ethical considerations

The study protocol, STUDY00015760, was reviewed and approved by the Oregon Health & Science
Institutional Review Board prior to initiation of the study. All participants provided verbal consent to
participate in an audio recorded focus group session. RNs were off-duty during the study and were
remunerated for their time.

Participant characteristics

A total of 19 day shift RNs participated in one of four focus group sessions. Four to five participants,
representing 3 — 40 years of RN experience, participated in each session. Nine participants worked on a
medical-surgical unit, and ten participants worked in the MICU at the same medical center. All participants
reported working 12-hour work shifts, and 94% of participants were female. Four focus groups were
deemed sufficient given role-based homogeneity of participants, a focused research topic, and
achievement of data saturation.

Data collection

Data were collected during four 90-minute audio-recorded focus group sessions. A note taker captured
participant identification and the first few words of sentences to facilitate participant attribution in
subsequent written transcripts. Data collection occurred during July and August of 2017. Sessions were
facilitated by Dana Womack and co-facilitated by Nancy Vuckovic. Both facilitators have training and
experience in qualitative research. Participants were made aware that facilitators’ motivations include
generation of new knowledge that can be used to improve patient safety and the work experience of
nurses. Prior to use in data collection, the focus group interview guide was piloted with seven 4th year
nursing students. The pilot session resulted in minor modifications to the interview guide. Pilot data were
not included in study analyses.

Focus group procedures

An overview of the study, including risks and benefits of participation, was provided at the beginning of
each focus group session and all participants provided verbal consent to participate. As an informative
icebreaker activity, participants were invited to draw the workload trajectory of their last shift (Figure
3-1), utilizing proposed definitions of levels of stretched care capacity (Table 3-2) adapted from states of
resilience,® efficiency-thoroughness principle,® and stress-strain plots.? Participants were informed that
elevated demand related to natural or man-made disasters was beyond the scope of the current study.
Participants added emoji stickers to the “last shift” artifact to represent their work experience, and
verbally shared the story of their last shift with the group.

Next, participants were invited to recall a time when they were “really stretched” followed by group
discussion of RN actions and activity changes that occurred during those time periods. Facilitation of focus
group discussions involved asking open ended questions about telltale signs of a good shift, cues that RNs
are experiencing work overload, and work adjustments made to meet the demands of a situation, as
contained in the interview guide (Supplementary materials, Exhibit A). Occasional prompting questions
were used to obtain additional detail. RNs had no difficulty recalling a time period when they were “really
stretched”, and participants engaged in lively dialogue. Interactions between participants included
sharing common experiences, asking questions to better understand another’s perspective, and
occasionally highlighting differences in work experiences. Several nurses described situations involving
clinical emergencies, but most nurses described time periods of increased patient demand that did not
include patient emergencies.

Interpretation of data
Audio recordings were transformed into written transcripts using Express Scribe transcription software. A
coding template was constructed through individual coding of the first participant session by Dana
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Womack, MS, RN (DW), Nancy Vuckovic, Ph.D., and Linsey Steege, Ph.D., who possess complementary
backgrounds in nursing informatics, medical anthropology, and industrial engineering. Individual coding
was followed by consensus-building deliberation and template revision. A final coding template consisted
of 9 themes within 4 topic categories (Table 3-1). All focus group sessions were coded by DW using the
final coding template (Supplementary materials, Exhibit B) and Quirkos®®? qualitative analysis software.

Temporal shift rhythms Proactive work strategies Flexible resources Definition of stretched care
Demand bursts Reactive work strategies Professional culture capacity
Signs of stretch
Signs of manageability
Table 3-1. Focus group coding themes

Results

In focus group discussion, participants described a dynamic workplace in which workload can vary across
minutes and hours of a patient care shift. During the “last shift trajectory” exercise (Figure 3-1) nearly all
artifacts spanned 2-4 workload levels (Supplementary materials, Exhibit C). Levels most frequently
included in participant drawings were “Nominal” and “Stretched”. Emoji stickers used in the lowest
workload level most often reflected a happy facial expression, while emoji stickers used in the highest
level most often reflected expressions of frustration or fatigue (Supplementary materials, Exhibit D).

Figure 3-1. Example “Last Shift Trajectory” artifact as drawn by Participant 10
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Definitions of levels of stretch

Participants were provided with draft definitions of levels of stretched care capacity, summarized in Table
3-2. RNs in all focus groups agreed that “nominal”, “stretched”, and “really stretched” levels are
frequently experienced in everyday clinical care. Several participants stated that they always feel
stretched at work. One nurse suggested that there should be an additional level, specifically for patient
decline, between the categories really stretched and calamity. Another RN suggested striking the phrase
“no reserve for emergencies” as hospital code teams are nearly always available to respond to patient
emergencies. Several nurses suggested that “prioritization of efficiency over thoroughness” applies to
both the “stretched” and “really stretched” levels. Others commented that although “trade-off” and
“prioritization of efficiency over thoroughness” are accurate and descriptive, these terms may be
unfamiliar to nurses.

Calamity Altered mode of functioning in response to a disaster-level event
Really Narrowed RN focus on most important tasks, prioritization of efficiency over thoroughness,
Stretched | loss of adaptive capacity, no reserve for emergencies
Stretched = Not enough time or resources to meet workplace demand, trade-off decisions may be required
Nominal Can meet workplace demand with available time and resources
Slow More time/resources available than are required

Table 3-2. Proposed definitions of levels of stretched care capacity
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Temporal shift rhythms

Participants described temporal shift rhythms that
were largely shared across the post-surgical and
intensive care settings. RN discussions and “last
shift” artifacts portray an intense work period from
7:30 am to 11:00 am. Major activities during
morning hours include medication administration,
patient assessment, and clinical documentation.
The 11:00 am to 3:00 pm timeframe is characterized
by patient discharges and a decreased nurse-to-
patient ratio as RNs take turns rotating off the unit
for a meal break. Admissions typically begin late
morning and continue throughout the shift. Brief
lulls may occur around 11:00 am or 2:00 pm.

Participants described four peak medication
administration times that coincide with pharmacy
policies for scheduled medications. Pro re nata

P2: “Sometimes I’'m having a great day, and all of a
sudden it gets busy for 20 minutes, so | procrastinate
those meds for 45 minutes.”

P8: “So you need to get next door to see if that really
is v-tach, or if your patient just scratching themselves.
And you look outside, cuz you’re with somebody on the
commode and there’s nobody there, so you quick take
off your gloves and wash your hands, run next door
really quick to check the patient, silence the alarm,
then take off your gloves and wash your hands really
quick to get back to make sure they haven’t gotten off
the commode. Those are the times that people can fall,
and you have two patients that are at risk. What do
you do?”

(PRN) medications are administered as needed for symptom management. In late afternoon, RNs conduct
additional assessments and complete nursing care plans, followed by end-of-shift activities such as
recording intake & output and writing hand-off notes. Response to emergencies, collaboration with other
members of the care team, implementation of new provider orders, mobility, turns, toileting, checking
post-void residuals, hygiene care, and many other activities were described as activities that occur on a

rolling basis throughout the entire shift.

In all focus groups, RNs noted common times of day that
are particularly vulnerable to stretch. Nurses described
mid-morning and end-of-shift as times of peak demand,
with 8:00 — 10:00 am being the worst time of day for
unexpected events to occur (e.g. pain crisis, abnormal
vitals, or patient deterioration), “because we all know that
if you get behind [during the] morning, you’re just
scrambling for the rest of the day.” One participant
compared the start of dayshift to “Double Dutch” with
many concurrent demands for time and attention layered
atop time-sensitive shift routines such as 09:00 am
medications.

Nurses described the effect of meal breaks on their work,

Participant P5:“The morning is usually a very
busy time, because [each of us has] 4 patients
that need something right off the bat. There’s
usually new orders coming in right at 6 or 7 am;
all the meds are due, somebody needs
something. And right when you’re about to
leave, something else happens. And you never
know that’s when the ostomy’s going to burst
or the dressing’s going to fall off and you’re
gonna need to re-do the whole thing... You’re
just hoping that some of that doesn’t happen in
the morning when you have this long list of stuff
to do.”

noting that they do their best to address foreseeable

patient needs before providing a brief report to their

“lunch buddy” and leaving the unit. Multiple RNs reported receiving calls about patients during break,
which may result in the need to abandon lunch to address an urgent clinical situation. Nurses describe
proactively attempting to stagger their lunch breaks to minimize impact on patient care, but acknowledge
that reduced staff during meal time contributes to workplace strain.

Nurses note that “falling behind” at 6:00 pm or later is impactful because handover report can be delayed
and it becomes difficult to leave work on time. Participants acknowledge a personal desire to leave work
at the end of their shift, and also expressed awareness of their employer’s need to minimize the financial
impact of overtime. Typical contributors to stretch at the end of the shift include change in patient
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condition, the need to get caught up on clinical documentation, or late shift admissions that can result in
the need to be physically present at the new patient’s bedside during the shift change report.

Demand bursts

Demand for patient care services varies considerably across a
shift, and demand bursts, defined as clusters of time-
sensitive activities that compete for nurses’ time and
attention, can occur at any time. Workload escalation can
occur as a result of a single large event, multiple small events,
or a gradual increase in collective demand across an RN’s
assigned patients. A participant described a shift where
“every patient had just one extra thing” such as a pain crisis,
need of a nasogastric tube placement, or other tasks.

P2: “If that list gets too long and I’'m going
to have to make someone wait 20 minutes
for pain meds... I'll start to delegate out
those important things to the charge nurse,
or if I know another nurse isn’t busy, I'll call
them.

Multiple tasks requiring more than 15 minutes of uninterrupted time were noted as a precursor to “falling
behind”. In all focus groups, RNs discussed challenges and stress related to being pulled in multiple
directions at the same time. Demand bursts are particularly impactful when RNs are occupied with
activities that involve safety risk to patients if interrupted. Demand bursts that create unsafe situations or
an inability to provide high-quality care are associated with feelings of frustration and guilt. Several nurses
discussed a gap between their expected RN work experience as students and the lived experience as a
professional RN, noting that nearly all available time is consumed by time-sensitive tasks which crowd out
time for therapeutic patient interaction and whole-person care.

Nurses in multiple focus groups described a “list of things in my head” that is dynamically reprioritized as
RNs become aware of new care demands. Nurses describe a rapid acceleration in work tempo concurrent
with growth of a backlog of outstanding tasks. Navigation of a time crunch is followed by a recovery time
period, in which the backlog of accumulated tasks is cleared. One participant noted that the recovery time
may be longer in duration than the initial demand burst.

Signs of manageability
Participants were invited to share signs of manageability, in

addition to signs of stretch. The most frequently reported pi15: “/ got to eat lunch, yeah, just 30

characteristic of a “good shift” is the ability to address self-
care needs including hydration, taking a meal break, and going
to the restroom. A quoted interchange between RNs (sidebar)
describing a good shift is illustrative of participant responses
and affirmation of shared experiences.

Additional signs of a manageable shift include patient

minutes”. P19: “Got to go to the bathroom
when | needed to.” P15: “Yeah.” P18:
“Charting in real time” (laughs) P15: “Oh,
that’s a dream!” P18: “It’s wishful thinking,
but if you DID, then you would know that is
the best day ever (laughs).” P19:
“Appropriate answer.”

assessments that are completed and charted before noon,

availability of flexible resources such as a charge or support

nurse when needed, and getting off work on time. Nurses describe the atmosphere on a good shift as
pleasant, and noted that nurses may engage in short social conversations (e.g. “How was your weekend?”)
between care activities.

Signs of stretch

Participants described commonly experienced workplace changes that occur when patient demand
exceeds available capacity at the nurse, nurse assignment, and patient care unit levels, as summarized in
Table 3-3. Environmental cues include an empty nurse station or hallway when all staff are busy at the
bedside, or staff “ping-ponging” between rooms due to frequent task switching. RNs notice that patient
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call lights ring for longer periods of time during times of stretch, and that they are asked to do something

every time they sit down to chart.

Specific events can signal sudden change in service demand,
such as a code blue event on a medical-surgical unit or arrival of
a “crashing admission” in the MICU. Nurses report that patient

P4: “There are times when | stick my head
out the door, look left, look right, look at
the charge desk and there’s no one in sight.

And then | start calling people, and then |
keep getting ‘Well, we just got an
admission’ or they’re on a call, or, and
that’s when you kinda go, ‘OK, what is the
highest priority here?’ And you know, first,
vs. emergent, something that could be
potentially life threatening immediately, vs
something that needs to get done, and you
have to really start sorting out and
prioritizing.”

emergencies can fully consume the attention of the assigned
nurse until they are resolved. In the intervening time, care needs
of other patients assigned to the affected RN must be met by
the charge nurse or other RNs who step in to help. Several
nurses noted that low census shifts are often more difficult than
high census shifts because the nursing assistant and health unit
clerk roles may go unstaffed.

RNs report that medication profiles contain cues about
anticipated patient demand. For example, patients taking
lactulose and rifaximin in combination typically have a diagnosis
of hepatic encephalopathy, and are likely to have cognitive deficits related to severe illness in addition to
frequent diarrhea as a side effect of therapy. Some signs of stretch are internally experienced by RNs and
therefore are not readily observable to others. Examples include being hungry or thirsty due to missed
meals, physical discomfort related to lack of bathroom breaks, or feeling tense, anxious or frustrated as a
consequence of being pulled in multiple directions at once.

RN activity Activity within an RN assighment Patient care unit activity
— Frequent task — Multiple discharges and admissions, — Staff visibly “ping-ponging”
switching especially when clustered in time between rooms
— Unable to sit down — Presence of notable patient — Increased communication
to chart characteristics e.g. delirium, incontinence  — Occurrence of code blue or rapid

response call

Reduced support staff in times of
low patient census

All staff occupied in patient rooms
creating an empty nurse station or
hallways

Delayed response to patient call
lights and telephones

Multiple late medications

Perception of
forgetting things
Physical discomfort
e.g. fatigue, lack of
breaks

Experience feelings
of stress or
frustration

or high psycho-social needs

Frequent patient requests for PRN
medications

Multiple tasks that require 15+ minutes
each, especially when clustered in time
Multiple patients that require 2-person
turns, clean-ups, transfers, or ambulation
Administration of specific medications in
combination (e.g. Lactulose and rifaximin)
Table 3-3. Signs of stretch at the RN, patient assignment, and patient care unit levels

Proactive work strategies

RNs describe planning their work within the context of larger temporal patterns and landmark events. For
example, RNs report attempting to complete assessments, medications and charting for current patients,
and take a lunch break before their first admission arrives. RNs may perform assessments or pass non-
time-critical meds early to make time for an upcoming admission, using clinical judgment to smooth
demand peaks while minimizing risk to patients. RNs maintain awareness of time intervals for recurring
tasks such as patient turns, vitals, and pain medication as a background mental task. If a lull in activity
occurs, RNs typically use that time to rehydrate or take a bathroom break.

Reactive work strategies
RNs report that they frequently encounter conflicting priorities and competing demands for time.
Participants described reactive work strategies that enable them to sustain essential care delivery during
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times of severely stretched care capacity. One nurse’s
statement succinctly captured work strategies
articulated by multiple participants across all focus
groups (sidebar).

During times of stretch, nurses consistently described
prioritizing critical, time-sensitive tasks over other
activity. Nurses in all focus groups report that there is
frequently more work to be done than time available to
do it. In times of stretched care capacity, an RN may
recruit another RN or the charge nurse to help with
focused tasks such as passing medications. Participants,
who possessed at least 2 years of experience, noted that
“asking for help” is something that requires practice,
and is not always easy to do under stressful
circumstances because it takes effort to sort through a
mental list of outstanding activity to identify a task that
is appropriate to “peel off” and give to someone else.

The majority of reactive strategies reported by nurses

P3: “[When really stretched] I will stop offering
help to other people. | will stop trying to build
rapport with my patients. | will just do the
essential things. | will either defer or decrease
explaining what I'm doing to family... I will defer
assessments on the patient who is not as sick, so it
might be an hour late. 1 will defer clean-ups
unfortunately, or they may be late. If someone is
having a blood pressure crisis in this room, the
other patient might have to sit in [waste] for a
while. And it feels bad, but that is just what has to
happen. Meds may be late. Charting will definitely
be late. I will generally skip a hand-off note,
breaks, bathroom time for me, and turning and
mobilizing my patients. And then activities that
stay the same would be essential patient care. So
like 7’m probably not going to clean their foley as
much. I'm going to do what I have to do to keep
them alive and that may be it.”

were common across all focus group discussions (Table 3-4). A small number of strategies were discussed
in a single focus group session but are included because of their salience to patient safety. These work
strategies are distinguished with an asterisk. Participants state that they do their best to avoid strategies
such as delaying care, shedding tasks or performing work less thoroughly because use of these strategies
can result in decreased quality of care or adverse patient outcomes. However, avoidance is not always
possible and RNs provided examples of ways in which they attempt to minimize risks to patients within
reactive work strategies, such as choosing to delay a daily aspirin or skin cream rather than a timed

intravenous antibiotic.

Recruit resources

— Ask for help e.g.
charge nurse, rapid
response team

— Alert providers to
changing patient
conditions -

— Skip meals or
breaks to create
more time

— Work overtime

Move work in time
Administer medications —
early or late

Postpone deferrable -
tasks e.g. dressing
changes

Walk past a call light, or
ask patients to wait
Obtain after-the fact co-
signs for drip changes -

Shed tasks

Delay or skip patient
turns and ambulation
Minimize —
documentation &

care planning

Delay or skip patient
hygiene tasks e.g.

oral, foley care

Stop offering task
assistance to others

Perform tasks less thoroughly
— Minimize patient teaching or
therapeutic interaction
Reduce room checks on less
acute patients

* Stop making suggestions re:
care advancement to
providers

* Skip labeling things e.g.
intravenous tubing

Table 3-4. Reactive strategies employed when patient needs exceed caregiver capacity

* Discussed in a single focus group
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System flexibility

RNs consistently described the role of charge nurse as a
flexible resource they call upon in time of need. Hospital-
wide flexible resources, such as code blue and rapid response
teams, are available for clinical emergencies. Hospital
security is asked to assist with patients or family members
posing safety risk to themselves or others. Flexible resources
can vary by unit type. The MICU has a support RN whose
primary role is to address clinical emergencies. The post-
surgical unit utilizes 1-2 certified nursing assistants to assist
with vital signs and activities of daily living. Nurses describe

P1: “We have a way of asking... the first
person you ask is the certified nursing
assistant (CNA) if it’s a toilet thing. Second,
you ask the other CNA. If the other CNA is not
available, you ask the [patient’s assigned]
nurse, and if they’re both not available, you
ask the charge nurse.”

unwritten rules about how task delegation is managed (sidebar).

Professional culture

Participants describe feeling completely responsible for their
assigned patients, and noted that RNs are often reluctant to
ask for help for a variety of reasons, including the need to
demonstrate professional competence. RNs in all focus
groups noted that reluctance to ask for help is a common
characteristic among nurses. Charge nurses discussed the
need to get to know nurses’ personalities in order to
understand how best to offer help to nurses in the future.
Participants noted that while most nurses are grateful for
offers of help, some nurses may interpret an offer of help as

P3: “Sometimes there’s the worry of ‘Am I
the person who'’s sucking up the resources on
the unit?’ I don’t want to be the person cuz
then you're like, ‘Well, are they thinking I
can’t handle my assignment?’... I think
nursing attracts people with personalities
that are a lot of times Type A, or like gung
ho, or like yeah, yeah, yeah. We just keep
saying yes, | can do that, | can do that, | can
do that. And then it’s like, (whispers) ‘NO,

a suggestion that they cannot handle their patient load. RNs Y% ¢t

described the existence of unwritten expectations

surrounding shift change, including the expectation that outgoing RNs will leave patients in an orderly
state and avoid passing on tasks that require10-15 minutes to complete, e.g. straight catheterizations or
incontinence cleanups.

