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ABSTRACT

Objective: To describe nurses’ preferences for the design of a probability-based clinical decision support
(PB-CDS) tool for in-hospital clinical deterioration.

Methods: A convenience sample of bedside nurses, charge nurses, and rapid response nurses (n=20) from
adult and pediatric hospitals completed participatory design sessions with researchers in a simulation labora-
tory to elicit preferred design considerations for a PB-CDS tool. Following theme-based content analysis, we
shared findings with user interface designers and created a low-fidelity prototype.

Results: Three major themes and several considerations for design elements of a PB-CDS tool surfaced from
end users. Themes focused on “painting a picture” of the patient condition over time, promoting empower-
ment, and aligning probability information with what a nurse already believes about the patient. The most nota-
ble design element consideration included visualizing a temporal trend of the predicted probability of the
outcome along with user-selected overlapping depictions of vital signs, laboratory values, and outcome-related
treatments and interventions. Participants expressed that the prototype adequately operationalized requests
from the design sessions.

Conclusions: Participatory design served as a valuable method in taking the first step toward developing
PB-CDS tools for nurses. This information about preferred design elements of tools that support, rather than in-
terrupt, nurses’ cognitive workflows can benefit future studies in this field as well as nurses’ practice.
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INTRODUCTION

Sound clinical decision-making depends on one’s ability to access,
process, and use the array of information at one’s disposal. Growing
complexity in health care has made decision-making in today’s clini-
cal environment more challenging than ever. Increased information-
providing technology in the clinical setting has added to this com-
plexity and influences the decision-making of clinicians.® Clinical
decision-support (CDS) tools are intended to assist decision-making,

but the rapidity of technological advancement has outpaced our
knowledge of tool use, design display, and decision-making influ-
ence in the clinical environment.>* The value of CDS tools, in gen-
eral, is increasingly recognized; however, gaps remain in
understanding interactions between CDS tools and users.>* Nota-
bly, probability-based CDS (PB-CDS) tools (also referred to as pre-
dictive analytics), with an inherent focus on mathematical
probabilities, are increasingly prevalent but have not received ade-
quate attention regarding their influence on clinician behavior.>®
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Most work on PB-CDS tools has focused on statistical model devel-
opment, variable inclusion, and model accuracy.””"! These factors are
necessary but insufficient to influence patient outcomes, because a
change in clinician behavior is also required for patient care to be im-
pacted. Some studies have simply provided clinicians with information
from the predictive model,'? while others have attempted to automati-
cally initiate an intervention.'® To facilitate the study of these tools’
benefits, an initial approach would be to study a clinical situation
where a clinician’s prompt decision and action are warranted.
Additionally, the prototypic situation would include an outcome
where the anticipated and actual events occur close together, in or-
der to minimize the potential influence of additional variables (eg,
other clinicians’ actions or nonhospital factors) on weakening the
temporal connection between the probability and actual occur-
rence of events. Therefore, using currently available data to pre-
dict events likely to occur within 24-48 h would be ideal. Rapid
clinical deterioration, similar to that observed in conditions like
sepsis, hypovolemic shock, and cardiopulmonary arrest, meets
this criterion and served as the clinical condition for this study.

We specifically selected rapid clinical deterioration leading to car-
diopulmonary arrest as an exemplar by which to study PB-CDS phe-
nomena, because the onset of cardiopulmonary arrest is more easily
defined and is the result of other clinical deterioration etiologies if left
untreated. Furthermore, cardiopulmonary arrests are common (ap-
proximately 209 000 hospitalized patients in the United States every
year'®) and have substantial associated mortality (survival rates are
only 23%-37%"%). Cardiopulmonary arrests occurring outside of the
intensive care unit (ICU) are of particular interest, because these in-
hospital events might be preventable, or at least survivable with early
intervention, such as increased vigilance, timely medication administra-
tion, and escalation to a higher level of care.”>™'” Published reports
demonstrating the accuracy of predictive analytic models in health care
exist,”® and many of these have been developed to predict cardiopul-
monary arrest.'*** Even though studies examining the impact of pre-
dictive models on identification and management of patients preceding
cardiopulmonary arrest have demonstrated high accuracy,'? especially
when compared to traditional scoring systems,** the CDS tools lack de-
monstrable benefit on patient outcomes outside of modest improve-
ments in length of stay.'>'? One reason for this inefficacy could be that
most studies progress directly from model development to implementa-
tion in the clinical environment®** without adequate preliminary test-
ing (eg, user-centered design and usability studies).