Discussion

In this study, experienced RNs explained how they adjust work to meet variable patient demand, often
looking no further than their last shift worked to find examples of stretched care capacity. Aggregate
tracings of participants’ “last shift trajectory” exercise indicate that workload is highly variable within a
single patient care shift, and the fact that most participants drew curved lines through multiple workload
levels suggests that RNs perceive workload as a continuum rather than distinct categorical states.

RNs concurrently work as individuals & interdependent team members

RNs carry primary responsibility for assigned patients, but events within a single patient care assignment
can have ripple effect across the entire local nursing work system. For example, an RN will devote his or
her full attention to a patient whose condition has suddenly deteriorated until the situation is resolved.
During this time period, other patients assigned to the affected RN must wait to have their needs met, or
rely on other RNs to leave their assigned patients to help out. The charge nurse may need to defer system
planning tasks to provide direct patient care, leading to effects at the entire patient care unit level. This
phenomena is consistent with what has been described as “coupling" between interdependent parts of a
system.” 8 Coupling between system components may explain RNs’ observations that unexpected tasks
of 15-minute or more durations can be especially impactful during morning hours, which are concurrently
filled with activities including shift change, vitals, glucose checks, morning assessments, 9:00 am daily
medications, and provider rounds.
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RNs recognize common workplace signs of stretch

Through daily experience as frontline caregivers, hospital RNs develop awareness of workplace
characteristics and activity changes that occur during times of stretched care capacity (Table 3-3).
Heuristic signs of strain span work that is both directly and indirectly patient related, which is consistent
with previous research that indicates that patient characteristics do not represent the full breadth of
activities comprising RN workloads.*? Personal breaks, clinical documentation, and medication
administration are among the first activities to be impacted by increased workload. RNs reported that it
is not uncommon to work past the end of their shift to complete necessary activities, which is consistent
with a previous finding that nurses start work early, or leave later than scheduled on the majority of shifts
worked.3®

Participants in this study described clinical documentation as a necessary but deferrable activity, which is
consistent with findings from previous focus group interviews with frontline RNs who described clinical
documentation as a “bottom of the stack” activity (Emily Patterson, personal communication, Nov 13,
2017). The ability to sit down to chart signifies that a shift is going well enough to allow performance of
documentation tasks in near real-time, which participants viewed as a luxury. Documentation time
doubles as an opportunity to rehydrate and take a break from standing, suggesting “sitting down to chart”
has a connection to employee wellbeing in addition to immediate task-related goals.

In urgent clinical situations, RNs engage the rapid response or code blue team as a flexible system
resource, but for routine fluctuations in demand, the charge nurse or RN colleagues serve as a “go-to”
resource for help. Frequent administration of medication by RNs to un-assigned patients signifies that one
or more RNs is experiencing overload. However, this may be a relatively late sign of stretch, as participants
acknowledge a cultural reluctance to ask for help. RNs feel responsible for meeting all the needs of all
assigned patients, and the want to maintain a reputation for being able to handle one’s patient load,
which is consistent with past descriptions of a “supernurse” culture in which RNs perceive that they should
be invulnerable to fatigue, and deliver excellent patient care through individual effort.

RNs describe adaptive strategies that are used to modify work during times of stretch

Under time and production pressure, staff unavoidably make trade-off decisions between being thorough
and being efficient, as it may be impossible to be both.®! Time-sensitive needs emerge against a backdrop
of daily routines and expectations regarding baseline activity that must occur each shift. Complex socio-
technical work systems rely on frontline employees to continuously adapt to ever-changing situations and
resolve discrepancies between policy and practice at the point of care.” The resultant complexity of nurse
work systems demands a professional, rather than industrial, management approach that acknowledges
RNs as knowledge workers who routinely employ clinical judgement to guide their work and provide
quality care.®

Participants described use of reactive work strategies (Table 3-4) that are adopted out of necessity when
RNs are needed in more than one place at the same time, when unexpected situations lead to new time-
sensitive and high-priority tasks, or when the general volume of required care activity exceeds available
time and capacity. The reactive strategies described by participants align with the four basic ways that
people respond to bottlenecks: move work in time, recruit more resources, do less, do all less thoroughly
(Woods, personal communication, Nov 15, 2017), and with care management strategies described by
Ebright, including “stacking” of activities, forward thinking, proactive patient surveillance, strategic
delegation, and stabilizing and moving on>®

Participants describe use of clinical judgment in prioritizing tasks such as management of a blood pressure
crisis over activities such as patient ambulation or dressing changes, which is consistent with previous
descriptions of cognitive stacking an prioritization in nursing.>* Activities that are unlikely to result in
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immediate injury, such as delaying a patient turn or a tubing change, become frequent targets of task
shedding, an adaptive strategy described in previous research.”® Administering medications early or late
enables RNs to cluster activities’ for efficiency or move work in time to make time for other priorities,
such as performing an assessment on a new patient. Skipping meals or breaks to “create” additional time
for care is consistent with previously identified coping strategies.?> Care activities impacted by the reactive
work strategies described in this study have notable overlap with omitted care activities described in
“missed nursing care” literature.3® Overlapping examples including reduced time talking with or educating
patients, developing or updating nursing care plans,* 8 missed oral hygiene, skin care, delayed
medications and reduced patient surveillance.?

Activity change & adaptive performance as heuristic signs of strain

High reliability organizations “recognize that the earliest indicators of threats to organizational
performance typically appear in small changes in the organization’s operations,”* but hospitals lack data
and methods to assess changes in granular patterns of activity and workplace characteristics as they occur
in time. Several meaningful changes were discussed in both the context of a good shift and the context of
reactive work strategies. For example, taking breaks and leave work on time were identified as a signs of
a “good shift” while skipping breaks and working overtime was described as a reactive work strategy. The
opposite nature of these workplace characteristics suggest that they may be particularly useful as
candidate markers of uneven supply and demand.

Implication: Potential to create computable metrics that echo heuristic signs of strain

In recent years, there has been a proliferation of electronic systems in the hospital setting that produce
large volumes of temporal data about granular care activities such as medication dispensing, use of
communication systems, supply utilization, and many other activities. Much of these data are produced
in real-time as a natural byproduct of human-machine interaction, rather than intentional — and
potentially delayed — human action. These data may contain echoes of meaningful activity change, and
may expand the types of data used in delivery system research and future early warning systems.

For example, empty nurses’ stations or hallways, as identified by participants as a sign of stretch, may be
detected through analysis of streaming data from motion sensing or locating tracking devices. Asking a
charge nurse for help dispensing medications, identified by participants as an adaptive work strategy, may
be detected through near real-time analysis of medication dispensing data. Future dynamic monitoring of
ever-changing workplace conditions may offer actionable insight that can improve bedside care and the
work experience of nurses. Some specific examples inspired by heuristic signs of strain reported by
participants in this study, are summarized in Table 3-5.

Type of  Heuristic sign of Potential data Expected conceptual activity change
change strain source under strained conditions
Activity  Inability to sit EHR log files Under strain, would expect fewer electronic health record (EHR)
change  down to chart entries early in a shift and more frequent, longer “batching” of
clinical documentation near the end of a shift
Activity  Staff “ping- Location Under strain, would expect more frequent room changes, trips
change  ponging” between tracking data  up and down the hall, and shorter duration of time in a single
rooms location than is typical for a unit
Activity  Walk past a call Nurse call light Under strain, would expect more frequent call lights as RNs are
change light, or ask data less able to proactively meet patient needs, and longer durations
patients to wait of call lights than is typical for a unit
Adaptive Recruit resources Medication While RNs routinely pass medications to non-assigned patients
strategy by asking for help dispensing during lunch time, under strain, would expect to see increased
passing transactions cross-assignment medication activity during other times of day
medications
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Type of  Heuristic sign of Potential data Expected conceptual activity change

change strain source under strained conditions
Adaptive Move work in time Medication Per policy, medications are to be administered within the 30
strategy by adjusting timing dispensing minutes before or after their scheduled time. However, some
of medication transactions medications, such as a daily aspirin or daily skin cream, are not
administration highly time sensitive. Under strain, an RN may choose to

administer non-time sensitive medications early or late to help
level load work.

Adaptive Shed tasks by Clinical Under strain, would expect to see fewer entries related to

strategy skipping patient = documentation hallway ambulation than is typical for a specific patient, or for the
ambulation patient’s clinical pathway

Adaptive Perform work less Location Under strain, would expect to see increased unevenness of room

strategy thorough by tracking data  entry across an RN’s assigned patient rooms than is typical within
reducing room patient assignments

checks for less

acute patients
Table 3-5. Example data sources and conceptual activity changes as heuristic signs of strain
In research, there is a need to study adaptive performance of work in the context of safe and effective
care, in addition to the context of error®” as performance variation is neither categorically positive or
negative. As concrete expressions of an organization’s response to elevated service demand and
workplace disturbances, activity changes and the use of adaptive work strategies may serve as early
signals of work system strain. Example data sources and expected changes under strained conditions
(Table 3-5) illustrate the process of creating computable activity features from operational data that exists
in the patient care unit environment. Digital echoes of heuristic signs of strain may facilitate development
of workplace indicators that have potential to provide information about what is happening “in
intermediate stages of a processes before outcomes change significantly, so that management can take
actions to forestall adverse outcomes.”® In this way, future near real-time workplace monitoring may
augment current methods for assessing resource adequacy such as nursing hours per patient day and
nurse-to-patient ratios; 8 neither of which capture moment-to-moment fluctuations in service demand.

Limitations

Known limitations of this study include data collection at a single site that utilizes a primary care nursing
model, which may limit generalizability of findings to other settings. Focus group participation was scoped
to the role of RN, which is a central role in care delivery in the hospital setting, but future studies will
benefit from inclusion of providers, nursing assistants, social workers, therapists and other healthcare
team roles. As is true for any recall methodology, discussion of past workplace events carries potential for
participant recall bias.

Conclusions

Aggregate patient demand can change across short periods of time, leading to workload fluctuations
within a single patient care shift. RNs adapt to times of stretched capacity by employing adaptive work
strategies to recruit resources, move work in time, reduce work, or prioritize efficiency over thoroughness.
Knowledge contributed by RNs in this study provides a clinical foundation for future identification of
temporal markers of uneven supply and demand which may facilitate future dynamic workplace
monitoring and proactive management of changing workplace conditions.
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4. Secondary analysis of ambient hospital data to improve observability of
granular workplace activity

Abstract

Caregiver overload is a longstanding but current issue facing hospital leaders as overload can affect care
quality and the experience of patients and clinicians. Ambient data, automatically produced by hospital
operational systems has not yet been evaluated for its potential to support advanced workplace analytics.
The current study demonstrates feasibility of secondary use of ambient data to improve visibility of
workplace characteristics, caregiver activity, and helping behaviors in an intensive care setting.
Visualization and summary statistics of extracted activity features provide insight into potentially
meaningful activity patterns, such as an increased rate of medication administration across RN-
assignment boundaries on shifts with unplanned overtime. Increased visibility of workplace activity can
foster new questions about everyday clinical care and support improvement efforts focused on avoidance
of caregiver and work system overload.

Introduction

The quadruple aim challenges hospitals to improve clinical outcomes, enhance patient experience,
reduce cost, and improve clinician work experiences.® Hospitals are incentivized through payment
structures to improve patient-related outcomes and experience, but financial incentives to improve
healthcare worker outcomes and experience are lacking. However, penalties for patient dissatisfaction
and reduced quality may provide indirect incentives to improve the work experience of clinicians, as
past research has demonstrated links between care quality, patient experience, workload, burnout, and
staff turnover.30-3%.78.90.91 Although hospital improvement efforts often target patient or clinician
outcomes separately, improvement efforts focused on maintenance of reasonable workload have
potential to concurrently improve both patient and clinician outcomes.

Background

Local work systems become strained when patient demand exceeds caregiver capacity. Patients
assigned to the same registered nurse (RN) share that RN’s time and attention. Increased needs of one
patient can reduce time available to other patients, leading to missed nursing care.®? Nurses navigate
demand bursts by employing adaptive work strategies, such as asking another RN for help or
rescheduling tasks in cases where a delay is unlikely to cause harm.*® Identification of activity patterns
associated with adaptive work strategies and work system strain may provide a foundation for
workplace monitoring and early warning of work system compromise.

Hospital leaders do not currently have access to data that summarizes granular care activities
undertaken by staff persons on individual work shifts. The volume of nurse call lights, communication
events, medications issued per shift, and many other possible features are not routinely reported or
reviewed as part of the management of everyday clinical care. Hospitals typically assess adequacy of
nursing services by evaluating hours of care available to patients in aggregate. For example, nursing
hours per patient day (NHPPD) is a frequently utilized metric calculated by dividing the sum of nursing
hours worked during a 24-hour period by the count of patients present at midnight.”* Although NHPPD
provides a helpful estimate of time available to patients, as a whole-day metric NHPPD is unable to
capture dynamic fluctuations such as peaks and valleys in patient census across the day, or variation in
demand across an RN’s assigned patients.

Operational information systems present in nearly every hospital include a time and attendance system,
automated medication dispensing cabinets, nurse call, and staff communication systems. These systems
produce transactional records and log file events on a continual basis as staff and patients interact with
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them. However, these data have not yet been analyzed for their potential to provide enhanced visibility
of granular activity or actionable workplace insight.

Purpose

The purpose of this study is to perform secondary analysis of ambient hospital data by defining, extracting
and evaluating a pilot set of summary activity features to reflect granular activities of care and use of
adaptive work strategies on hospital patient care units. For the purposes of this paper, ambient data is
defined as digital footprints left as a result of human-computer interaction in the workplace.

Methods

Study site: The study site is a 16-bed medical intensive care unit (MICU) in a large academic medical center
in the Pacific Northwest. Over 100,000 ambient data records produced by operational systems during a
one-year time period were exported from selected operational information systems, representing the
activity of 164 individual day shift RNs who provided care to approximately 1,400 patients in the year
2016. The study protocol was reviewed and approved by the Oregon Health & Science University
Institutional Review Board.

The CRoss-Industry Standard Process for Data Mining (CRISP-DM)! was employed to identify real-world
activities that are reflected in ambient data, define features, and evaluate differences in activity across
defined outcome states. The CRISP-DM process supports the use of mixed methods, which are described
for each process step in Figure 4-1.

CRISP-DM Process step: 1. Business Understanding of heuristic signs of strain 2. Data Understanding
Adaptive work strategies Activity change
- Environmental scan of data sources
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Figure 4-1. CRISP-DM process steps and key study activities

Step 1 - Business Understanding: Qualitative interviews were used to elicit real-world signs of strain from
frontline caregivers and to elicit input from the study’s Technical Expert Panel.

Step 1 - Data Understanding: An environmental scan was conducted to identify operational systems that
produce data relevant to real-world signs of strain.

Step 3 - Data Preparation: Database design principles were used to construct a data model to facilitate
aggregation of ambient data. RN-Patient pairings, required to analyze activity at the RN-patient
assignment level, were derived from time and attendance and medication dispensing data. The accuracy
of derived RN-patient assignment dyads was evaluated through manual comparison of derived dyads to
actual dyads contained in historical scanned paper assignment sheets.

Step 4 - Modeling: At least one shift-level feature model, based on the results of the Business
Understanding step, was defined for each category of activity undertaken by nurses in everyday clinical
care. Feature models were applied to ambient data representing MICU day shifts for the entire year 2016.
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Step 5 - Evaluation: A technical expert panel (TEP) provided input throughout the study. Inclusion criteria
for the TEP included employment at the study facility, clinical expertise, detailed understanding of patient
care delivery practices, and care transformation experience. The interdisciplinary TEP consisted of eight
hospital representatives spanning two adult patient care units, clinical quality, nursing administration,
process improvement, internal medicine, and clinical informatics. Welch’s t-test was used to evaluate
mean differences in activity features across TEP-defined outcome states.

Step 6 - Deployment: Integration of study findings into hospital work systems is beyond the scope of the
current study.

Results

Business Understanding: Frontline RN’s heuristic knowledge of workplace signs of strain was elicited
through qualitative focus group interviews, reported separately.’® A subset of RN-provided insights were
used to provide clinical grounding and focus the scope of this feasibility study (Table 4-1).

Activity Category Qualitative RN insight

Patient volume RNs must cover unit clerk and patient care assistant duties on low census days
when these roles are left unstaffed.
Staff experience Experienced nurses are comfortable asking for help and have confidence in

rescheduling tasks that are unlikely to cause harm if moved in time.

Patient continuity Patient familiarity reduces effort required to build rapport and learn patient
histories.

Medication events |Under times of strain, RNs recruit resources by asking other RNs to help them
with specific tasks, such as administering a pain medication for a patient.

Communication Demand spikes can be accompanied by an increase in the rate of phone calls.

events

Nurse call events In times of strain, nurse calls may ring for longer durations before they are
answered.

Breaks When stretched, RNs frequently skip meals or breaks to create additional care
capacity.

Table 4-1. Exemplary real-world signs of strain articulated by frontline RNs

Data Understanding: Multiple operational systems produce data relevant to granular care activity,
including medication dispensing cabinets, time and attendance, nurse call, and staff communication
systems. Over 100,000 ambient data records were extracted from four operational systems for a one-year
timespan (Table 4-2) for the MICU.

System Issued medications|Time & Attendance| Nurse Call |Communications| Total
Record count 49,595 11,935 14,527 34,592 110,649
Table 4-2. Ambient records for four MICU operational systems, for day shift during the year 2016

Data Preparation: To scope the study to shifts with common work rhythms, analysis was limited to MICU
day shift activity. A data set was constructed from ambient data exported from the operational systems
listed in Table 4-2. Because ambient data are originally produced to support back-end reporting for
individual operational systems, it may lack common identifiers, employ multiple date and time formats,
and contain missing or incomplete data. Detailed steps required to aggregate and normalize ambient data
are documented separately.®*

Entity type Patients RNs Derived RN-patient dyads
Distinct entity count 1,408 164 5,152
Table 4-3. Unique day shift patients, RNs, and RN-patient dyads derived from MICU ambient data
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Although the study team identified the need to analyze medication dispensing activity within and across
RN patient assignments, the hospital lacked a digitally archived source of patient-RN attribution data.
However, the TEP confirmed that a patient’s assigned nurse typically administers the majority of a
patient’s medications, which provided a path for derivation of historical patient assignments through
application of logic to ambient data sources. RN names were extracted from time and attendance data
and patient names were extracted from medication dispensing cabinet data to form a basis for re-creation
of RN-patient assignments for past work shifts (Table 4-3). RN-patient allocation pairs were derived by
calculating a sum of medication dispenses, by RN, for each patient for each shift. The RN with the
maximum number of medication dispenses was designated as the patient’s assigned RN.

The accuracy of RN-patient assighnment data were evaluated by comparing derived dyads to paper-based
assignment sheets for a 1-month time period. Derived dyads agreed with paper-based dyads in 393 of 450
test cases. In 29 cases, patients were attributed to a different RN. Paper assignment sheets contained 10
dyads that were not present in derived data, and derived data produced 18 dyads not present on paper.
The TEP recommended that 18 patients not seen on paper likely represent new admissions, in which case
the derived data could be more accurate than the paper. With that assumption, concordance would be
91%, but a more a conservative estimate utilizing strict match criteria is 87% (Figure 4-2).

Paper-based dyads: 432
s ' Tota}l paper-based +
];a:ﬁf-r: Method-derived dyads: 440 UZ’;?‘”"JE denved-ggltl)y dyads:
Dyads 10 Overlapping: 422 18
— Paper dyad
Match 0 Exact match: 393 0 concordance
” = . 393/432 =91%
. = O o Lo
Explanation 22 Different RN: 28 =
-2 Unassigned on paper: 1 g g Overall concordance,
Z _g Z © 393/450 = 87%

Figure 4-2. Comparison of medication dispensing-derived RN-patient dyads to paper-based dyads (best available gold standard)

Modeling: Summary activity features were defined by creating an exemplary feature model for each

activity category to demonstrate feasibility of extracting summary feature values from ambient data
(Table 4-4).

Activity Category Activity feature
Volume Total patient count
Staff experience Sum, on-duty RNs’ years of experience
Patient continuity % patients on unit the previous day
Medication events Sum, medications issued across RN assignment boundaries
Staff communication events | Average, received phone calls by RN
Nurse call events Sum, patient-initiated nurse calls
Breaks Sum, missed break hours

Table 4-4. Example activity features by category

Evaluation: Table 4-5 summarizes differences in mean activity feature values for shifts with and without
unplanned overtime as a proxy measure of work system strain. The study TEP defined unplanned overtime
as more than 30 minutes, but less than 3 hours of overtime, as overtime less than 30 minutes may be
unrelated to work system strain, and overtime greater than 3 hours is likely to be planned overtime.
Overtime greater than 30 minutes, but less than 3 hours is suggestive of an RN needing to stay late to help
resolve an urgent situation or to complete his or her work, such as clinical documentation that may have
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been postponed to the end of a work shift. Application of Welch’s t-test to mean differences in feature
values across outcome states indicates that observed differences in patient volume, issued medications
across RN assignment boundaries and missed breaks were not likely the result of chance.

Class A: 175 shifts| Class B: 191 shifts .
Category Activity feature No unplanned | Unplanned overtime Difference
n = 366 values per feature Mean  sD Mean D p-value
(t-value)
Volume Total patient count 13.65 2.33 14.33 2.33 (_'Sgsg)
Staff experience |[Sum, on-duty RN years of .060
experience 71.33 19.47 75.13 19.10 (-1.89)
Continuity % patients assigned to same RN .024
on consecutive days 725 0.104 0.700 0.110 (2.26)
Medications Sum, medications issued across .010
RN assignment boundaries 12.36 7.73 1510 8.057 (-2.60)
Communication |Average, received phone calls by 118
RN 1.77 3.55 2.36 3.65 (-1.57)
Nurse call S, (3 el 39.15  17.44 | 4018  18.48 (‘385‘;)
Breaks Sum, missed break hours <.601
0.57 0.609 0.91 0.78 (0.57)

Table 4-5. MICU mean and standard deviation (SD) values for exemplary activity features, for 2016.

Deployment: Integration of study findings into actual patient care unit work systems is beyond the scope
of the current study.

Discussion

Although generated for other primary purposes, ambient data from hospital operational systems can be
used to calculate summary activity features relevant to real-world signs of unit strain such as missed
breaks and to adaptive work strategies such as recruiting resources by asking another RN for help
administering medications. Through the application of logic, ambient data can provide a basis for deriving
additional data elements required for work system research such as RN-patient continuity across work
shifts and RN-patient assignments. Because an RN’s workload is largely determined by the aggregate
needs of assigned patients, the patient assignment is an important unit of analysis in studies of caregiver
and work system strain. Although the study site lacked digital RN-patient assignment data, RN-patient
dyads were derived with at least 87% accuracy from a combination of two ambient data sources.

In this study, a small number of activity features, representing seven categories of workplace activity,
were extracted from data exported from four operational systems. Summary statistics for several of the
activity features appear to echo RNs’ heuristic insights. For example, RNs report that they may ask another
RN for help passing medications when their capacity is stretched, and the resulting activity feature
comparison found an increase in medication-related helping behaviors on shifts with unplanned overtime
than shifts without. Similarly, the mean number of missed break hours is higher on shifts with unplanned
overtime than shifts without.

Exemplary activity features described in this study demonstrate positive potential for hospitals to conduct
more granular assessments of the supply- demand balance at the bedside than is currently provided
through whole-day, time-based metrics such as nursing hours per patient day. In future extension of this
work, additional data sources and activity features will be added to represent multiple levels of work
system hierarchy and shorter timeframes. Focus areas for follow-on research include studies of
association between activity patterns and meaningful workplace outcomes such as unplanned overtime,
staff turnover, safety, and satisfaction.
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Limitations

Not all workplace activity can be reflected in currently available ambient data. For example,
communication events can occur in person, and in-person communication events are not observable in
electronic communication log files. Similarly, not all medications administered to patients pass through
automated dispensing cabinets. The current study was conducted on a single patient care unit, limiting
generalizability of findings to other sites.

For purposes of demonstration, the current study analyzed a small number of activity features at the shift
level using historical ambient data. The current study employed unplanned overtime as a proxy outcome
for work system strain, but future studies may want to consider real-time analysis of ambient data and a
participatory research design to help transform patient care units into learning laboratories. Future
studies will require additional activity features representing multiple levels of granularity and additional
time frames.

Conclusion

This study demonstrates feasibility and potential value of analyzing operational data to enhance
observability of workplace activity. Use of adaptive work strategies by registered nurses may signal the
presence of work system strain on a patient care unit. Increased visibility of granular care activities can
foster new research questions regarding facilitators and barriers to high quality care and positive
workplace experiences. Future studies will build upon this pilot study by including additional features and
data sources, and evaluating associations between activity patterns and meaningful outcomes to build a
foundation for future monitoring and early warning of work system compromise.
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5. Secondary use of ambient data to create automated workplace insight

Abstract

Hospital clinical leaders face the discordant challenge of doing more with less, while avoiding detrimental
patient safety, workload, and economic outcomes. Demand spikes and sustained periods of elevated
patient need can overwhelm caregiver capacity, leading to the possibility of overburden and decreased
care quality. To improve observability of granular workplace activity and heuristic signs of strain, this study
articulates a method for aggregation and analysis of operational data, automatically produced by
operational systems, but currently underutilized for purposes of care improvement or research.

Guided by clinicians’ knowledge of real-world signs of strain, activity feature models were defined and
applied to over 400,000 timestamped events from four operational systems used on two patient care
units, of which nearly 250,000 represent day-shift activity as the focus of this study. Summary statistics
for extracted feature values reveal differences in activities such as medication administration, helping
behaviors, and missed breaks on shifts with and without unplanned overtime as a proxy indicator of work
system strain. Discriminative features were applied to a classifier that predicted unplanned overtime with
63.5% accuracy for a medical intensive care unit.

Introduction

Hospitals face growing pressure to increase the number of patients admitted, treated and discharged from
a facility to accommodate the needs of an aging population. Concurrently, hospitals are challenged to
improve clinical outcomes, enhance patient experience, reduce cost, and improve clinician work
experience.®> Work demand placed on clinicians is a common concern that intersects both production
pressure and the quadruple aim. Increased hospitalist workload is associated with increased length of
stay.®® Understaffed shifts and high patient turnover are associated with increased risk of mortality,*® and
nurse burnout.®® Yet pressures on hospital operating margins compel hospitals to provide care to more
patients without increasing bed counts or payroll.?® Production pressure can threaten patient and clinician
wellbeing by pushing work systems beyond reasonably acceptable workload or safety boundaries?!. High
reliability organizations recognize that the earliest signhals of system compromise typically appear as small
changes in facility operations,> yet hospitals have limited ability to monitor caregiver workload in real-
time or detect early signs of work system compromise.

Background

Clinicians continually reprioritize outstanding activity based on the urgency of patient need>* and routinely
resolve discrepancies between required and available time through trade-off decisions®! and adaptive
work strategies.” Following the basic law of supply and demand, increased needs in one patient can
reduce the time available to other patients, which can lead to missed care.’? In an era of increased
production pressure, advanced workplace monitoring and proactive intervention is needed to help
hospital managers avert patient harm, dissatisfaction, negative clinician work experiences, and
unnecessary costs.

As workplaces become increasingly quantified, it is plausible that hospitals can begin to monitor changes
in socio-technical work systems, similar to the way bedside monitors are used to detect changes in patient
condition. Interaction between clinicians and operational information systems produce a large volume of
transactional records. These “ambient data” are often buried in system log files and operational reports
and are currently underutilized for purposes of workplace monitoring. Example systems that produce
ambient data include medication and supply dispensing, communication, location tracking, nurse call, and
many other electronic systems used in care delivery. Increased production of ambient data at the bedside
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presents an opportunity for the “field” to become a “laboratory”, changing not only the way work systems
are studied, but the depth understanding that can be achieved.’

Purpose

The purpose of this study is to provide increased visibility of granular patterns of workplace activity
through liberation, aggregation, and analysis of ambient hospital data. Generated primarily as
transactional log files, ambient data contain timestamped records of workplace activities such as
medication dispensing, placing a call, or answering a patient’s call light. The method for secondary analysis
of ambient data described in this paper is applicable to multiple clinician roles; however, this study is
scoped to data sources and activity related to the work of bedside registered nurses (RNs) to demonstrate
feasibility and potential utility of the method.

Methods

The CRoss-Industry Standard Process for Data Mining (CRISP-DM)* was used to develop an understanding
of work system practices, signs of workplace strain, identification of ambient data sources, preparation
and cleansing of selected ambient data, derivation of activity features, and prioritization of features for
future workplace research (Figure 5-1). The CRISP-DM process model embraces the use of mixed methods
and iteration across process steps. Mixed methods employed by this study are described below in the
context of CRISP-DM process steps.

Study site: The study facility is a large academic medical center in the Pacific Northwest. A 16-bed adult
medical-surgical unit and a 20-bed medical intensive care unit (MICU) were selected to represent a range
of patient populations and work systems. Ambient data produced by operational systems on two adult
patient care units during a one-year time period were exported from selected workplace systems,
representing care-related activity of 450 RNs who provided care to nearly 3,000 patients in the year 2016.
The study protocol was reviewed and approved by the Oregon Health & Science University Institutional
Review Board.

Technical Expert Panel: A technical expert panel (TEP) provided input and feedback throughout the study.
Inclusion criteria for the TEP included employment at the study facility, clinical expertise, detailed
understanding of patient care delivery practices, and care transformation experience. The
interdisciplinary TEP consisted of eight hospital representatives spanning two adult patient care units,
clinical quality, nursing administration, process improvement, internal medicine, and clinical informatics.

CRISP-DM Process step: 1. Business Understanding of heuristic signs of strain 2. Data Understanding
Adaptive work strategies Activity change .
. Environmental scan of data sources
« Recruit resources ‘
SV\‘S’S:r‘n , Reschedule tasks OrR NOt'Cialble Chatr_‘g,‘: Data collection
. In wor! (\}
ztrain »Skip tasks oriplace acivity Data familiarization
* Reduce quality of work
3. Data Preparation 4. Modeling 5. Evaluation 6. Deployment
Labeling of Feature Training of a support vector
Data I binary outcome: definition, maching cIassifigaption model
aggregation unplar_med calculation, and future activity
overtime selection

present, absent [ Evaluation of predicted ]

outcome accuracy

Figure 5-1. Method for secondary use of ambient data, aligned to CRISP-DM process steps
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Business Understanding: Focus group interviews with frontline RNs were utilized to elicit unit
characteristics, activity changes, and adaptive work strategies that are present during times of caregiver
and work system strain®. Ongoing clinical input was achieved through intermittent qualitative interviews
with the study TEP.

Data Understanding: Domain expertise of the study team and an environmental scan of electronic
hospital systems uncovered hospital operational systems that automatically produce ambient data
relevant to real-world signs of strain. Pre-configured system reports were used to extract ambient data
for subsequent analysis. Targeted use of summary statistics and TEP review provided a basis for face
validity that appropriate report parameters were utilized by hospital-based information providers while
running reports.

Data Preparation: Import script logic and filtering techniques were used to clean and handle missing or
incomplete data elements across multiple ambient data sources. The research team’s clinical expertise
and data dictionaries, if available, were employed to interpret data sources, identify data anomalies, and
establish filter criteria for removal of extraneous records. Data sources lacking common patient and staff
identifiers were linked using regular expressions and manual reconciliation. Database design principles
were applied to construct a third normal form data model that aligns ambient data records in relationship
to time, group membership, and entity identity. Comparison of activity time stamps to 12-hour shift time-
spans were used to associate patients, nurses, and events to a specific patient care shift. Individual shifts
were labeled with a binary outcome of unplanned overtime present or absent based on TEP-defined logic
for unplanned overtime as a proxy indicator of work system strain. Face validity of the resulting data set
was achieved through study team and TEP review of data visualizations, raw and derived data, and
summary statistics.

Modeling: Each ambient data source was evaluated for its potential to echo real-world signs of strain as
identified by frontline RNs. Feature definition was achieved through definition of models to transform raw
time-stamped activity data into variables that characterize the local work system and caregiver activity.
For example, individual medication dispenses across on-duty RNs were aggregated to create a sum of
medications dispensed during a 12-hour work shift. Feature extraction is achieved through application of
features models to ambient hospital data associated with each 12-hour work shift in the one-year study
time period.

A subset of activity features were selected for use in subsequent analyses using a random forest-based
multivariate recursive feature elimination (RFE) method from the caret package in R. ®® The RFE algorithm
is a feature selection method in which the contribution of multiple candidate groups of activity features
are recursively assessed in relationship to an identified outcome. Activity features found to be non-
discriminative are removed, and a relative importance score is produced for each activity features within
a remaining group of candidate activity features.

To demonstrate the feasibility of employing activity features as early signs of work system strain, features
found to be discriminative of the presence or absence of unplanned overtime were provided as training
data to a support vector machine (SVM) learning algorithm. The e1071 package® in R was used to facilitate
supervised training of a binary SVM classifier using derived shift-level activity features. The resulting SVM
model is a representation of activity feature values from the training data set as points in a high
dimensional space that are mapped to a decision hyperplane that provides maximal space between the
two categories (shifts with and without unplanned overtime).

Evaluation: To test the model’s accuracy, work shift activity features were presented to the SVM classifier
to predict the presence or absence of unplanned overtime, using four-fold cross validation testing.
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Accuracy was assessed against the known binary outcome of presence or absence of unplanned overtime
on individual work shifts within labeled training data representing a one-year retrospective time period.

Results

The presentation of study activities and results are organized by CRISP-DM* process steps. As is typical of
many data mining projects, the business understanding, data understanding and data preparation phases
of this study represent a majority of the time and effort required.

Business Understanding

In a previously reported study, qualitative interviews were conducted with frontline RNs to elicit activity
changes and adaptive work strategies employed during times of nursing work system stain.”® Key
gualitative insights that provide clinical context for definition of activity features are summarized in Table

5-1.

Workload category

Qualitative RN insight

Shift
characteristics

Numbers of patients, nurses and support staff present on a shift influence workload in a
variety of ways. Shifts with heavy patient turnover involve heavy workload related to
multiple additional start-up and wrap-up activities that must occur in addition to regular
care maintenance activities. Low census days can also be difficult, as support roles such
as the health unit clerk or patient care assistant may go unfilled, this shifting this work
to on-duty RNs.

Shift rhythms

Many activities occur during between 0700 and 1100, including assessments,
documentation, 0900 daily medications, rounds, and other events. The standardized
0900 medication administration time for daily medication produces a predictable,
periodic demand spike. During times of strain, scheduled medications may be dispensed
late, especially if the daily medication is not considered to be time sensitive (e.g. a daily
skin cream).

Patient
characteristics

Patient-related workload can increase with frequent administration of as-needed
medications such as pain or nausea medications, not only because of time required to
administer as-needed medications, but because patients experiencing nausea may also
require more frequent bed changes related to vomiting, and patients experiencing pain
may require additional time and person help to move up to the chair, or to the bathroom.
High psychosocial needs of patients or family members also add time to nurses’ daily
work.

RN characteristics

A cultural characteristic of nurses is that they feel completely responsible for assigned
patients, and they have a need to be perceived as competent and able to handle one’s
load. Experienced nurses are more likely to ask for help when they need it, and are more
comfortable adapting their work to the demands of a situation through re-prioritizing or
rescheduling care tasks than less experienced nurses.

Continuity

Familiarity with a patient from a previous work shift can reduce the effort required to
obtain a patient’s history, build rapport, and tailor interventions to a patient’s needs.

Medication events

Frequent patient requests for “as needed” medications to manage symptoms such as
pain or nausea tend to result in heavy work shifts. IV push drugs take longer to prepare
and administer than oral medications. Specific medications carry specific workload-
related relevance e.g. dextrose 50% is only given in cases of a blood glucose emergency
likely indicating an adverse event.

Communication
events

RNs report that demand spikes are often accompanied by increased incoming call
volumes, as phone calls are frequent vehicles for relaying patient requests and needs to
their assigned RN.
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Workload category

Qualitative RN insight

Under workplace strain, patients may need to wait longer to have their routine calls
answered, as RNs adjust surveillance and task execution based on highest priority.
Monitoring alarms are prioritized and can create dilemmas when addressing an alarm
requires an RN to leave another patient in a vulnerable state such as sitting on the
bedside or on a toilet.

Adaptive strategy:
Recruit resources

When stretched, RNs frequently ask the charge nurse or another nurse for help with
targeted tasks such as passing medications. RNs also skip meals or breaks to create more
time for care.

Adaptive strategy:
Move work in time

RNs maintain awareness of a running list of outstanding tasks which they continually
reprioritize in the context of scheduled activity and new emergent needs. To address
high priority needs in a timely manner, RNs may choose to administer medications late,
adjust the timing of patient ambulation, or in other ways move work in time.

Adaptive strategy:
Shed tasks

When high priority tasks crowd out time for lower priority tasks, RNs may delegate care
tasks to others, or if no one is available, tasks considered to be lower priority in the
moment, such as patient turns or oral care may get skipped.

Adaptive strategy:
Perform work less
thoroughly

When strictly following procedures involves a delay or requires more time than is
available, RNs may choose to “cut corners”. An example is changing the flow rate of
insulin infusion on a bedside IV pump based on an ordered protocol without a second
RN witness as required by hospital policy for high-risk medications in the interest of time,
and requesting an RN cosignature of the rate change after-the-fact.

Notable events

Rapid response team (RRT) and Code Blue events are associated with sudden increases
in workload. RRT events may be an unintended outcome of adaptive work strategies
such as delayed care or reduced surveillance.

Table 5-1. Workload categories and qualitative rationale for workplace characteristics, activity changes and adaptive strategies
that serve as heuristic signs of strain

Data Understanding

An environmental scan revealed a number of ambient data sources that are relevant to real-world signs
of strain. Ambient data from a one-year time period were exported from time and attendance, nurse call,
automated medication dispensing cabinet, and communication systems using pre-configured system
reports (Table 5-2).

Time & attendance Issued medications |Nurse call Vocera calls Notable events
Human resources Pharmacy Clinical engineering |Information technology |Committees
Received files: 8 Files: 6 Files: 6 Files: 4 Files: 8
— Unit name — Cabinet location |- By room number: |~ Date-time of calls — Date-time of:
— RN names — Patient name — Date-time of — Call type — Rapid
— Dates & hours — System username event — Call duration response
worked by regular & |- Medication name |— Call type, e.g. — Use of do not disturb |— Code blue
float RNs — Issue date-time regular, bed exit, |— Unanswered calls — Patient safety
— Missed meals, breaks |— Medication name, pain — Messages left incident
— Pay codes guantity, dose, — Duration
etc.

Table 5-2. Source system, affiliated hospital department, number of files received, and data content for exported ambient data

Data Preparation

Over 400,000 timestamped events were collected from four major operational systems from a one-year
timespan (Table 5-3) on a Medical Intensive Care Unit (MICU) and a Medical-surgical patient care unit.
Equivalent data were extracted for each patient care unit with the exception of nurse call data. Nurse call
data were only available from the MICU due to a nurse call system upgrade on the medical-surgical unit
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that resulted in a loss of historical transactional data during the study time period. Data representing
patient safety events, rapid response calls, code blue events, and years since the earliest recorded RN job
code in human resource files, (as a proxy for years of experience) were also extracted for the two patient

care units from purpose-specific hospital databases.

Issued Time & Nurse Call Vocera calls Totals
medications Attendance
MICU D: 49,595 D: 11,935 D: 14,527 D: 34,592 D: 110,649
N: 37,279 N: 21,392 N: 11,853 N: 27,675 N: 98,199
Medical- D: 70,268 D: 5,987 Not available D: 57,363 D: 133,618
surgical unit N: 56,289 N: 8,237 N: 24,387 N: 88,913
Totals 213,431 47,551 26,380 144,017 431,379

Table 5-3. Record counts for primary ambient data sources, by system, with breakout for day (D) and night (N) shifts

Alarge amount of data preprocessing was required to overcome the absence of common identifiers across
data sets. Regular expressions were used to map names across time and attendance, medication
dispensing, and Vocera data sources. Unmatched names were manually reviewed and logic was added to
the import script to update outdated surnames observed in medication dispensing and Vocera data.