Nurses spend more time with hospitalized patients than any other
clinician and became the focus of this study. Compared to physician-
focused studies, relatively few nursing-focused decision-support studies
have been published,****® but some evidence suggests that nurses
prefer being able to see relationships between variables when viewing
physiological data.”” Others have noted that nurses benefit from infor-
mation displays focused on trends and the recall of relevant patient in-
formation, while physicians benefit from displays that promote
inference for decision-making.*® Given the interdisciplinary differences,
we also questioned whether unique decision-support tools might be
needed for the multiple intradisciplinary nursing roles that interact
with patients at risk for cardiopulmonary arrest. Bedside nurses have
detailed knowledge of a few patients, provide sustained observations,
and might use a PB-CDS tool to facilitate early recognition. In contrast,
charge nurses have less detailed knowledge of each patient, oversee
many patients (typically an entire ward), and might use a PB-CDS tool
to reassign high-risk patients to more experienced bedside nurses.
Rapid response team nurses review only 1 patient’s information, must
quickly decide if a deteriorating patient warrants additional treatment,

and might use a PB-CDS tool to determine whether the patient should
transfer to a higher level of care. These varied tasks warrant further ex-
ploration into whether different nursing roles need separate decision-
support tools.

Our study took what Friedman calls a “small ball” approach?’
to developing an information resource and challenges previous re-
search approaches by exploring the user interface in a simulated
environment before introducing the tool in clinical practice. This
approach permits assessment of clinician preferences as well as
modifications of the PB-CDS tool before significant resources
have been spent. The overall objective of this study was to de-
scribe nurses’ preferences for the design of a PB-CDS tool. In this
paper, we report our findings on the information preferences of
nurses for the design of a tool to assist with cardiopulmonary
arrest identification.

METHODS
Design

We conducted 3 separate participatory design sessions, each with
different participants, in this study. Participatory design is a qualita-
tive method that engages participants as co-investigators in the de-
sign process. Technology and engineering fields commonly use
participatory design because it applies iterative changes seeking to
align technology design with users and the environment; the method
is less commonly used in health care informatics research.’’=?
Three major activities comprise each session of a participatory de-
sign study: priming, designing, and debriefing. The priming activity
helps participants understand the intended tasks and context sur-
rounding the study purpose while preparing them to become active
participants in the designing activity. The designing activity is the
more active portion of the study, where all participants (ie, re-
searchers, designers, intended end users) co-create design elements
of the tool. The debriefing activity allows participants to describe
their experience of creating and reflect on the words and actions of

others. The final product is a report, possibly with prototypes.3®33

Conceptual framework

To guide the study, we developed a conceptual model (see Figure 1)
informed by human factors engineering (Carayon),>* CDS system
rule development (Brokel),*® and information technology acceptance
theories (Venkatesh).>® The technology characteristics of a CDS sys-
tem (specifically, the user interface of a prediction model’s output)
and clinician characteristics (ie, roles) were the primary variables of
interest. We assumed a relationship between the CDS system and cli-
nician behaviors, which mediate patient outcomes. We appreciated
the influence of organizational characteristics (eg, culture, capital re-
sources), environmental characteristics (eg, lighting), and patient
characteristics (eg, nonmodifiable risk factors) on patient outcomes,
but they were not of primary interest.

Participants and setting

The Vanderbilt University Institutional Review Board reviewed and
approved our study. Using e-mail flyers and word of mouth, we re-
cruited a convenience sample of nurses working in an adult teaching
hospital, a pediatric teaching hospital, and an adult federal hospital
in Nashville, Tennessee. To be included in the study, participants
had to be bedside nurses or charge nurses working in non—critical
care inpatient departments (eg, medical wards, surgical wards) with
either adults or children. We also included nurses working in ICUs
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Figure 1. Conceptual framework used to guide the study, with major relation-
ships identified.

who responded to rapid response team calls. Participants received a
$75 gift card for their participation. Data collection occurred in the
Vanderbilt University School of Nursing Simulation Center, which
houses high- and low-fidelity simulation manikins, specially trained
personnel to operate the manikins, several patient rooms that mimic
a hospital unit, and a large open space for small-group work. High-
fidelity manikins were capable of connecting to continuous teleme-
try monitoring, receiving general physical assessments (eg, chest rise
and palpable pulses), and communicating with participants.

Procedures

We conducted 3 participatory design sessions, each 2 h in length and
comprising 5-10 end users currently working as either bedside
nurses, charge nurses, or rapid response team nurses. Facilitated by
at least 2 of the researchers, each session contained a priming activ-
ity (~20min in length), a designing activity (~60min), and a
debriefing activity (~30min). Figure 2 illustrates the sequence of
events for each session.