In this study, multiple entities were derived from ambient operational records (Table 5-4). Patient and
nurse rosters were derived by creating lists of distinct person entities across data sources. Patient
encounters were derived by counting consecutive days of issued medications for a patient.

Patient list RN roster | RN-patient dyads | Patient encounters
Intensive care unit 1,464 249 9,790 1,483
Medical-surgical unit 1,485 202 14,081 1,644
Totals 2,949 451 23,871 3,127

Table 5-4. Data elements derived from ambient data sources, representing day & night shifts

Because a patient’s assigned RN administers the majority of a patient’s medications, RN-patient allocation
dyads were derived for each shift by calculating a sum of issued medications, by RN, for each patient. The
RN with the most medication dispenses for a patient during the shift’s defined timespan was identified as
the patient’s assigned RN.

The accuracy of derived RN-patient allocation data was evaluated by comparing dyads derived from
medication dispensing data to paper-based daily assignment sheets, which served as the study site’s
official record of RN assignment data. Dyads were manually compared for 1-month time period for a single
patient care unit. Match criteria included an exact match between RN name and patients name for each
dyad, or exact match to an RN in orientation with the paper-based assigned RN.

Paper-based dyads: 432
[o e 1 Total paper-based +
ia;‘fzfsr: Method-derived dyads: 440 Mg;?f“? denved-ggl(l)y dyads:
Dyads 10 Overlapping: 422 18
Paper dyad
Match 0 Exact match: 393 0 concordance
" 5 393/432 = 91%
Explanation ?é 2 Different RN: 28 e
- 2 Unassigned on paper: 1 = Overall concordance,
Z L =8 393/450 = 87%

Figure 5-2. Comparison of derived RN-patient dyads to paper-based dyads, as the best gold standard available
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Paper-based assignment sheets contained 10 dyads that were not present in the derived set, and the
derived set produced 18 dyads that were not present on paper sheets (Figure 5-2). The TEP established
face validity for the method by defining match criteria and reviewing match results. Derived dyads agreed
with paper-based dyads in 393 of 450 test cases (87%). This is a conservative estimate, as the TEP advised
that for purposes of activity analysis, the 18 patients observed only in derived data are likely more
accurate than the paper, as the names of new admissions are often transcribed to the unit’s physical white
board rather than the shift’s initial assignment sheet.

Modeling

Local work systems are comprised of multiple levels, including the unit, shift, patient care assignment,
individual staff person, and individual patient levels. The potential feature space is nearly boundless, as
features can be calculated for different time frames, overlapping timeframes, at multiple levels and
combinations of levels within and across types of activity. In the current study, 47 summary activity
features were defined to reflect real-world signs of strain summarized in Table 5-1. A full list of activity
features defined for this study with rationale is provided in Supplementary materials, Exhibit E.

Feature models were applied to over 300,000 time-stamped events from systems described in Table 5-5,
for two patient care units for the year 2016. A single value for each of the 47 defined features was
generated for each work shift, resulting in 732 values for each patient care unit for the year, given 366
days in 2016, and 2 shifts per day. Separate feature tables were generated for 12-hour day- and night-
shifts, as differences rhythm and activity suggest separate analysis of day and nighttime hours is
appropriate.

Minimum, mean, maximum values and standard deviation for shift-level activity features, derived from
ambient operational data from 366 patient care shifts in 2016, are summarized in Table 5-5 for a medical
intensive care unit and in Table 5-6 for a medical-surgical patient care unit. Differences in mean activity
feature values across shifts with and without unplanned overtime (OVR) are compared using Welch’s t-
test. An indication of whether the direction of change in mean values for shifts with and without OVR is
consistent with the qualitative input of frontline clinicians (Chapter 3) is also provided. A change in
direction as expected by clinicians is indicated as “yes”, not as expected as “no”, and “NA” is indicated in
cases where the expected direction of change was not articulated by registered nurses in focus group
interviews. P-values less than 0.05 are highlighted using bold font.
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Differ- Expected

MICU, Day shift FY 2016 Overall Unplanned OVR Absent Unplanned OVR Present ence** direction*
Shift-level Activity Features Shifts (n) min mean max sd min mean max sd min mean max sd p value Yes/No/NA
RN instances, cross-assignment meds 366 0 8.4 23 37 0 7.6 17 3.5 1 9.1 23 3.7 <.001 Y
Sum, missed meal hours 366 00 01 25 03 0.0 0.0 0.5 0.1 0.0 0.2 25 0.4 <.001 Y
Sum, missed break hours 366 00 07 40 0.7 00 05 3.0 0.6 0.0 0.9 4.0 0.8 <.001 Y
Sum, RN worked hours 366 47 123 176 220 49 1180 173 211 a7 127 176 21.7 <001 NA
Number of nurses present 366 5 11 16 1.9 5 103 15 1.8 6 109 16 1.9 0.0017 NA
% Medications, IV push 366 14% 28.1% 47% 0.1 14% 26.8% 44% 0.1 16% 29.1% 47% 0.1 0.0017 Y
Count, medication dispenses 366 48 1355 218 31.8 48 129.6 218 315 66 1404 210 315 0.0019 Y
Number of patients present 366 5 140 20 23 5 136 19 23 8 143 20 23 0.0056 NA
Count, med dispenses (own patients) 366 44 1214 193 285 44 116.6 184 285 60 1253 193 28.1 0.0062 Y
Count, cross-assighment med dispenses 366 0 141 46 8.0 0 13.0 46 7.8 0 151 42 8.1 0.0097 Y
Count, med dispenses (Charge Nurse) 366 0 24 24 34 0 2.0 18 3.0 0 2.8 24 3.6 0.0227 Y
% Patients assigned same RN as yesterday 366 0% 14.7% 46% 0.1 0% 22.0% 79% 0.2 0% 18.6% 63% 0.1 0.0238 Y
% Patients also present yesterday 366 39% 71.3% 100% 0.1 46% 72.6% 100% 0.1 39% 70.0% 100% 0.1 0.0241 Y
% Patients present within previous week 366 0% 219% 54% 0.1 0% 23.0% 46% 0.1 0% 20.7% 54% 0.1 0.0253 N
Medication count, shift hour 11 366 0 6.7 17 33 0 6.3 17 33 0 7.1 16 33 0.0331 Y
Medication count, shift hour 3 to 5 366 3 176 44 7.3 3 16.9 37 6.8 4 183 44 7.7 0.0425 Y
Number of float RNs present 366 0 0.8 7 1.1 0 0.7 5 1.0 0 1.0 7 1.2 0.0439 Y
Count, Vocera sent calls 366 9 344 109 124 14 569 109 15.7 40 60.1 92 13.7 0.0583 Y
Aggregate years of experience (non-float) 366 18 733 124 193 18 714 124 198 28 751 115 19.1  0.0602 Y
Aggregate nurse call minutes 366 3 29.2 113 16.0 3 273 113 154 5 306 84 16.4  0.0896 Y
% RNs >= 2 years of experience & not float 366 40% 78.5% 100% 0.1 40% 80.1% 100% 0.1 40% 77.5% 100% 0.1 0.1146 Y
Count, Vocera received calls 366 7 46.5 158 184 23 851 158 22.0 54 89.8 128 21.7 0.1180 Y
Count, Vocera group calls 366 0 4.8 12 2.6 0 4.6 12 24 0 5.0 12 2.7 0.1209 NA
Medication count, shift hour 1 to 3 366 6 455 94 14.8 6 439 94 15.3 18 46.6 80 14.5 0.1242 Y
Mean, med dispenses across patients 366 5 9.7 16 1.8 5 9.5 14 1.8 6 9.8 16 1.8 0.1390 Y
Count, overtime nurse calls (>3 minutes) 366 0 1.2 9 1.5 0 1.0 8 13 0 13 9 1.7 0.1432 Y
Count, patient safety incidents (PSls) 366 0 0.2 3 0.5 0 0.1 2 0.4 0 0.2 3 0.6 0.1582 NA
Aggregate Vocera call duration (seconds) 366 231 1,724 6,000 7445 231 1,543 5,294 666.8 442 1,885 6,000 781.2 0.2239 Y
Skewness, med dispenses across RNs 366 -2 0.3 2 0.7 -2 0.3 2 0.8 -1 0.2 2 0.6 0.2382 NA
Rapid Response Team (RRT) events 366 0 0.0 1 0.1 0 0.0 0 0.0 0 0.0 1 0.1 0.3186 NA
PSls resulting in patient harm 366 0 0.1 2 0.3 0 0.0 2 0.2 0 0.1 2 0.3 0.3495 NA
Mean medication dispenses, across RNs 366 7 128 21 2.4 7 12.7 21 2.5 8 12.9 19 2.3 0.3530 Y
SD, medication dispenses across RNs 366 3 7.9 15 1.9 3 8.0 13 21 4 7.9 15 1.9 0.4372 NA
Count, Code Blue events 366 0 0.0 1 0.2 0 0.0 1 0.2 0 0.0 1 0.1 0.4403 NA
Ratio, medications hour 1-3 to 3-5 366 1 3.1 15 1.9 1 3.1 12 2.0 1 3.0 15 1.8 0.4621 Y
SD, nurse calls across patient rooms 366 0 3.8 14 2.1 0 3.6 14 19 1 3.8 14 2.3 0.4956 NA
% Medications, lactulose & rifaximin 366 0.0% 0.4% 4.6% 0.0 0.0% 04% 4.6% 0.0 0.0% 04% 3.3% 0.0 0.5016 NA
Count, nurse calls from patients 366 4 39.7 105 18.0 4 38.1 94 16.6 6 40.2 105 185 0.5840 Y
Skewness, med dispenses across patients 366 14 -21 1 2.1 -12 2.2 1 2.1 -14 21 1 2.1 0.7160 NA
% RNs who also worked yesterday 366 0% 309% 70% 0.1 0% 31.1% 70% 0.1 0% 30.6% 64% 0.1 0.7209 Y
% Vocera received calls accepted 63% 87% 90.0% 100% 0.1 63% 86.7% 100% 0.1 65% 86.8% 100% 0.1 0.7953 NA
% Medications, high risk 366 13% 25.1% 40% 0.1 13% 25.1% 40% 0.1 13% 25.2% 40% 0.1 0.8340 Y
% Medications, analgesics 366 4% 203% 35% 0.1 4% 203% 34% 0.1 6% 203% 35% 0.1 0.9178 NA
% Medications, IV Dextrose 50% 366 0.0% 0.4% 5.6% 0.0 0.0% 03% 4.0% 0.0 0.0% 04% 5.6% 0.0 0.9230 Y
SD, medications across patients 366 2 5.7 10 1.2 2 5.7 10 13 3 5.7 9 1.2 0.9582 NA
% Vocera sent calls that were accepted 366 64% 86.8% 100% 0.1 64% 87.0% 100% 0.1 69% 86.8% 100% 0.1 0.9890 NA
Count, Vocera broadcast calls 366 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 N/A NA
RRT events resulting in transfer to ICU 366 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 NA NA

Table 5-5. Comparison of mean shift-level feature values — MICU day shift, for year 2016

** T-test difference between mean value of activity feature on shifts with and without unplanned overtime

* Expected direction: Yes (Y) if the change in direction is consistent with qualitative focus group findings; No (N) if change in
direction differs from focus group findings; Not applicable (NA) if the expected direction of change between shifts with and
without unplanned overtime was not articulated by registered nurses in focus group interviews
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Medical-Surgical Unit, Day shift FY 2016 Overall Unplanned OVR Absent  Unplanned OVR Present Differ- Expected
ence** direction*

Shift-level Activity Features Shifts (n) min mean max sd min mean max sd min mean max sd pvalue  Yes/No/NA
% Medications, IV Dextrose 50% 366 0% 0.0% 1% 0.0 0% 0.0% 1% 0.0 0% 0.0% 0% 0.0 <.001 NA
Count, Vocera group calls 366 0 8.9 33 5.1 0 9.0 33 5.1 1 7.5 22 45 0.0034 NA
% Vocera sent calls that were accepted 366 48% 82.7% 96% 0.1 48% 82.5% 96% 0.1 72% 85.0% 92% 0.1 0.0238 NA
% Patients present within previous week 366 0% 31.2% 79% 0.1 0% 31.7% 79% 0.1 0% 25.4% 68% 0.1 0.0263 Y
% Vocera received calls accepted 63% 53% 82.2% 100% 0.1 53% 82.0% 100% 0.1 76% 84.7% 97% 0.1 0.0280 NA
% Medications, high risk 366 13% 233% 39% 0.0 13% 23.5% 39% 0.0 13% 21.4% 34% 0.0 0.0331 N
Ratio, medications hour 1-3 to 3-5 366 1 3.9 11 1.7 1 3.9 11 1.7 1 3.5 5 1.1 0.0460 Y
Medication count, shift hour 11 366 1 9.5 23 4.0 1 9.4 23 4.0 4 10.9 19 3.8 0.0473 Y
% Patients also present yesterday 366 46% 78.1% 100% 0.1 46% 78.5% 100% 0.1 52% 74.0% 100% 0.1 0.0504 Y
SD, medication dispenses across RNs 366 5 159 26 4.1 5 15.7 26 4.1 9 175 26 4.6 0.0515 NA
RRT events resulting in transfer to ICU 366 000 0.1 200 0.25 0.00 0.1 2.00 0.25 0.00 0.1 1.00 0.26 0.0593 NA
Aggregate years of experience (non-float) 366 6 312 57 111 6 314 57 111 10 28.0 48 10.2 0.0950 Y
Skewness, med dispenses across patients 366 -535 -104 -13 635 -535 -106 -13 64.5 -191 -89.2 -27 49.1 0.0976 NA
RN instances, cross-assignment meds 366 0 7.3 20 3.1 0 7.2 18 31 4 8.2 20 3.2 0.1065 Y
Medications count shift hour 3 to 5 366 7 231 50 8.0 7 229 50 8.0 14 253 45 7.8 0.1160 Y
Count, Vocera broadcast calls 366 0 0.5 11 1.1 0 0.5 11 1.1 0 0.3 3 0.6 0.1226 NA
% RNs who also worked yesterday 366 0% 34.8% 83% 0.2 0% 352% 83% 0.2 0% 304% 67% 0.2 0.1333 Y
% Medications, Analgesics 366 17% 28.9% 44% 0.0 17% 29.1% 44% 0.0 22% 27.7% 40% 0.0 0.1392 N
% Medications, lactulose & rifaximin 366 0% 0.1% 2% 0.0 0% 0.0% 2% 0.0 0% 02% 2% 0.0 0.1453 NA
Count, Cross-assignment med dispenses 366 0 115 45 7.3 0 113 32 7.0 2 14.0 45 9.8 0.1509 Y
Skewness, med dispenses across RNs 366 -3 -0.7 3 1.0 -3 -0.7 3 1.0 -2 -0.9 1 0.8 0.1558 NA
Code Blue events 366 0.00 0.0 100 0.07 0.00 0.0 1.00 0.08 0.00 0.0 0.00 0.00 0.1576 NA
Number of nurses present 366 3 6.2 9 0.9 3 6.1 9 0.8 4 6.4 9 1.0 0.1592 NA
% Medications, IV push 366 6% 16.9% 32% 0.0 6% 16.8% 32% 0.0 9% 18.1% 28% 0.0 0.1698 Y
% Patients assigned same RN as yesterday 366 0% 219% 79% 0.2 0% 221% 79% 0.2 0% 18.7% 63% 0.1 0.1837 Y
Aggregate Vocera call duration (seconds) 366 491 2,780 7,042 814.9 491 2,752 5,134 785.4 1,954 3,100 7,042 1067.0 0.1893 Y
Patient safety incidents (PSIs) 366 0 0.1 1 0.3 0 0.1 1 0.3 0 0.2 1 0.4 0.2008 NA
Count, Vocera received calls 366 23 85.4 158 219 23 85.1 158 219 54 89.8 128 21.7 0.2556 Y
Number of patients present 366 10 202 25 2.2 10 20.2 25 2.2 14 207 24 2.3 0.2680 NA
PSIs resulting in patient harm 366 0 0.0 1 0.1 0 0.0 1 0.1 0 0.1 1 0.3 0.2720 NA
Number of float RNs 366 0 0.6 4 0.8 0% 0.6 4 0.8 0 0.8 3 0.7 0.2959 Y
Standard deviation, medications per pt. 366 3 5.5 8 0.9 3 5.5 8 0.9 4 5.7 8 1.0 0.3165 NA
Count, Vocera sent calls 366 14 57.2 109 155 14 569 109 15.7 40 60.1 92 13.7 0.3545 Y
Count, Medication dispenses (med) 366 89 1920 271 309 89 1915 271 308 129 197.3 246 324 0.3651 Y
Count, med dispenses (Charge Nurse) 366 0 113 81 115 0 111 81 11.2 0 133 50 14.7 0.4316 Y
% RNs >=2 year's experience & not float 366 13% 68.3% 100% 0.2 13% 68.5% 100% 0.2 25% 65.7% 100% 0.2 0.4526 Y
Sum, missed meal hours 366 0.0 0.0 1.0 0.1 0.0 0.0 0.5 0.1 00 0.1 1.0 0.2 0.5152 Y
Rapid Response Team (RRT) events 366 0.00 0.2 3.00 047 0.00 0.2 3.00 047 0.00 0.2 1.00 0.38 0.5384 NA
Count, Med dispenses (Own patients) 366 83 180.5 263 30.2 83 180.2 263 30.0 113 183.2 229 33.0 0.6383 Y
Medication count, shift hour 1 to 3 366 30 79.4 122 172 30 793 122 17.4 48 80.3 105 15.5 0.7536 Y
Mean medication dispenses, across RNs 366 18 315 50 5.4 18 315 50 5.4 22 312 41 5.8 0.7751 N
Sum, RN worked hours 366 36 784 107 9.8 36 783 107 9.9 53 788 85 8.6 0.7813 NA
Sum, missed break hours 366 0.0 0.1 1.8 0.2 0.0 0.1 1.8 0.2 00 0.1 0.8 0.2 0.8634 NA
Mean, med dispenses across patients 366 6 9.5 15 13 6 9.5 15 13 7 9.5 13 1.6 0.8965 NA
Count, nurse calls from patients Nurse call data not available for the medical-surgical patient care unit

Overtime nurse calls (>3 minutes)
Aggregate nurse call minutes
SD, nurse calls across patient rooms

Table 5-6. Comparison of mean shift-level feature values — Medical-surgical unit, day shift, for year 2016

** T-test difference between mean value of activity feature on shifts with and without unplanned overtime

* Expected direction: Yes (Y) if the change in direction is consistent with qualitative focus group findings; No (N) if change in
direction differs from focus group findings; Not applicable (NA) if the expected direction of change between shifts with and
without unplanned overtime was not articulated by registered nurses in focus group interviews

Page 39 of 76



To prepare for analysis, shift-level activity features were labeled with a binary outcome value of
“unplanned overtime present” or “unplanned overtime absent”, based on calculation of overtime hours
from time and attendance data for each work shift as a proxy measure of work system strain. Shifts in
which one or more RNs worked 31 to 179 minutes of overtime were given the label “unplanned overtime
present”. Shifts in which all RNs had no overtime, or incidental overtime of 30 minutes or less, were
labeled as “unplanned overtime present”.

Histograms, violin plots, box plots, and summary statistics were used to gain an understanding of the
distribution of feature values across patient care units overall, and to understand differences in values
across shifts with and without unplanned overtime as a proxy outcome measure of work system strain.
Many of the differences in shift-level activity across shifts with and without unplanned overtime echo real-
world signs of strain articulated by bedside nurses in a prerequisite qualitative study (Chapter 3). For
example, Figure 5-3 illustrates that RNs frequently spend a larger number of minutes on Vocera calls, in
aggregate, on shifts with unplanned overtime than shifts without, which is consistent with frontline RNs
reports that call volume often increases during times of strain.
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Figure 5-3. Aggregate Vocera call duration on shifts without and with unplanned overtime, MICU, for year 2016

Similarly, Figure 5-4 depicts that shifts with unplanned overtime frequently have a higher volume of IV
push medications than shifts without, which is consistent with RN reports that an increased volume of
patient requests for symptom management can be a sign of strain. IV push medications are closely related
to symptom management and increased time requirements, because IV push medications are frequently
used to manage symptoms such as pain or nausea, and these medications require additional time to
prepare (i.e. medication dilution), and to administer (e.g. slow push directly into an IV line).
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Figure 5-4. Percent IV push medications on shifts without and with unplanned overtime, MICU, for year 2016
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Although a large number of activity features were generated and explored, a smaller set of features is
needed to train classifiers to predict the presence or absence of unplanned overtime as a proxy measure
of work system strain. Candidate features for were identified through application of a random forest-
based recursive feature elimination (RFE) algorithm. This model-planning analysis step produces a
guantified assessment of the relative separability and information contribution of candidate activity
features in relationship to labeled outcomes. The top 20 features, identified as most discriminative of the
presence or absence of unplanned overtime by a random forest-based multivariate recursive feature
elimination from the carat package in R%, are summarized in Table 5-7. This algorithm assigns an
importance score to each feature, out of a possible highest score of 100. The importance scores are a
measure of the relative separability of activity features across the study’s binary outcome classes. Activity
features with a higher score are more separable across shifts with and without unplanned overtime than
activity features with a lower score. Therefore, activity features with the highest importance values are
candidates for inclusion in training and testing datasets for a pattern classification algorithm designed to
predict unplanned overtime for individual work shifts.

Medical Intensive Care Unit Medical-Surgical Care Unit
Rank| Feature Importance | Feature Importance
1 Aggregate Vocera call duration 30.1 % high surveillance/high risk meds 13.8
2 % Meds IV push 25.8 Count, cross-assignment med dispenses 12.7
3 Sum, missed break hours 23.3 Count, med dispenses by Charge Nurse 8.6
4 Count, cross-assignment med dispenses 22.9 Aggregate Vocera call duration 8.1
5 Count, medication dispenses 22.7 SD, medication dispenses across RNs 7.8
6 Count, dispensed meds (own patients) 21.6 Count, dispensed meds (own patients) 7.7
7 Count, Vocera received calls 21.2 Ratio, medications in shift hour 1-3 to 3-5 7.6
8 % high surveillance/high risk meds 21.2 % Meds IV Push 7.2
9 Skewness, med dispenses across RNs 20.2 Count, meds dispensed 6.9
10 | % Patients, also present yesterday 20.1 % Patients, also present yesterday 6.9
11 | % Patients assigned to same RN within 19.8 Mean, med dispenses across patients 6.0
past week ’ ’
12 |% medications, analgesics 19.6 % Vocera received calls that were 6.0
accepted
13 |Count, Vocera calls sent 19.6 % Patients assigned to same RN within 57
past week
14 |Sum, years of RN experience (non-float % medications, analgesics
18.8 5.7
staff)
15 |Skewness, medication dispenses across 18.4 RN instance count, cross-assignment 55
patients medication help
16 |% Patients assigned to same RN as 18.1 % Vocera sent calls that were accepted 51
yesterday
17 RN instance count, cross-assignment 176 % Medications Lactulose + Rifaximin 50
medication help
18 | Sum, nurse call minutes 16.9 SD, medication dispenses across patients 4.9
19 | SD, medication dispenses across RNs 16.6 Sum, years of RN experience (non-float a4
’ staff) '
20 | Count, Vocera group calls 16.4 % RNs with >= 2 years of experience and 42
not float

Table 5-7. Top 20 features discriminative of unplanned overtime on the MICU and medical-surgical patient care units, ranked by
importance, as determined through multivariate recursive feature elimination

Correlation between activity features was assessed through creation of a correlation matrix. Most
features were not highly correlated to one another, indicating that they provide different information.
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However, several features were correlated at or above .75, including the aggregate minutes spent in
Vocera calls and the number of calls received; the total number of medications dispensed and the number
of medications dispensed within, and across patient assignments; and the percent of patients assigned to
the same RN in the previous day, and previous week. During feature selection, only one of correlated
features were considered for inclusion, corresponding to the feature with the highest importance value.

Missed break hours were not included in classification models for two reasons. First, missed break hours
contribute to the outcome (overtime), and secondly, missed break hours are not available for analysis
until the very end of a work shift, when staff press a button to indicate “no meal” or “no break” during
the clock out process at the very end of a work shift. Shifts with unplanned overtime had higher incidence
of missed meals and breaks, which is consistent with qualitative RN reports, but due to the potential
relationship between this predictor and the outcome, and to avoid use of a predictors that is only available
at shift hour 12 for analyses at shift hours 4, 6, 8, and 10, missed meal and break hours were intentionally
excluded from classification models.

Evaluation

The objective of the evaluation phase of the CRISP-DM process in this exploratory study is to demonstrate
feasibility of generating analytic results that provide operational value to clinicians on hospital patient
care units. Near real-time detection of emerging work system strain is a motivator for this study as an
envisioned future capability, but full development, optimization, and validation of production-ready
algorithms to support this capability is beyond the scope of the current study. Therefore, retrospective
data from time and attendance, nurse call, Vocera communications, and medication dispensing were used
to create a classification model that could simulate prediction of unplanned overtime, at multiple time
points during a work shift to assess the feasibility of future of dynamic, near real-time detection of work
system strain.

Selected activity features were used to train a unit specific support vector machine (SVM) to classify
patient care shifts as having unplanned overtime present or absent. SVM classification decisions are based
on the proximity of a shift’s activity features to decision boundaries established through algorithm
training. A separate classifier was trained for each patient care unit to reflect different patterns of activity
that typically occur on each patient care unit. To simulate prediction of overtime at sub-shift timeframes,
which will be useful for proactive intervention when algorithms are deployed in live care settings, separate
classifiers were trained using data from smaller blocks of time, specifically for shift hours 0-4, 0-6, 0-8 and
0-10. To avoid overfitting of the model, 75% of a unit’s applicable data was used in supervised training,
and 25% was reserved for testing. This process was repeated four times, with a different 25% of data
withheld for testing on each run, in in a process commonly called four-fold cross-validation training and
testing.

The feature selection process described in the modeling section above was employed for each time
period, and a separate classification algorithm was developed for each time period and patient care unit.
Following the principle of parsimony, models were run with varying numbers of activity features relating
to the same type of patient care activity (e.g. medications, communication). The smallest number of
activity features which produced best accuracy were retained in the final classification models used in this
exploratory study. A summary of activity features included in MICU shift hour-based classification models
is summarized in Table 5-8. Only two activity features, percent IV push medications, and the sum of
aggregate minutes spent on the phone were used in all five classifiers.
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Activity features Inclusion, by shift hour-based model

% IV push medications Included in the classification model for shift hours: 4, 6, 8, 10,
12

Sum, aggregate phone minutes 4,6,8,10, 12

Sum, dispensed medications 4,6,8

Skewness, medications across RNs 4,6,8,12

Std. deviation, nurse calls across rooms 4,6

Sum, nurse call minutes 8

Sum, cross-assignment meds 10, 12

Sum, within-assignment medications 12

Sum, cross-assignment medications

% non-float RNs with 2+ yrs. experience
% Pts. assigned to same RN in past week
% pts present on unit yesterday

% analgesic medications

Table 5-8. Activity features included in shift-hour-based classifiers

The SVM classified shifts by presence of unplanned overtime with an overall accuracy of 63.5% for the
MICU using data from full 12-hour work shifts. Sensitivity, or the proportion of shifts correctly classified
as having unplanned overtime present, was 58%. Specificity, or the proportion of shifts correctly classified
as having an absence of unplanned overtime 68%. As expected, performance declines when a subset of
data is used to simulate prediction at 4, 6, 8, and 10 hours into a work shift. The four-hour classification
model performs only slightly better than chance, but the hour 10 classification model performs with 63.5%
overall accuracy. A detailed summary of model performance at different time frames is summarized in
Figure 5-5.

4-fold cross validation: Overall results (mean)
Train: 75% of data Test: 25%

I O N N I T el )
YERRN I 53.7% 542% 51.6% 50% 52.4% A1- .62 .05 46| .59
ERERNN 61.1% 57.7% 59.7% 58.1 59.2% A7— .68 .16 57| .60
7a-3p 60% 589.4% 58.9% 525% 57.7% 46— .67 15 52 1.63
VEREN Il 64.9% 59.1% 66.5% 54.6% 61.3% 50-.71 .22 58| .65
IERWi Bl 63.3% 703% 59.4% 61.1% 63.5% 55-.74 .30 .58 — .68

Shift hours

Closed training — use of full
data set to both train and test  72.3% .68-.77 45 64| .77
for full 12-hour shifts:

Figure 5-5. Overall classification accuracy using supervised 4-fold cross validation train-test and closed training methods

The same modeling and evaluation approach was used to train and test a classification algorithm for the
medical-surgical patient care unit using a smaller number of available activity features. Nurse call data
was unavailable for the medical-surgical unit due to a system upgrade that resulted in purging of historical
nurse call data. For the one-year study time period, 29 of 366 shifts were labeled as having unplanned
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overtime present. However, classification by outcome state was unsuccessful for this unit, as the trained
classifier classified all shifts as has having no unplanned overtime.

Discussion

Business Understanding: Hospital patient care units are fast-paced work environments characterized by
continual change. Patterns of activity are influenced by patient needs and by external factors including
provider rounding times and policy-based factors such as standardized administration times for scheduled
medications. It is important to analyze activity for day and night shift separately as shifts have distinctive
temporal rhythms and activity patterns.

Data Understanding: Data acquisition was predicated by in-person meetings with representatives from
multiple hospital departments and committees, as established processes did not exist for requesting
ambient data for purposes of research. Data dictionaries were available for some, but not all, ambient
data sources, and not all codes observed in hospital data were defined in available dictionaries. The
research team’s clinical domain expertise and familiarity with clinical data and workflows aided
interpretation of ambient data, but interpretations and assumptions were also validated through
qualitative interviews with data analysts from applicable hospital departments. Custom export of machine
readable data and mechanisms to achieve rapid data integration, such as common identifiers for staff
across multiple operational systems, is needed to facilitate increased utilization of ambient operational
data in care improvement research.

Data Preparation: Hospital information providers from affiliated departments pulled data from
operational information system for the year 2016 using pre-defined report formats. Custom data pulls
were not an option, as hospital data analysts are unable to fill special requests that are not directly related
to daily operations, and funds were not available to support this study. In some cases, use of pre-
configured reports for data export resulted in acquisition of data that lacked key pieces of information.
For example, records of RN time worked include the employee’s ID, name, date, and total hours by pay
code, but reports lacked a start and end time, or shift flag, which is needed to identify which shift the
employee worked on that day.

Separate reports were pulled for “day shift” and “night shift”, however, in cases where an RN worked
night shift for 6 months and then moved to days, all shifts reflect the RN’s current primary shift
assignment. To compensate for this deficit, RN shift attribution was achieved by comparing the timespan
between an RN’s first and last medication administered to defined dayshift and night shift timespans. An
RN’s worked hours were attributed to the shift with the greatest overlap. In cases where an RN did not
dispense medications, RNs with less than 2 hours of night shift differential were allocated to the day shift.

Similar challenges were encountered in Vocera data, as float RNs regularly add and remove themselves
to unit-based communication “groups” so they can receive broadcast messages for their current location.
Pulling data based on a patient care unit’s communication group will include communication events for
persons currently in the unit group. Transactions for persons who were on the unit at some time in the
past, but are currently members of another unit’s group will not be included. Therefore, to ensure that all
relevant call data were captured, data was pulled by user name for the study time period, using names of
RNs who dispensed medications on the study units at any time during the year.

Some pre-configured reports concurrently contained “too much” and “too little” data. For example, RNs
utilize automated medication dispensing cabinets to obtain individual doses of medication required by
patients. As the current study required date-time stamps for each transaction, the most granular
transactional report available was utilized to pull data. This report contains data about medication
dispensing, in addition to many other types of transactions such as medication restocking, medication
returns, and other transactions that are not relevant to the current study. A transaction type flag for
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“issued medication” was used to filter transactions to medications dispensed for patient consumption.
However, records lacked a flag for clinical role, making it difficult to filter out the medication dispenses of
pharmacists and respiratory therapist users. To address this need, user names in dispensing records were
mapped to RN names in time & attendance identifiers to facilitate analysis of nurses’ medication activity.

Association of patients, RNs, and events to appropriate entities within a relational database provides a
useful foundation for activity analysis at different timeframes (e.g. year, week, day, shift, hour, minute),
different hierarchical levels (e.g. hospital, unit, patient-assignment), and different perspectives (e.g.
teams, specific roles, individuals). Association of date-time stamps to appropriate shift identities is
foundational to activity analysis in the hospital setting, as many contextual factors such as a unit staffing
and patient-to-RN assignment are constructed around the concept of an 8 or 12 hour work shift with an
associated set of on-duty staff persons. Allocation of events to shifts also addresses the fact that the night
shift spans a subset of hours across two calendar dates.

Modeling: In the current study, activity features were defined at the shift level to reduce conceptual
complexity and to mirror the shift-level categorical outcome defined by the study TEP. While many
features are represented as means, sums, or standard deviations, several shift level-features characterize
sub-shift phenomena, such as the ratio of medications dispensed in shift hours 1-3, to medications
dispensed in shift hours 3-5. This ratio is potentially useful as RNs note an early rush of morning
medications largely driven by 0900 daily medication administration times, followed by a shift to other
types of activity. As an example of an adaptive work strategy, the absence of a lull in hours 3-5 could
suggest late administration of daily medications.

The lack of a standardized measure of unit strain at the shift level for historical data necessitated definition
of a proxy indicator of work system strain. The TEP identified unplanned overtime as the best-available
proxy indicator and defined unplanned overtime as more than 30 minutes, but less than 3 hours of
overtime, as overtime less than 30 minutes may be unrelated to work system strain, and overtime greater
than 3 hours is likely to be planned overtime. Overtime greater than 30 minutes, but less than 3 hours is
suggestive of an RN needing to stay late to help resolve an urgent situation or to complete his or her work,
including clinical documentation that may have gotten pushed to the end of a work shift.

Evaluation: Application of a unit-specific SVM classifier showed that shift-level features were
discriminative of unplanned overtime with an accuracy of 72% for a full work shift using a closed training
data set of activity features derived from MICU day shift data from the year 2016, and an overall accuracy
of 63.5% for a full shift using 4-fold cross-validation (Table 5-9). Additionally, classification at 8 and 10
hours into the work shift is demonstrated at 61.3% and 63.5% overall accuracy. Because only four of many
hospital information systems are used in this exploratory study, we believe that 63.5% accuracy at 10
hours into a work shift demonstrates positive feasibility of detection of work system during a work shift,
which could allow for proactive intervention. It is anticipated that inclusion of additional data sources and
activity features in future extensions of this work will lead to higher accuracy.

Classification using the same analytical approach was unsuccessful for the medical-surgical patient care
unit. However, this finding may be related to a low number of shifts with unplanned overtime (29) on this
unit during the 1-year observation period, a lack of nurse call data for this unit due to a system conversion
which resulted in purging of old nurse call data, and smaller differences in shift level activity feature values
across outcome states, and a known cultural bias toward underreporting of overtime data on this patient
care unit (Table 5-7).

Although classification findings were mixed across the two patient care units, the observation that the
direction of activity differences on shifts with and without unplanned overtime are largely consistent with
the direction articulated by frontline RNs during times of strain (Chapter 3), and a 63.5% overall accuracy
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of classification for the MICU successfully demonstrate the feasibility of calculating useful metrics from
ambient operational data.

Implications: Demonstration of feasibility of predicting unplanned overtime at sub-shift timeframes
suggests that analysis of ambient data can provide operational value to frontline clinicians on hospital
patient care units. For example, if a charge nurse can become aware of the likelihood of unplanned
overtime at 8 or 10 hours into a work shift, he or she has 2 to 4 hours before the end of the work shift to
either request additional resources, or offer assistance to RN(s) experiencing strain.

Advantages of ambient data include potential for real-time analysis, a relatively small set of data elements
(in comparison to the electronic health record), and potential for future cross-organizational
benchmarking given the presence of core operational systems such as nurse call, medication, and
communication systems in nearly all hospital settings.

Disadvantages of ambient data include disparate content and formats across data sources, incomplete
and missing data, and the need for heavy pre-preprocessing to achieve data integration. A lack of common
staff identifiers across operational hospital systems at the study site was particularly problematic. Future
studies that employ custom data pulls from operational systems are likely to require fewer preprocessing
steps than were required in the current study. Hospital use of technologies such as single sign-on, and
middleware solutions that facilitate messaging across operational systems will also improve data accuracy
and reduce pre-processing effort required for secondary use of ambient data.

Recommendations for future studies: The methods employed in this this study can be used to create
higher-fidelity activity features using the same data sources, but by summarizing activity at the hour or
minute level. Activity feature extraction for smaller time frames may provide more granular insight into
variation in medication administration, communication, nurse call, and other activity across time. Future
inclusion of the electronic health record as an additional data source will provide visibility to additional
events such as bedside monitoring events, laboratory events, new orders, documentation activity, vitals,
and more to enhance data completeness.

In addition to providing a foundation for development of new workplace monitoring capabilities,
demonstration of feasibility of the use of ambient operational data in research may foster innovation in
the design of future workplace studies. For example, collection of ambient data may supplement or
replace highly labor intensive methods of data collection such as time and motion studies, and it may
facilitate the conduct of workplace studies in actual care settings, thereby transforming the “field” into a
“laboratory”®’ to support organizational learning and care improvement.

Limitations

A number of limitations in this exploratory study should be noted. The ambient operational data used in
this study data required multiple preprocessing steps due to a lack of common identifiers and the absence
of helpful data fields, such as verification of which shift an RN worked on a given day. Through text
matching, manual entity mapping, and application of logic, a database of ambient operational data was
generated for two patient care units for use in this exploratory study. Face validity of the data set was
achieved through subject matter expert review of raw data using data visualization and summary
statistics, but full validation of the data set was beyond the scope of the current exploratory study due to
a lack of a validation data set and limited study resources.

It should also be noted that even in a fully-validated state, ambient data will provide a partial view of all
care-related activity. For example, not all medications are dispensed through automated dispensing
cabinets, and communication devices to not capture all communication events in the workplace.
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Use of historical data necessitated use of proxy measures of work system strain, which may lack precision.
For example, shifts classified as having an absence of unplanned overtime in the current study, may have
had one or more RNs with up to 30 minutes of overtime, which may or may not have been related to work
system strain. Future studies will benefit from identification of more objective and cleanly separable
outcomes.

Conclusion

Ambient workplace data contains digital echoes of real-world signs of strain, but these data are currently
underutilized for purposes of care improvement research. The current exploratory study demonstrates
feasibility of using ambient operational data to predict unplanned overtime as a proxy indicator of work
system strain on a medical intensive care unit.

Informatics research is required to transform time-stamped records of granular workplace events into
actionable workplace insight. The methods described in this study provide a foundation for future
research that can build toward a larger vision of near real-time work system monitoring. Ongoing
monitoring of meaningful changes in work system health may enable hospitals to proactively recognize
and respond to emerging work system strain, which has potential to improve patient care and the work
experience of frontline clinicians.
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6. Use cases & anticipated benefits of dynamic monitoring of work system
strain on hospital patient care units

Abstract

Hospital patient care unit managers have limited access to information about granular care activities
undertaken by staff on a day-to-day basis, such as minutes spent in communication with others,
medications administered by an RN other than a patient’s assigned RN, or other focused activity
summaries that may contain useful information about workplace health or workplace strain. In the
current study, selected summaries of granular patient care activity were presented to hospital leaders to
elicit feedback regarding the perceived value of granular activity data, and to elicit recommendations
regarding future information system capabilities and dynamic work system monitoring for early signs of
strain. Leaders’ feedback is summarized as “user stories” which capture the knowledge and perspectives
of key stakeholders surrounding processes targeted for improvement.