Priming activity

During the priming activity, we gathered all participants into a con-
ference room and watched an 8-min video vignette in which a patient
experienced clinical deterioration that warranted activation of a rapid
response team. We modified a video developed by the Agency for
Healthcare Research and Quality®” to create the vignette scenario,
which is available upon request. We validated vignette content by
asking researchers (7= 35) and nurse and physician subject matter ex-
perts (n=7) whether the new video was clinically accurate and
aligned with the purpose of the priming activity. Following valida-
tion, we made no major changes but included additional screen cap-
tions emphasizing technology-focused actions. During the priming
activity, we instructed the nurses to take notes on what they observed
and remembered from the vignette, along with additional information
they would have requested in a real scenario. Following the video, we
collected those notes to include in data analysis.

Designing activity

The designing activity, which occurred in a simulation laboratory,
engaged the nurses in hands-on creation of a physical representation
of an electronic CDS tool using paper, colored pencils, scissors, rul-
ers, and adhesive note paper. We recreated a clinical environment
with manikins in order to mimic the context in which the PB-CDS
tool would realistically be used. Bedside nurses were physically
located near patient manikins, charge nurses were located farther
from the manikins but within sight of bedside nurses, and rapid re-

Review video vignette of deteriorating patient.
Priming
Activity Location: Conference Room
Purpase: Prepare for active participation in designing activity.
Divide into groups and use physical artifacts to create sketches.
Location: Simulation Laboratory
Purpose: Tdentify preferred visual & functional elements of CDS tool.
Designing
Activity

Charge Nurses
Centrally located where

Bedside Nurses
Located close to
manikins to “care
for” them

!

Discuss experiences from designing activity.

Rapid Response Nurses
Remained in conference
room until presence
requesied by bedside nurses

all maniking & nurses
within view

Debriefing

o Location: Conference Room
Activity . ' o A s . _—
Purpose: Reflect on experience & compare/contrast recommendations

between groups.

Figure 2. Sequence of events during each participatory design session.

sponse team nurses initially remained in the nearby conference room
where the priming activity occurred. The simulation laboratory in-
cluded 3 low-fidelity manikins and 1 high-fidelity manikin, the latter
representing the patient described in the priming activity vignette
and operated by a laboratory staff member. A brief narrative of each
patient’s history and physical assessment along with vital signs, lab-
oratory values, and the numerical result of a fictitious PB-CDS tool
(eg, 1.3%, 56.8%) were available at each bedside. We provided an
abbreviated overview of all patients (including the results of a ficti-
tious CDS tool) to charge nurses. We gave no patient information to
the rapid response team. Researchers interacted with all nurse end-
user participants throughout the designing activity, and examples of
previously published cardiopulmonary arrest CDS tools were avail-
able to assist with brainstorming.

To provide an additional use case for the proposed CDS tool, ap-
proximately halfway through the designing activity, the high-fidelity
manikin experienced an acute deteriorating condition. Researchers
encouraged the group of bedside nurses to ask for help from the
charge nurses and rapid response team nurses. Feedback from the
first session revealed that a greater emphasis on statistical probabili-
ties could increase participants’ design-focused dialogue. Thus, in an
attempt to induce cognitive dissonance (which we expected would
increase discussion), the second and third participatory design ses-
sions included a very high numerical result for a patient whose his-
tory and physical assessment suggested a very low probability of
cardiopulmonary arrest.

Debriefing activity

After the designing activity, all participants returned to the confer-
ence room for the debriefing activity. Researchers used semistruc-
tured open-ended questions to ask nurse end users to share their
sketches and provide a rationale for each of the chosen visual and
functional elements. We audio-recorded the debriefing conversa-
tions, took notes of the discussion, and captured photos of physical
artifacts. In all participatory design sessions following the first, we
shared concepts and photos from previous sessions with partici-
pants, offering the opportunity for convergence of ideas.

Analysis
Consistent with usability testing principles, the research team lever-
aged theme-based content analysis, ongoing aggregation of results,
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and discussion and deliberation of nurse end-user comments and
artifacts.>®*? The principal investigator (A]) developed an initial
codebook with concepts and definitions and applied codes to hand-
written notes, physical artifacts, and transcripts of the audio-
recorded debriefing activities. A co-investigator (LN) reviewed and
revised the codebook and application of codes. A computer-based
40) facilitated

deliberation among researchers, and the 2 investigators discussed

qualitative data analysis software program (Dedoose

differences in coding schemes until consensus was reached. After the
2 investigators applied codes to all data, all investigators partici-
pated in development and confirmation of the final themes.