Introduction

Hospitals leaders are frequently asked to do more with less, which can lead to work system strain, defined
as excessive demand on the strength, resources, or abilities of any care delivery resource, including beds,
nurses, physicians, and equipment.’® Physical and cognitive overload of frontline caregivers can lead to
negative downstream effects such as increased patient risk and caregiver burnout. Time and motion
studies reveal that nurses actively maintain a dynamic queue of outstanding tasks. Nurses’ mental work
gueues contained over 10 items during 62% of observed time periods, and over 15 items during 17% of
observed time periods.?* Despite recognition of the importance of caregiver overload, charge nurses are
not consistently able to recognize when staff are overburdened, and many of the measures employed to
evaluate the nursing work environment, such as absenteeism, turnover, and patient indicators are trailing
indicators of working conditions.®® To address this challenge, there is a need for ongoing work system
monitoring and dynamic recognition of local work system strain to facilitate as a foundation for proactive
management of work system strain and reduction of instances of caregiver overload in the acute care
setting.

Methods

Design

A qualitative descriptive design was selected to elicit knowledge from clinical experts regarding potential
use cases and benefits of near real-time analysis of ambient operational data to support work system
improvement on inpatient adult patient care units.

Participant selection and ethical considerations
A purposive sample of experienced hospital leaders was recruited from an academic medical center in the
Pacific Northwest. Participants were invited to participate in a single focus group session via e-mail.

Ethical considerations

The study protocol was reviewed and approved by the Oregon Health & Science Institutional Review
Board prior to initiation of the study. All participants provided verbal consent to participate in an audio
recorded focus group session.

Participant characteristics

Six clinical experts participated in a single focus group session, including the hospital’s clinical quality
leader, the manager of an adult medical-surgical patient care unit, the manager, assistant manager and
clinical practice leader from an adult intensive care unit, and an informaticist familiar with hospital
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workflows. All participants possessed prior experience in clinical quality improvement. Five participants
were female.

Data collection

Data were collected during a single 60-minute audio-recorded focus group session. The session was
facilitated by the author, who also captured hand written notes. Occasional prompting questions,
summarized in Supplementary Materials, Exhibit F were provided to stimulate participant discussion.

Focus group procedures
An overview of the study, including risks and benefits of participation, was provided at the beginning of
the focus group session. All participants provided verbal consent to participate.

The focus group session consisted of two parts. First, participants were provided with a series of
visualizations of summaries of patient care unit activity, that are not currently available in the hospital
setting. Activity summaries were generated using data from hospital nurse call, medication dispensing,
communications, and time and attendance information systems.

The second part of the session consisted of group discussion of the activity summaries and identification
of future uses of ambient operational data in everyday clinical care. Participants were invited to envision
future use cases and benefits, assuming that the types of activity summaries presented in part one could
be dynamically generated and made available to clinicians at the point of care in near real-time.

Materials provided to participants

Identical visualizations and data summaries were provided in the focus group sessions for a MICU and a
Medical-surgical patient care unit to provide participants the ability to visualize data from their home unit.
However for brevity, examples from the MICU are provided in this report.

Selected activity by calendar day

To illustrate the level of granularity that ambient operational data can afford, participants were provided
with summary counts of selected work system activity types for an example month (Figure 6-1) of MICU
day shifts. Color was used to indicate shifts with and without overtime, and patient safety incidents were
overlaid to provide context around the granular activity counts.
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Sun

Mon

Example month, 2016

Tue

Wed

Thu

Unplanned overtime absent

Unplanned overtime present

Fri

Sat

16Pt(13RN)58% 1
150 med 12 mHIp
64 vRec 3 vGrp

17Pt(10RN)582% 2
136 med 16 mHIp
83 vRec 5vGrp

16PE(15RN)64% 5
187 med 22 mHIp
45 vRec 7 vGrp

13Pt(10RN)60% o
164 med 15 mHIp
54 vRec 5vGrp

16Pt(13RN)62% 5
130 med 8 mHIp
34 vRec 4 vGrp

117 med 5 mHIp
17 vRec 4 vGrp

105 med 16 mHIp
46 vRec 5vGrp

98 med 10 mHIp
48 vRec 9 vGrp

129 med 13 mHIp
60 vRec 2 vGrp

164 med 17 mHIp
41 vRec 2 vGrp

30 nc 2 ncOvt 55nc 1 ncOvt 33nc 20 nc 1 ncOvt 39nc
5 break 1meal 14 break 5 break 2 break 5 break
1PSI 1PSI
12Pt(10RN)75% & 12Pt(8RN)6E3% 7 9OPt(8RN)63% & 14Pt(10RN)75% & | 18Pt{12RN)74% 10 | 18Pt(13RN)53% 11 | 13Pt(12RN)79% 12

164 med 20 mHIp
61 vRec 3 vGrp

127 med 21 mHIp
23 vRec 3vGrp

144 med 13 mHIp
35vRec 6vGrp

110 med 7 mHip
48 vRec 1vGrp

125 med 11 mHIp
54 vRec 10 vGrp

163 med 17 mHIp
73vRec 11vGrp

171 med 19 mHip
49 vRec 7 vGrp

33nc 26 nc 1 ncOvt 37 nc 1 ncOvt 88 nc 4 ncOvt 71nc 3ncOvt 58 nnc 73 nc 2 ncOvt
1 break Z2meal 12 break 5 break 2 meal 10 break 9 break 1meal 2break 2 break
1PsSI 3PSl

18Pt(12RN)54% 13 | 13Pt(12RN)71% 14 | 16Pt(10RN)65% 15 | 15Pt(11RN)68% 16 | 16Pt(13RN)63% 17 | 15Pt(12RN)79% 18 | 18Pt(11RN)70% 19

153 med 11 mHIp
45 vRec 10 vGrp

201 med 28 mHIp
45 vRec 12 vGrp

184 med 41 mHIp
30vRec 4vGrp

183 med 29 mHip
75vRec 3vGrp

161 med 17 mHIp
72 vRec 6vGrp

144 med 24 mHIp
60 vRec 6vGrp

164 med 21 mHip
69 vRec 3vGrp

66 nc 3 ncOvt 95 nc 1 ncOvt 48 nc 5 ncOvt 27 nc 41 nc 2 ncOvt 52 nc 3 ncOvt 52 nc 2 ncOvt
2meal 4break 2 break 1 meal 8break 1 meal 5break 7 break 5 break
1PSI 1PS|
16PL(1S5RN)67% 20 | 17PH{16RN)66% 21 | 16Pt(14RN)71% 22 | 16Pt(13RN)73% 25 | 16Pt(13RN)71% 24 | 17Pt(12RN)81% 25 | 17Pt(13RN)82% 26

183 med 8 mHIp
60 vRec 5vGrp

179 med 28 mHIp
48 vRec 7 vGrp

203 med 26 mHIp
46 vRec 8vGrp
49 nc 5 ncOvt
7 break

178 med 20 mHIp
84 vRec 2vGrp
56 nc 6ncOvt
3meal 11 break

21 nc 2 ncOvt 46 nc 1 ncOvt 66 nc 7 ncOvt 45 nc 47 nc 2 ncOvt 40 nc 1 ncOvt 38 nc 2 ncOvt
1meal 11break | 2 meal 14 break 11 break 1 break
2PSI 1PSI
18Pt(15RN)67% 27 | 17Pt(13RN)69% 25 (Calendar Key:

11Pt{9RN)72% 1
131 med 13 mHlp
36 vRec 1vGrp
25nc 2ncOvt

2 break 1 meal

Pt = Patients, RNs, % of patients here today, also here yesterday, day of month
med = medications, mHelp = med help across assignments

vRec = Vocera received calls, vGrp = Vocera group calls
nc = nurse calls, ncOvt = overtime nurse calls (>3min)

break = missed break, meal = missed meal

PSI = Patient safety incident

Figure 6-1. Day shift-level summaries of raw activity counts for select care activities

Histograms of selected activity across a calendar year
To demonstrate the ability to create summary views of granular workplace activity, histograms were
provided to represent the quantity of medications issued from automated dispensing cabinets, Vocera
communications, and nurse calls from patients across 366 patient care shifts during the year 2016 (Figures

6-2Figure 6-2 to

count

50 100

6-4).

1?Lﬂ
NumMeds

200

Figure 6-2. Histogram of medications issued from automated dispensing cabinets, MICU day shifts, for year 2016
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Figure 6-3. Histogram of received Vocera calls across RNs, MICU day shifts, for year 2016

count

NumNe

Figure 6-4. Histogram of nurse calls across patients, MICU day shifts, for year 2016

Participants also reviewed a box plots of medications issued from automated dispensing cabinets, Vocera
communications, and nurse calls from patients across 366 patient care shifts during the year 2016 to
provide show variation in these activities across hours of the day. An exemplary box plot representing
issued medications by hour of day for 366 day shifts is provided in Figure 6-5.

70 -
B0 -
50 -
40 -

an -

=1

LT L LT,

Hour of day
Figure 6-5. Box plot of issued medications on day shift, by hour of day for year 2016

7

Participants reviewed a list of 50 computable activity features based on qualitative knowledge provided
by frontline RNs. Activity feature rationale is summarized in Supplemental materials, Exhibit E.

Activity differences across the presence and absence of unplanned overtime

Participants reviewed differences in mean activity feature values across all day shifts, and mean values
for the subset of shifts with and without unplanned overtime, used as a proxy measure of work system
strain. MICU activity feature values are summarized in Table 6-1.
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Differ- Expected

MICU, Day shift FY 2016 Overall Unplanned OVR Absent Unplanned OVR Present ence** direction*
Shift-level Activity Features Shifts (n) min mean max sd min mean max sd min mean max sd p value Yes/No/NA
RN instances, cross-assignment meds 366 0 8.4 23 37 0 7.6 17 3.5 1 9.1 23 3.7 <.001 Y
Sum, missed meal hours 366 00 01 25 03 0.0 0.0 0.5 0.1 0.0 0.2 25 0.4 <.001 Y
Sum, missed break hours 366 00 07 40 0.7 00 05 3.0 0.6 0.0 0.9 4.0 0.8 <.001 Y
Sum, RN worked hours 366 47 123 176 220 49 1180 173 211 a7 127 176 21.7 <001 NA
Number of nurses present 366 5 11 16 1.9 5 103 15 1.8 6 109 16 1.9 0.0017 NA
% Medications, IV push 366 14% 28.1% 47% 0.1 14% 26.8% 44% 0.1 16% 29.1% 47% 0.1 0.0017 Y
Count, medication dispenses 366 48 1355 218 31.8 48 129.6 218 315 66 1404 210 315 0.0019 Y
Number of patients present 366 5 140 20 23 5 136 19 23 8 143 20 23 0.0056 NA
Count, med dispenses (own patients) 366 44 1214 193 285 44 116.6 184 285 60 1253 193 28.1 0.0062 Y
Count, cross-assighment med dispenses 366 0 141 46 8.0 0 13.0 46 7.8 0 151 42 8.1 0.0097 Y
Count, med dispenses (Charge Nurse) 366 0 24 24 34 0 2.0 18 3.0 0 2.8 24 3.6 0.0227 Y
% Patients assigned same RN as yesterday 366 0% 14.7% 46% 0.1 0% 22.0% 79% 0.2 0% 18.6% 63% 0.1 0.0238 Y
% Patients also present yesterday 366 39% 71.3% 100% 0.1 46% 72.6% 100% 0.1 39% 70.0% 100% 0.1 0.0241 Y
% Patients present within previous week 366 0% 219% 54% 0.1 0% 23.0% 46% 0.1 0% 20.7% 54% 0.1 0.0253 N
Medication count, shift hour 11 366 0 6.7 17 33 0 6.3 17 33 0 7.1 16 33 0.0331 Y
Medication count, shift hour 3 to 5 366 3 176 44 7.3 3 16.9 37 6.8 4 183 44 7.7 0.0425 Y
Number of float RNs present 366 0 0.8 7 1.1 0 0.7 5 1.0 0 1.0 7 1.2 0.0439 Y
Count, Vocera sent calls 366 9 344 109 124 14 569 109 15.7 40 60.1 92 13.7 0.0583 Y
Aggregate years of experience (non-float) 366 18 733 124 193 18 714 124 198 28 751 115 19.1  0.0602 Y
Aggregate nurse call minutes 366 3 29.2 113 16.0 3 273 113 15.4 5 30.6 84 16.4 0.0896 Y
% RNs >= 2 years of experience & not float 366 40% 78.5% 100% 0.1 40% 80.1% 100% 0.1 40% 77.5% 100% 0.1 0.1146 Y
Count, Vocera received calls 366 7 46.5 158 184 23 851 158 22.0 54 89.8 128 21.7 0.1180 Y
Count, Vocera group calls 366 0 4.8 12 2.6 0 4.6 12 24 0 5.0 12 2.7 0.1209 NA
Medication count, shift hour 1 to 3 366 6 455 94 14.8 6 439 94 15.3 18 46.6 80 14.5 0.1242 Y
Mean, med dispenses across patients 366 5 9.7 16 1.8 5 9.5 14 1.8 6 9.8 16 1.8 0.1390 Y
Count, overtime nurse calls (>3 minutes) 366 0 1.2 9 1.5 0 1.0 8 13 0 13 9 1.7 0.1432 Y
Count, patient safety incidents (PSls) 366 0 0.2 3 0.5 0 0.1 2 0.4 0 0.2 3 0.6 0.1582 NA
Aggregate Vocera call duration (seconds) 366 231 1,724 6,000 7445 231 1,543 5,294 666.8 442 1,885 6,000 781.2 0.2239 Y
Skewness, med dispenses across RNs 366 -2 0.3 2 0.7 -2 0.3 2 0.8 -1 0.2 2 0.6 0.2382 NA
Rapid Response Team (RRT) events 366 0 0.0 1 0.1 0 0.0 0 0.0 0 0.0 1 0.1 0.3186 NA
PSls resulting in patient harm 366 0 0.1 2 0.3 0 0.0 2 0.2 0 0.1 2 0.3 0.3495 NA
Mean medication dispenses, across RNs 366 7 128 21 2.4 7 12.7 21 2.5 8 12.9 19 2.3 0.3530 Y
SD, medication dispenses across RNs 366 3 7.9 15 1.9 3 8.0 13 21 4 7.9 15 1.9 0.4372 NA
Count, Code Blue events 366 0 0.0 1 0.2 0 0.0 1 0.2 0 0.0 1 0.1 0.4403 NA
Ratio, medications hour 1-3 to 3-5 366 1 3.1 15 1.9 1 3.1 12 2.0 1 3.0 15 1.8 0.4621 Y
SD, nurse calls across patient rooms 366 0 3.8 14 2.1 0 3.6 14 19 1 3.8 14 2.3 0.4956 NA
% Medications, lactulose & rifaximin 366 0.0% 0.4% 4.6% 0.0 0.0% 04% 4.6% 0.0 0.0% 04% 3.3% 0.0 0.5016 NA
Count, nurse calls from patients 366 4 39.7 105 18.0 4 38.1 94 16.6 6 40.2 105 185 0.5840 Y
Skewness, med dispenses across patients 366 14 -21 1 2.1 -12 2.2 1 2.1 -14 21 1 2.1 0.7160 NA
% RNs who also worked yesterday 366 0% 309% 70% 0.1 0% 31.1% 70% 0.1 0% 30.6% 64% 0.1 0.7209 Y
% Vocera received calls accepted 63% 87% 90.0% 100% 0.1 63% 86.7% 100% 0.1 65% 86.8% 100% 0.1 0.7953 NA
% Medications, high risk 366 13% 25.1% 40% 0.1 13% 25.1% 40% 0.1 13% 25.2% 40% 0.1 0.8340 Y
% Medications, analgesics 366 4% 203% 35% 0.1 4% 203% 34% 0.1 6% 203% 35% 0.1 0.9178 NA
% Medications, IV Dextrose 50% 366 0.0% 0.4% 5.6% 0.0 0.0% 03% 4.0% 0.0 0.0% 04% 5.6% 0.0 0.9230 Y
SD, medications across patients 366 2 5.7 10 1.2 2 5.7 10 13 3 5.7 9 1.2 0.9582 NA
% Vocera sent calls that were accepted 366 64% 86.8% 100% 0.1 64% 87.0% 100% 0.1 69% 86.8% 100% 0.1 0.9890 NA
Count, Vocera broadcast calls 366 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 N/A NA
RRT events resulting in transfer to ICU 366 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 NA NA

Table 6-1. Mean activity feature values calculated overall (366 MICU shifts) and for shifts with and without unplanned overtime

** T-test difference between mean value of activity feature on shifts with and without unplanned overtime

* Expected direction: Yes (Y) if the change in direction is consistent with qualitative focus group findings; No (N) if change in
direction differs from focus group findings; Not applicable (NA) if the expected direction of change between shifts with and
without unplanned overtime was not articulated by registered nurses in focus group interviews

Box plots were used to show the range of activity feature values across MICU day shifts in which different
guantities of RNs had unplanned overtime for selected activity features. Exemplary box plots representing
medications dispensed across patient assignments, medications administered by the charge nurse, missed
breaks and missed meals are provided in Figure 6-6. The expected direction of values (up) based on
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qualitative feedback from frontline RNs was also noted. To guard against overextrapolation in reviewing
box plot data, a count of shifts by number of RNs with unplanned overtime is provided in Figure 6-7.

Focus group heuristic: Expected trend - Up

Cross-assignment meds #Charge med dispense Missed breaks Missed meals
B
8 .
50 - 25 - —-
40 - . ]
20 ‘-
30 - .
15 4 - —a
20 - 10 - 2
. . é é é = 1 1EOE
O 912345 0T 2 3 4 s 01 2 3 4 s 9T T 2 3 4 5
# RN unplanned overtime # RN unplanned overtime # RN unplanned overtime # RN unplanned overtime

Figure 6-6. Range of activity feature values across shifts in which different quantities of RNs had unplanned overtime

Frequency (& shifts)
175
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# RNz wl unplanned avertime

Figure 6-7. Count of shifts by number of RNs with unplanned overtime

To illustrate an alternate way of visualizing activity features across shifts with and without overtime, box
plots, including dots representing activity for each shift, were reviewed for medications dispensed across-
patient assignments (Figure 6-8) on MICU day shifts during the year 2016.

Unplanned overtime Absent Unplanned overtime Present

Sum, Cross-Assignment Dispenses

Date Date

Figure 6-8. Medications dispensed across-patient assignments, for shifts with and without unplanned overtime

Relevance of activity features to presence and absence of unplanned overtime

Participants also reviewed the top 20 activity features found to be the most discriminative of the presence
or absence of unplanned overtime as identified through Random Forest-based recursive features
elimination® for the MICU and an adult Medical-surgical patient care unit (Table 6-2).
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Medical Intensive Care Unit I Medical-Surgical Care Unit

Rank Feature Importance|Feature Importance
1 Aggregate Vocera call duration 30.1 % high surveillance/risk meds 13.8
2 % Meds IV push 25.8 Count, cross-assignment med dispenses 12.7
3 Sum, missed break hours 23.3 Count, med dispenses by Charge Nurse 8.6
4 Count, cross-assignment med dispenses 22.9 |Aggregate Vocera call duration 8.1
5 Count, medication dispenses 22.7 SD, medication dispenses across RNs 7.8
6 Count, dispensed meds (own patients) 21.6  |Count, dispensed meds (own patients) 7.7
7 Count, Vocera received calls 21.2 Ratio, medications in shift hour 1-3 to 3-5 7.6
8 % high surveillance/risk meds 21.2 % Meds IV Push 7.2
9 Skewness, med dispenses across RNs 20.2 Count, meds dispensed 6.9
10 |% Patients, also present yesterday 20.1 % Patients, also present yesterday 6.9
11 % Patients assigned to same RN within |Mean, medication dispenses across
past week 19.8 patients 6.0
12 % medications, analgesics % Vocera received calls that were
19.6 accepted 6.0
13 |Count, Vocera calls sent % Patients assigned to same RN within
19.6  |past week 5.7
14 Sum, years of RN experience (non-float % medications, analgesics
staff) 18.8 5.7
15 |Skewness, medication dispenses across RN instance count, cross-assignment
patients 18.4 medication help 5.5
16 % Patients assigned to same RN as % Vocera sent calls that were accepted
yesterday 18.1 5.1
17 RN instance count, cross-assignment % Medications Lactulose + Rifaximin
medication help 17.6 5.0
18 Sum, nurse call minutes 16.9 SD, medication dispenses across patients 4.9
19 |SD, medication dispenses across RNs Sum, years of RN experience (non-float
16.6 staff) 4.4
20 |Count, Vocera group calls % RNs with >= 2 years of experience and
16.4 not float 4.2

Table 6-2. Top 20 activity features most discriminative for the presence or absence of unplanned overtime

Example visualization of adaptive work strategies

To provide a conceptual example of a visual summary of medication activity and use of medication-related
adaptive strategies in the context of a single shift, Figure 6-9 contains a visual depiction of the volume of
medications dispensed by RNs for their own patients (light green), medications passed for other RNs (dark
green), and help received (yellow). Additionally Figure 6-9 contains, and contextual indicators for the
charge nurse (black), RNs with patient continuity (blue), and RNs with overtime (red). With the exception
of overtime, which is not available until after a work shift is completed, other activity features could
plausibly be calculated and displayed in near real-time.
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Figure 6-9. Medication activity by RN for an exemplary medical-surgical patient care shift

Interpretation of data

Data were interpreted using an a-priori coding template based on the construct of “user stories” from
agile product development.t®® User stories facilitate the capture the knowledge and perspectives of key
stakeholders in a process or system targeted for improvement. User stories can be written at varying
levels of detail, but each user story depicts a need, a description of the functionality required to address
that need, and the anticipated benefit the functionality would provide.

Results

Participants articulated that activity summaries provided for review in this study include data that are not
currently available to hospital patient care units. Participant observations related to each type of data
visualization are summarized below. Subsequently, participant recommendations regarding future
information functionality are summarized as user stories in Table 6-3.

Selected activity by calendar day

Participants perceived that the granularity of activity data presented in the calendar view could help
clinicians mentally reconstruct a past work shift, and they were particularly interested in viewing activity
on shifts with patient safety events. Participants noted that similar data may currently be available as an
administrative report from individual information systems, but not in an aggregated view in which users
can view multiple threads of activity in the context of a work shift, day of week, safety events, and code
blue events.

Histograms of selected activity across a calendar year

Participants perceived that the distribution of activities and events was largely consistent with what they
might expect, but acknowledged that this is not data that is routinely reviewed as a part of managerial
practice.

Activity differences across the presence and absence of unplanned overtime

Participants validated that use of unplanned overtime, defined as more than 30 minutes but less than 3
hours, is a reasonable proxy measure of work system strain, as overtime during that time range is often
related to unfinished work that has accumulated throughout the day, or changes in patient condition that
require the outgoing nurse to stay until the incoming nurse can get set up for his or her shift and take
over. Participants found it interesting that the difference in direction across activity features with and
without overtime was largely consistent with expected direction articulated by frontline RNs.
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Relevance of activity features to presence and absence of unplanned overtime

Participants articulated that they were not surprised that the percent of medications delivered by IV push
was in the top 10 features discriminative of the presence or absence of unplanned overtime. Managers of
the MICU and an adult Medical-surgical patient care unit stated that the number of medications delivered
via IV push has risen considerably in recent years, and they speculated that the importance of this activity
feature may be even higher today than it was during the 2016 study time period.

User stories
Participants envisioned several uses of ambient operational data that could provide benefits to multiple
members of the care team in addition to nurses, as summarized in Table 6-3.

Challenge: Members of the | Automated work system Physical therapist: Adjust visit schedule to

care team are largely monitoring, with at-a-glance decrease time spent waiting for RN assistance

unaware of each other’s indications (e.g. red, yellow, with patient mobility

workload, and often add green) of patient care units and | Physicians: Avoid conducting non-emergent

unnecessary pressure to RNs experiencing strain procedures during times of strain

one another’s work days Bed Manager: Receive “staffing ready/not ready”
indication for admits, analogous to clean/dirty
bed status

Staff RN: Reduced time pressure as a result of
other members of the care team adjusting the
timing of activities based on current workplace

conditions
Challenge: Charge nurses Automated work system Charge Nurse: Identify RNs that are currently in
may not be aware that RNs | monitoring, with at-a-glance need of help
are experiencing overload | indications (e.g. red, yellow, Patient: Avoid delays related to an overloaded
green) of RNs currently primary RN.
experiencing strain Staff RN: Equitable patient assignments can
and reduce overload and enhance the work

Dynamic visibility of granular experience of nurses

workplace activity at both the

RN and patient care unit levels
Challenge: Managers lack On-demand generation of Managers: Engage in data-driven conversations
granular data to summaries of bedside activity | with hospital leaders about supply-demand
characterize the work that | at multiple levels of abstraction | balance challenges at the bedside
occurs on patient care units | for different time periods

Challenge: Energize efforts | Summarized activity features Managers: Granular activity features can provide

to prevent overload, as it across additional outcome an additional source of data to help catalyze ideas

can become culturally states (e.g. patient safety, related to work redesign, process improvement,

accepted as unavoidable manually generated shift and policy change that may improve care quality
ratings of strain, patient and the work experience of clinicians

satisfaction)
Table 6-3. User stories generated by clinical experts

Discussion

In this study, local patient care unit leaders reviewed exemplary visual and numerical summaries of
granular care activity that was generated using actual ambient operational data from participants’ patient
care units. Through discussion, participants confirmed that the exemplary information summaries
provided are more granular in detail and time than currently available hospital reports. Nurse managers
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perceived that this information could facilitate data-driven discussions with hospital leaders about
challenges encountered in the workplace.

Participants noted that data regarding IV push medications was consistent with their expectations given
recent increases in the use of IV push medications, but participants reviewed similar activity features such
as call light frequency, and aggregate Vocera phone call duration without providing commentary. This
may be due to an absence of comparison data or historical knowledge of activity at this level of granularity.

Participants envisioned future applications and benefits of near real-time analysis of workplace data,
including automated workplace monitoring that could provide multiple members of the care team with
at-a-glance information regarding nurses’ current status and level of strain. Participants’ identification of
the value of making other team members aware of “busy” times on a patient care unit is consistent with
previous literature regarding fluctuations in nursing workload. Wolf and colleagues noted variation in the
number of accumulated “stacked” items across a shift, noting that the highest number of stacked items
typically occurred two to two and one half hours into a patient care shift.?* Hendrich and colleagues noted
that RNs spend over 20% of their work time in care coordination-related activities, in addition to noting
significant variation in distance traveled, and time spent on specific tasks across individual RNs on the
same work shift.}% These observations are consistent with participants’ suggestion that that it would be
valuable for physical therapists and physicians, with whom RNs regularly collaborate, to have awareness
of RN’s current workload and status.

Participants’ recommendation that increasing charge nurse awareness of individual RNs that may be
experiencing overload suggests that future activity features should be created to reflect individual RN, in
addition to unit-level activity. The identified need echoes previous findings that RNs often adhere to a
“super nurse” culture in which RNs perceive that they are completely responsible for meeting their
assigned patients’ care needs, and that asking for help can be seen as a sign of weakness.>?

The use cases and anticipated benefits identified by participants in this study provide helpful focus areas
for future uses of ambient operational data in everyday clinical care. Participant discussion also suggests
focus areas that will be important to include in future evaluations of use of ambient data at the bedside,
including potential influences on the culture of nursing, and working relationships among diverse
members of the care team.

Limitations

Known limitations of this study include data collection at a single site, which may limit generalizability of
findings to other settings. Local patient care unit leaders participated in this study, but managers were
unable to relieve bedside RNs of care delivery duties, which prevented their participation. Inclusion of the
perspective of frontline RNs in future studies may lead to identification of additional use cases and
potential benefits of near real-time collection and analysis of workplace data.

Conclusions

Aggregation and analysis of multiple ambient operational data sources can provide new information
about granular activities that occur during patient care shifts. Patient care unit leaders envision benefits
of future near real-time analysis of workplace data may include increased awareness of the presence of
work system strain, which can facilitate dynamic adjustment to the timing of physical therapy or bedside
procedures that can help level-load RNs work. Leaders anticipate that dynamic workplace monitoring can
help identify RNs experiencing elevated service demand, thereby facilitating proactive intervention.
Leaders also anticipate that the availability of more granular information about workplace activity can
help facilitate data-driven discussions with hospital leaders about supply-demand challenges at the
bedside, and help catalyze ideas related to work redesign, process improvement, and policy change that
may improve care quality and the work experience of clinicians.
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7. Overall Discussion & Conclusions

Hospitals face the combined challenge of an aging population that requires complex care, increasing rates
of retirement among experienced baby boomer clinicians, and anticipated transition to value-based
payment which will require hospitals to produce consistently high quality care at reduced cost. As hospital
payments become increasingly bundled, hospitals possess a need for increasingly granular information
about hospital operations to inform improvement efforts.

While resources such as hospital beds are tracked with a high degree of precision, hospital leaders
currently have limited access to information about clinician activity or overload as it occurs in real time.
This lack of dynamic awareness can negatively impact care quality and the work experience of clinicians.
Frontline clinicians experience frustration and fatigue during times of strain, and patients experience
delays and increased safety risk as clinicians share limited time between patients and make trade off
decisions between competing care needs.

As an initial step toward generation of near real-time operational insight from naturally occurring
workplace data, this exploratory study establishes a repeatable process for eliciting real-world signs of
strain. Key steps include 1) elicitation of heuristic workplace knowledge from frontline clinicians, 2)
generation of computable activity features from workplace data, 3) identification of features that are most
discriminative of meaningful workplace outcomes, and 4) selection of activity features for inclusion in
training and testing of pattern classification algorithms that can predict meaningful workplace outcomes.
The current study represents a single iteration of this process, using unplanned overtime as an example
of enhanced operational insight, and establishes a blueprint for future workplace studies. In this chapter,
study findings from the qualitative knowledge elicitation study and exploratory analysis of ambient
operational data are discussed in relationship to previous literature and the outstanding real-world need
for dynamic workplace monitoring.

Operational data sources contain information that is relevant to work system health

The challenge of clinician overload may date back to the earliest hospital facility, yet it remains a
contemporary issue. In the intervening years, software systems have been developed to support
development of hospital budgets, manage the hospital workforce, and assign staff to individual work
shifts. Acuity systems have been developed to predict care needs and the time required to deliver required
services to individual patients. Adoption of electronic health records has led to more precise estimates of
patients’ care needs by basing acuity calculations on clinical data, with periodic recalculation of acuity
scores throughout a shift as new clinical documentation or providers orders are added to the EHR.®°

Periodic recalculation of patient acuity during a work shift is an important advancement. However, patient
acuity based on patient characteristics and clinical documentation does not represent the full breadth of
activities undertaken by nurses.* Nurses spend approximately one-third of their time in patient rooms®
and a much larger proportion of their time preparing for care activities, engaging in care coordination
activities, addressing challenges and documenting clinical care outside the patient room. Leaders
currently have limited visibility into many of the activities that consume a majority of RNs’ time, and
although research has demonstrated relationships between workplace interruptions and care
outcomes,? patient care unit leaders currently lack visibility into the volume and frequency of patient
nurse calls, phone calls, clinical alarms, paging events, or other potentially disruptive events.

Ongoing assessment of situation-level workload, defined as in-the-moment circumstances and
performance obstacles encountered in the workplace’ is an unmet need in the nursing work environment.
Performance obstacles such as inaccessibility to medications, difficulty reaching a provider, time required
to don isolation gowns, and many other workplace circumstances carry time requirements and may

Page 58 of 76



induce workplace stress. Situation-level workload can crowd out time for essential patient care services
and personal time for meals and bathroom breaks, leading to negative patient and RN consequences.

Dynamic assessment of situation-level workload is needed to augment, rather than replace, current
workload management strategies and tools. Situation-level workload monitoring can include utilization of
operational data sources such nurse call, communication, and timecard-related data that is not currently
captured by EHRs. Workload analysis also requires the ability to analyze data in a staff person oriented
manner, which differs from the patient-centered information management paradigm currently employed
by EHRs. Inclusion of ambient operational data in workplace analytics is useful because these data contain
workload-relevant information and can be analyzed at multiple levels, including the patient care unit, staff
person, and patient level.

Ambient operational data possesses desirable characteristics for workplace monitoring
Hospital work environments are becoming increasingly quantified. Operational information system
automatically produce transactional records and log files as a natural byproduct of care activity. Human
factors researchers have suggested that quantified workplaces have potential to become living
laboratories, changing the way we study work and deepening the insights that may be gained.’” However,
this opportunity is not yet realized in the hospital setting.

Frontline clinicians interact with multiple electronic systems including communications systems,
medication dispensing systems, bedside clinical monitoring devices, time and attendance, and many
others. These systems produce large amounts of ambient data on a moment-to-moment basis. Unlike
systems that require intentional human documentation, transactional records produced by operational
systems are automatically generated and could conceivably be analyzed in near real-time. Transactional
records are also associated with an automatically generated date-time stamp, which facilitates
summarization of care activity across multiple time frames. As a result, ambient workplace data possess
desirable characteristics of system resilience indicators reported in existing literature, including 1) based
on non-manipulatable sources, 2) measurable, 3) obtained from existing data, and 4) simple to
understand.?’

Qualitative inquiry provides a useful foundation for subsequent quantitative analysis

The qualitative knowledge elicitation study described in Chapter 3 provides an in-depth understanding of
activity changes, workplace characteristics, and adaptive work strategies employed by RNs during times
of strain. Qualitative findings provide an important foundation for quantitative analyses by establishing a
clinical basis for definition of activity features that may serve as digital echoes of work system strain.
Providing clinicians with an opportunity to contribute to the development of future workplace monitoring
systems can also aid adoption of future workplace technologies, as clinicians’ trust of new technologies is
enhanced when clinicians have contributed to, and clearly understand the rationale behind system
functionality. Engaging clinicians through qualitative inquiry is also consistent with the Institute for
Healthcare Improvement’s recommendation to elicit information about workplace barriers directly from
employees as a step toward creating humane places for employees to find meaning and purpose in
work.1%

Through focus group interview, frontline RNs describe multiple workplace characteristics and activity
changes that occur during times of overload. Many of the adaptive work strategies reported by frontline
RNs such as postponing documentation, skipping breaks, and missing patient ambulation, turns or hygiene
are consistent with previous literature describing missed nursing care.3® Activity changes described by RNs
as real-world signs of strain including frequent phone calls, task switching, ping-ponging up and down
hallways, asking for help, forgetting things, and physical discomfort related to a lack of personal breaks
are consistent with literature describing the complexity of the everyday clinical care,” challenges
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introduced by frequent interruptions,?®and internally perceived symptoms of stress, fatigue and
frustration related to overburden.>

Qualitative input from frontline clinicians also helped guard against the application of data science
methods without a solid conceptual foundation, commonly termed “data dredging”. Although quantified
workplaces provide an abundance of discrete time series data, healthcare researchers warn against the
dangers of identifying spurious relationships!® in large data sets when analyses are not grounded by an
understanding of clinical processes and the work system being studied.

Use of adaptive work strategies may signal emerging work system strain

The current study conceptualizes adaptive work strategies as a reflection of RN decisions and actions
taken in an effort to sustain care delivery in the face of workplace disturbances. Adaptation provides
flexibility and sustains an organization’s ability to function across a wide variety of situations and
challenges. Nurses report that under strain, adaptive strategies that present the least safety risk to
patients are chosen. For example, an RN will skip meals or breaks before rescheduling patient-facing care
tasks. If workplace strain escalates further, an RN is likely to reschedule a daily aspirin rather than an IV
antibiotic. RNs will ask others for help before skipping tasks such as patient turns or foley care. However,
under extreme strain, RN capacity may be limited to high priority tasks. Use of adaptive strategies that
carry patient risk in the presence of increasing workplace strain is consistent with the pattern of work
system decompensation, described in resilience engineering as a common mechanism of adaptive
systems failure.’* Adaptive behaviors can cushion against failure by adding adaptive capacity, but adaptive
behaviors can also obscure how close an organization may be drifting toward a potential point of failure.'®
2122 For these reasons, near real-time monitoring of the use of adaptive strategies may provide actionable
operational insight that can improve patient safety and the work experience of frontline clinicians.

To the author’s knowledge, previous studies have not explored automated detection of adaptive work
strategies as a means of detecting workplace strain. In the current study, the adaptive strategy of asking
for help passing medications was explored as a possible early signal of work system strain. Instances of
passing medications for non-assigned patients were found to be higher on shifts with unplanned overtime
than on shifts without, on both the MICU and Medical-surgical patient care units (Table 5-5 and Table
5-6). This direction is consistent with RN reports of requesting help in passing medications during times
of strain as a way to reduce patient wait times and resolve competing demands for time. Cross-patient
assignment administration of medication appears in the top 10 features found to be most discriminative
of shifts with and without unplanned overtime (Table 5-7). Similarly, aggregate minutes spent on Vocera
phone calls were higher on shifts with unplanned overtime than shifts without, which is consistent with
frontline nurses’ anticipated direction of change in this activity during times of strain. These findings
suggest that detection of clinician use of adaptive work strategies is a useful strategy for detection of work
system strain.

Analysis of ambient data can enhance care delivery

This study demonstrates that it is feasible to enhance observability of care activity. Activity features,
calculated using ambient data, summarize activities such as the volume of medications administered,
percent of medications that were delivered via IV push, volume and duration of Vocera calls received,
number of nurse calls that were not answered within three minutes, percent of patients who are cared
for by the same RN on consecutive days, and many other activities. Summarization of care related activity
at the shift level resulted in generation of new information that is not currently available to frontline
clinicians or hospital leaders (Tables 5-5 and 5-6). Through qualitative interview (Chapter 6), hospital
leaders confirm that information derived from ambient data regarding care continuity, medication
administration, communication, missed breaks, and other activity provides useful workplace insight.
Leaders envisioned multiple future uses of activity data, including automatic identification of RNs
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experiencing overload which can facilitate proactive intervention by charge nurses, communication of
overload status to other members of the healthcare team which can facilitate better scheduling of bedside
procedures or therapy, and identification of opportunities for work redesign that may eliminate system-
induced workload peaks and valleys.

In this mixed methods study, real-world signs of strain, sensed as granular changes in workplace activity,
work strategy or behavior, were elicited from frontline registered nurses through qualitative focus group
interviews. Subsequently, an environmental scan of operational information systems used in the patient
care unit setting was conducted to identify systems that produce ambient data relevant to real-world
signs of strain as a natural byproduct of patient care. Next, ambient activity from a one-year time period
was exported from four widely utilized operational systems: time and attendance, nurse call, medication
dispensing, and Vocera phone communication. Activity features were calculated from integrated ambient
data, and classification algorithms were trained and tested for their ability to predict unplanned overtime
as a proxy indicator of work system strain.

Feasibility of predicting unplanned overtime was demonstrated with an overall accuracy of 61.3% at ten
hours into a 12-hour work shift, and 63.5% accuracy for full work shifts. Although accuracy achieved in
this exploratory study is not high enough to justify real-world deployment of the classification algorithms
developed in this exploratory study, demonstration of feasibility using retrospective data is an important
finding because it demonstrates that ambient data can be used to characterize work system strain during
work shifts, when proactive action can be taken to mitigate negative patient and staff outcomes. The
current study is useful as a blueprint for future extensions of this research that may employ additional
data sources or different workplace outcomes.

Limitations

The current study was conducted on two patient care units at a single academic medical center. Findings
may not be generalizable to other patient care units within the same facility, or to patient care units in
other facilities. Qualitative focus group participation was scoped to the role of the RN, as RNs spend the
greatest amount of face time with patients and play a central role in hospital-based care delivery.
However, future studies will benefit from inclusion of providers, nursing assistants, social workers,
therapists and other healthcare team members in qualitative inquiry. As is true for any recall
methodology, discussion of past workplace events carries potential for participant recall bias.

Ambient data are not originally generated for purposes of analysis. Data from operational systems are
siloed across multiple databases that lack common identifiers that could help facilitate straightforward
association of people, places and times within the data. Ambient data utilized in this study was acquired
using preconfigured reports designed for human consumption. Therefore, data required a large amount
of preprocessing effort to overcome the lack of common identifiers. Methods utilized to map patients,
nurses, locations and shifts worked, and overcome a lack of clock in and clock out times may have resulted
in irregularities in the aggregated dataset. In future studies, custom export of data from operational
systems in a format designed for machine ingest could greatly reduce the need for preprocessing and
would improve data accuracy.

A system upgrade during the study time period resulted in the loss of nurse call data for the medical-
surgical patient care unit. This reduced the number of activity features that could be calculated for this
unit, which may have contributed to the unsuccessful classification of shifts with unplanned overtime for
that patient care unit.

Recommendations for future work
Although nurses describe a wide variety of workplace stressors and scenarios that lead to overburden,
nurses describe a much smaller number of adaptive work strategies that are commonly employed during
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times of strain. This observation suggests that use of adaptive strategies may serve a common early
warning of growing workplace disruption without requiring that the source of disruption be known.
Continued development and refinement of methods for automated detection of use of adaptive strategies
in the workplace is recommended as a focus area for future research.

Future studies will benefit from creation of additional activity features, using additional data sources, and
spanning more narrow timeframes to expand the collection of computable signs of strain. Granular
activity features can be used as input to future hour-level classifiers that account for normal variation in
activity related to shift rhythms, and provide early warning of emerging work system strain. A list of data
sources used in the current study, and additional data sources to consider in future studies is provided in
Supplementary Materials, Exhibit H.

Clinical leaders who reviewed quantitative study findings identified several use cases for near real-time
analysis of ambient data in the hospital setting. Provision of at-a-glance workload indicators for patient
care units and individual nurses was identified as functionality that could lead to reduced wait time for
physical therapists, choice of mutually advantageous times for bedside procedures by physicians, and
reduced frequency of demand spikes at the bedside. Future research will benefit from transition to field-
based, participatory research, and generation of activity features using near real-time data.
Collaboratively, frontline caregivers and researchers can identify optimal methods for visualizing
dynamically generated summaries of patient care activity, and overload status indicators.

Implications

Ambient hospital data are currently underutilized in healthcare delivery research. The current lack of
integration among hospital operational systems is a barrier to widespread utilization of workplace data.
There is an urgent need for integration of all data generated during care delivery to facilitate robust
operational analytics and creation of dynamically generated operational insight.

Although our current knowledge of clinician overload has been largely derived through cross-sectional
study designs, the current study demonstrates the feasibility of using automatically generated activity
data in healthcare improvement research. Near real-time analysis of workplace data can facilitate
participatory research and creation of a dynamic “learning operational systems” in the hospital setting.
Continual learning and improvement can support enhanced care quality and positive clinician work
experiences.

Exploration of workplace activity data can foster a spirit of curiosity that may help move an organization’s
culture from acceptance of overload as a given, to exploration of opportunities for level-loading work and
development of interventions for proactive response during times of strain. Objective measurement of
granular data can also foster data-driven conversations between patient care unit leaders and hospital
executives about workplace challenges and opportunities.

Conclusions

As the hospital work environment becomes increasingly quantified, there is an opportunity to harvest
workplace data to provide increased observability of care activity, and to facilitate advanced operational
analytics. To enhance care delivery and reduce clinician burnout, there is a need for dynamic workplace
monitoring capabilities that provide early warning of work system strain.

Dynamic workplace assessment requires access to dynamically generated data. Automatically generated
ambient operational data may address this need and facilitate innovative practice-based research. The
current study provides an example of a repeatable process for application of knowledge elicitation and
data mining methods to identify activity changes and adaptive behaviors that occur during times of strain,
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create activity features to reflect workplace changes, and pinpoint activity features that are discriminative
of meaningful workplace outcomes to support enhanced operational analytics.

It is feasible to characterize work system strain using automatically generated workplace data. Patterns
of activity, made observable through analysis of ambient operational data, have potential to serve as
proxy indicators of supply-demand imbalance, clinician overload and strain. The current study
demonstrates this feasibility by predicting unplanned overtime on a medical intensive care unit with over
60% accuracy prior to the end of a work shift, when proactive intervention can occur. The accuracy
achieved in this study many not be suitable for deployment in a live care environment, but this study
provides a blueprint for future studies that extend use of ambient operational data in care improvement
research. It is anticipated that addition of data sources such as the electronic health record, bedside
monitoring and location tracking data, creation of new activity features, and use of higher fidelity
outcomes in future research will boost classification performance. Future extensions of this research may
support development of learning algorithms that support multiple workplace outcomes including
enhanced patient safety, patient satisfaction, and reduced clinician fatigue, burnout, and staff turnover.

Future uses of ambient operational data in everyday clinical care include near real-time monitoring &
early warning of work system strain, proactive response to emerging demand bursts, and identification of
opportunities to level load work through work system redesign. Additional research, including use of field-
based participatory research methods, are required to support development of innovative information
systems that generate actionable near real-time workplace insight and support enhanced operational
decision making at the hospital patient bedside.
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9. Supplementary Materials

Exhibit A: Focus Group Interview Guide — for study described in Chapter 3
We are interested in your feedback regarding draft definitions of levels of stretched care capacity.
e Do the descriptions of levels of stretch feel consistent with your work experience?
o What modifications might you suggest?
In your everyday clinical work experience:
o What workplace cues or telltale signs are present during a good shift? During a bad shift?
e Are there better or worse times of the day to fall behind? Why?
e |n what ways can workload fluctuation across a shift affect patient safety?
Think back to a time when your capacity for care was really stretched:
e What events contributed to the stretch?
How did you recognize that you were stretched?
In what ways did activity in the workplace change?
What adjustments did you make to your work to meet the demands of the situation?

Are there other important aspects of stretched care capacity that you would like to discuss?
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Exhibit B: Focus Group Code Book
The study’s focus group coding template was developed through individual coding of the first focus group by three qualitative researchers with
backgrounds in clinical informatics, medical anthropology and industrial engineering, followed by a consensus development discussion and
collaborative review of the final coding template.

manageability

RNs perceive are
associated with a
positive work
experience

Code Code definition Example Quotes
Temporal shift [Time-related care Participant 9: If you’re behind when rounds happens, like it kinda sucks to be the 8 a.m. rounds, but like, you
rhythms routines, and times of  |know if they get to you at 9:30 or whatever and you’ve already fallen behind by that point, then you’re in trouble.
day that are most Participant 18: So between 8 and 10 it’s mostly assessments, medications, and charting those in between if you
vulnerable to stretch can.
Demand Rapid fluctuation in Participant 2: Sometimes I’'m having a great day, and all of a sudden it gets busy for 20 minutes, so | procrastinate
bursts demand for patient care |those meds for 45 minutes.
services that may or Participant 6: There’s this period where it’s really quiet, and then by the end of the day you’re like “Oh my God,
may not lead to stretch [it’s so good that they’re here to take over, cuz | can’t do one more thing.
@ (Signs of Perceptible changesin |Participant 2: “Sometimes with my patients, you have 3 of them on Q2 hour IV dilauded, so you have, think about
E stretch workplace activity that |the overlap. You're in one of those rooms at least once an hour. Drawing up the med, giving the med, 10 minutes
E occur when patient each patient.”
> |Note: demand exceeds Participant 8: “Yeah, that’ll be a queue though, like you’ll notice maybe somebody, their call light is going on all
:g Underlying capacity for care the time and they’re not answering it, and so you’ll go check and see they’re elbow deep in something in their
& |sources of other room. And you’ll say, I’'m noticing patients calling a lot, can | do something so you can get out of this room?
stretch may or Maybe they’re holding pressure on a IV site that they’ve just pulled and it’s bleeding a lot, so you can go in and
may not be hold pressure for 20n minutes so they can go in and take care of business next door.”
known
Signs of Shift characteristics that |Participant 6: “It’s just a steady day. Like if | have a nice, just steady, where things don’t get out of control, or |

have time to sit, get all my assessments done before noon and it’s all charted.”

Participant 16: “I think there’s other telltale signs too, like you don’t see people running around chaotically.
There’s a little more “Hey, how was your weekend?” a little more communicating between the activities that
we’re doing. You’ll see more people able to chart, even if it’s not right in real time, they’re able to come out to the
nurses’ station and be charting. People will be at discharge rounds on time. There’s signs like that as well, that
we’re doing OK as a unit.”
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stretch

Proactive Individual efforts to Participant 9: “My room is set up, everything is ready to go for my admission that | don’t even know exists yet. |
planning optimize use of one's do whatever | can to make the front go faster, or be more efficient.”
time during a patient Participant 14: “A lot of our patients do require turns every two hours, and so you know in your head ok, every
care shift two hours, on the even hours or on the odd hours, I've got that. So it’s kind of always in the back of your mind,
that’s on your task list of things to do. We do Q4 hour assessments, so that’s on the back of your mind. And then
you add in a patient, like we’ve been pushing for no foleys recently, and so it’s like, you have a patient who is
_;ﬁn getting diuresed, and you don’t have a foley, so you know you will be going in more frequently there.”
% Reactive Real-time work Participant 3: “l will defer assessments on the patient who is not as sick, so it might be an hour late. | will defer
& |strategies adjustments that reflect |clean-ups unfortunately, or they may be late. If someone is having a blood pressure crisis in this room, the other
% clinician’s problem patient might have to wait for a while. And it feels bad, but that is just what has to happen. Meds may be late.
2 solving efforts and Charting will definitely be late. | will generally skip a handoff note, breaks, bathroom time for me, and turning and
2 behaviors mobilizing my patients.”
Participant 10: “Well, you have to prioritize, things that need to be done immediately, and things that can be done
later. | mean, for example, patients will have every medicine at 9:00 a.m., sometimes you cannot give all those
meds at 9, and is it OK for aspirin to be 3 hours late? Yes, it is. So you can think that way and it’s like they need
blood, they need these antibiotics, you know, | don’t have IV access — well, | need to do those things. And some
things can get pushed, even though they’re scheduled at a specific time. So you have to just be willing to see
where there is flexibility.”
Flexible Hospital structures and |Participant 1: “We have a way of asking — like the secretary is taught. All right, the first person you ask is the CNA
resources resources that help if it’s a toilet thing. Second, you ask the other CNA. If the other CNA is not available, then you ask the nurse, and if
manage crises or they’re not available, then you ask the charge nurse, who may not have patients.”
workload variability Participant 4: “But that is one thing that RRT [Rapid Response Team] program has helped, is that when they see
something starting to happen, and they know they can’t get there, they can call the RRTs to come and do the
work-up on the patient.”
%‘ Professional |Expectations and norms |Participant 2: “And you’ll have some night shift mad at you because you're leaving things undone, or there’s the
g culture that influence the work |problem of, | know everything | know about this patient, I’'m working with them, and now I’m gonna have to tell
2 environment and care  [someone all this information, so it can get lost, and who knows if they’re gonna pick up the ball and run with it
E delivery because when you first get on shift, you’re trying to learn about every patient and get your bearings, it’s like
x Double Dutch.”
§ Participant 3: “But | really think there is this, and maybe you guys can speak to it too, the psychological
perspective of like “These are my patients, | have to do everything for them”. And so there’s a tendency to not ask
until it’s like “Nope, | can’t handle this anymore”, and then you ask for help.”
Stretch Nurses’ reaction to a Participant 9: “I think, one of the things | don’t see here is ‘unsafe’, a phrase that we use all the time.”
definition proposed definition of |Participant 14: “They’re not the words I’d normally use to describe things, but when you actually like make things

concise, that’s basically exactly what it is. Like, | AM prioritizing efficiency over thoroughness, but those aren’t
necessarily the words that | would use.”
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Exhibit C: Aggregate “Last Shift Trajectory” exercise drawings from study participants

Overlying participant’s depictions of temporal variation in workload demonstrates that nearly all participants experienced an increase in workload
between the hours of 7-10 am across their last shift worked, and experienced variable workload throughout the remainder of the day
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Exhibit D: Emoji Stickers used to reflect work states
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Exhibit E: Activity features, based frontline RN input regarding work system signs of strain

Category

Activity Feature

Relationship to qualitative RN insight

Shift
characteristics

Number of patients present

Number of RNs present

Mean medication dispenses across RNs

Mean medication dispenses across patients
Standard deviation, med dispenses across RNs
Skewness, medication dispenses across RNs
Standard deviation, nurse call events across rooms

Shifts with high turnover, or very low census, often have heavy workload
Working short involves strain

Medication volume can affect workload

More medications may indicate a sicker patient

Difference is proxy for equitable assignment

Difference is proxy for equitable assignment

Difference is proxy for uneven assignment

Shift rhythms

Count, medications dispensed in shift hours 1-3
Count, medications dispensed in shift hours 3-5

Shift hours 1-3 are characterized by heavy medication administration
Fewer medications tend to be administered in shift hours 3-5 than 1-3

Patient
characteristics

% Narcotic analgesic medications

% Medications, lactulose & rifaximin in combination
Standard deviation, medication dispenses across patients
Skewness, medication dispenses across patients

Frequent requests for PRN medications increase workload

Specific medications suggest a heavy workload (hepatic encephalopathy)
Differences may indicate uneven workload across RNs

As above

RN
characteristics

% On-duty RNs with >2 years of experience & not float
Count, float RNs present
Sum, on-duty RN hours

Experienced RNs are comfortable asking for help & moving work in time
Float RNs tend to be less familiar with unit routines
Reflects RN time available to patients

Continuity % On-duty RNs who also worked yesterday The 2" day back at work tends to be easier than the first
% Patients present today, also present yesterday High turnover is associated with heavy workload
% Patients assigned to same RN as yesterday Familiarity with patient can reduce effort required to personalize care
% Patients assigned to same RN within the past week Familiarity with patients can reduce effort required to personalize care
Medication Count, total medication dispenses May reflect workload
events Count, medication dispenses within assignments RNs typically give all medications required by assigned patients

% Medications requiring increased surveillance
% Medications IV push

Proxy for medication-related workload
Proxy for increased medication-related workload

Communication
events

Count, nurse calls from patients
Count, Vocera calls sent

Count, Vocera calls received

Count, Vocera local broadcast events
Count, Vocera group calls

Sum, Vocera call duration, in seconds

Nurse call volume can affect workload

Communication increases during times of strain

Communication increases during times of strain

Broadcasts can indicate an urgent need for help

Group calls may reflect need for lift help or medication waste co-sign
Increased communication often occurs on shifts with heavy workload
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Strategy: Recruit
resources

Count, medication dispenses across assignments
RN person instances, cross-assignment medications
Medication dispenses by the Charge RN

Count, missed break hours

Count, missed meal hours

Under strain, RNs may ask other RNs to pass medications for them
Under strain, RNs may ask other RNs to pass medications for them
Charge nurse is more likely to help pass medication on stretched shifts
Under strain, RNs will skip breaks to create time

Under strain, RNs will skip meals to create time

Strategy:
Move work in
time

Count, overtime nurse calls > 3 minutes in duration
Sum, nurse call duration, in minutes

Ratio, medications dispensed in shift hours 1-3, to 3-5
Count, medications dispensed in shift hour 11

Under strain, staff may be less responsive to call lights

As above

Under strain, RNs may administer non-time-sensitive medications late
Late shift medications may indicate “catching up” or a late-shift admit

Strategy:
Shed tasks

% Vocera received calls that were accepted
% Vocera sent calls that were accepted

Calls are typically accepted unless something critical is occurring
As above

Notable events

% Medications, IV Dextrose 50%

Rapid response team (RRT) events

RRT event resulting in transfer to intensive care
Code blue events

Patient safety incidents (PSls)

Brittle diabetics involve increased workload

A change in patient condition subsumes 100% of an RNs attention
Clinical emergencies are associated with increased work tempo
As above

May be a sign of work system compromise

Exhibit F: Focus Group Interview Guide — for study described in Chapter 6
We are interested in your feedback regarding the activity summaries that have been
generated using ambient operational data.
e What data matches your expectations?
e What data are curious or surprising?
e What additional questions come to mind?

Assuming exemplary activity features provided using retrospective data were available

in near real-time:

o Which activity features would be helpful to use in daily operations? In what ways?

e In what other ways might dynamically generated activity features help address key
organizational challenges?

Are there other important topics related to ambient operational data that you would like

to discuss?
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Exhibit G: Ambient data record counts by unit

Category Data description MICU Records Medical- Total
Surgical Records
Records
Staff & Pt. Distinct RNs, including float 156 105 261
Volume Distinct Patients 1,464 1,485 2,949
Medications | Omnicell Dispensers 1 2 3
Named Medications 3,148
Total Medication dispenses 49,595 70,268 119,863
- With patient 44,442 66,052
assignment
- Cross assignment 5,153 4,216
Dispensed by charge RN 892 4,135
Nurse call Total Nurse call events 14,527 Not available 14,527
- Patient call 11,934 11,934
- Paincall 851 851
- Water call 256 256
- Bed exit call 1049 1049
- Bedoutcall 349 349
- Code Blue call 38 38
- Staff emergency call 50 50
Overtime calls (>3 min) 429 429
Vocera Vocera events 34,592 57,363 91,955
- Received 18,777 31,763 50,540
- Sent 13,671 21,187 34,858
- Calls to group 1,903 3,290 5,193
- Calls to phone 241 950 1,191
- Local broadcasts 0 173 173
Time and Kronos records 11,935 5,987 17,922
attendance  Unique pay codes 34 35 69
Patient encounters (derived) 1,483 1,644 3,127
Missed Break 708 96 804
Missed Meal 98 32 130
Shifts with unplanned overtime, 191 29 220
defined as on or more RNs with
>=.5 but <=2 hours of overtime
differential
Events Rapid Response events 1 79 80
Patient Safety events in which 33 20 99

the associated narrative
includes mention of strained
unit conditions
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Exhibit H: Data sources to consider in future studies

Strain Category Data description — exported or derived Additional data to consider for use in future studies

in existing study

(unavailable in current study)

Shift, RN &
Patient
characteristics

Medications

Nurse call

Vocera calls

Time and
attendance

Events

Paging
Telephone calls
Laboratory

Location

Electronic door
Bedside pumps
& monitoring

Documentation

Patient

Isolation
Restraint orders
Discharge

On-duty RN count, including float RNs

Patient count
Years RN experience at facility

Omnicell Dispenser IDs & locations
Named Medications
Medication dispenses
- Within patient assignment
- Across patient assignment
Dispensed by charge RN
Medication class
Medication route
Dispensed date/time
Total Nurse call events

Call types: Patient call from bed, pain,

water, bed exit, cord out, code blue,

staff emergency, overtime (> 3 minutes)

Vocera events
Call types: Received, sent, calls to
groups, calls to phones, local

broadcasts, % received calls accepted, %

sent calls accepted

Hours worked

Unique pay codes

Patient encounters (derived)
Missed Breaks

Missed Meals

Overtime differential

Shifts with unplanned overtime
Rapid Response events

Patient Safety events with harm ratings

Code Blue events

Health unit clerk count

Patient care assistant count

Date/time of admissions, transfers & discharges
Desired nursing hours per patient day

Patient acuity scores

Total years of RN experience

PRN vs. scheduled status

Frequency, minimum interval for PRN medications
Medication scheduled date/time

Administered date/time

# days since medication originally ordered
Include meds not issued via dispensing cabinets
Bar code administration data

New orders — type, frequency

Link patients to room numbers to facilitate analysis at
patient assignment level

Vocera voice recognition accuracy rate

Text messages from interfaced systems
Clock in / clock out times

Comparison of scheduled to worked hours
Subjective shift ratings (e.g. red, yellow, green)

Overhead paging data

Paging events

Land line phone call events, duration

Blood draws, type

Blood results — critical values

Number of steps taken

RFID location badge data (time in room, distance
walked, frequency of room change)

Swipe in & out of medication, supply and staff lounge
Pump alarms

Clinical monitoring alarms

Patient controlled analgesia pump data
Glucometer checks & IV insulin changes

Bladder scanner usage

Documentation date/time, type

Sticky note content

Isolation status, type

Restraint status, type
Expected discharge date
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