After a preliminary analysis, we consulted with human-
computer interaction and design experts to provide an informal
evaluation of the tools’ proposed visual and functional elements. We
synthesized all recommendations, developed a low-fidelity proto-
type, and shared the prototype with 14 (70%) of the nurse end users
who participated in the sessions. We used this final step as a form of
“member checking”*! to ensure that participants felt their prefer-
ences were appropriately converted into the prototype.

RESULTS

Six bedside nurses, 8 charge nurses, and 6 rapid response team
nurses (7=20) attended the sessions from 14 unique units (see
Table 1). In addition to several minor themes identified in the prim-
ing activity notes, 3 major themes and several considerations for de-
sign elements of a PB-CDS tool surfaced.

Themes

During the priming activity, end users took notes describing a need
for: (1) communication, (2) bedside nurse autonomy, (3) attention to
the patient’s physical assessment, (4) review of historical vital signs
and laboratory values, (5) timing of treatments, and (6) standardiza-
tion of actions. Three major themes emerged from the designing and
debriefing activities and represent participants’ goals for the CDS tool.

Goal 1: Communication of patient status

First, participants reported they wanted a CDS tool that “paints a
picture” or “tells the story” of the patient’s condition over time.
They requested that individual users be able to select which vari-
ables become visible and layer those variables’ trends for hypothesis
generation and succinct communication. For example, the electronic
health record could provide a visual depiction of heart rate values
layered over the probability-based cardiopulmonary arrest summary
value. One participant noted:

I like the idea that you could see the trending vital signs during
that rapid response call, like we started here and this is where
we’re going, so you can easily see at a glance. Have things go up
or down. We mentioned seeing the interventions, like a little tab,
where you just tap — “Look, 1V fluids given and who did an
EKG?”... Timing, to go with it, so you can see where it goes and
all that’s trending. That way anybody that walks into the room,
they can easily see what’s going without asking a bunch of ques-
tions, repeating the story every time. . .

Goal 2: Empowerment

The concepts of advocacy and autonomy surfaced in the second
goal. If a CDS tool is designed well, it could empower nurses to ad-
vocate for patients and contribute to treatment decision-making. As
an objective assessment of a patient’s condition, the CDS tool has

the potential to provide participants with a structured method by
which nurses can garner support for their recommendations.
Regarding the tool’s benefit, one participant noted:

...[the tool] gives that gut feeling some weight and autonomy.

Goal 3: Consistency with context

In the third goal, nurses agreed that the model had to make sense,
and the general perception was that probability-based models are
more helpful for confirming what one already thinks rather than
identifying unrecognized patient conditions. If the CDS tool pro-
vides results that are discrepant with what one thinks or does not ap-
pear to consider a patient’s “context” or “baseline,” it prompts
many questions, which has potential for both benefit and harm. To
paraphrase several of the participants, one of the researchers noted
in a post-session discussion:

...changes in the number need interpretation. Why or what con-
tributed to a rapid change?...a slow steady trend also needs
interpretation. .. Don’t let a tool overtake critical thinking. It’s
all about the trends and the baseline.

Design elements

A list of design elements requested by nurse end users as well as ex-
pert recommendations are provided in Table 2. Participants fre-
quently expressed a desire to be able to visualize the temporal trend
of the predicted probability of the outcome along with user-selected
overlapping depictions of vital signs, laboratory values, and
outcome-related treatments and interventions. Charge nurses
and rapid response team nurses strongly requested viewing only a
ranked order of the highest-risk patients at first; however, when
viewing individual patient information (the focus of most design ele-
ments), all nurse roles expressed similar preferences. Less notable
but fairly commonly heard requests included alerts only for values
exceeding an absolute threshold or high degree of change, a green/
yellow/red color scheme, and the ability to view the tool on both a
mobile device and a dashboard.

Participants also gave generic recommendations for future tech-
nology development and identified potential barriers (see Table 3).
The most prominent findings include ensuring that the tool is readily
available to all health care team members, balancing ease of infor-
mation access with patient privacy, and being concerned about dis-
crepancies in objective probabilities and subjective perceptions.
Regarding this latter point, some participants expressed concern
over the potential for overreliance on CDS tools, with a loss in criti-
cal thinking as these tools become more common.

Prototype development

Figures 3 and 4 illustrate screenshot examples of a prototype to rep-
resent the most salient preferences from participants. Consistent
with requests for ranking, Figure 3 provides a prototype of what a
charge nurse might use to review a list of all patients on that unit,
ranked in descending order of risk to promote easy recognition of
high-risk patients. In order to illustrate individual patient trends and
accompanying “baseline,” Figure 3 also displays how all types of
nurse end users preferred to see an individual patient’s risk. Combin-
ing the most prominent themes of trend lines, filters, layers, and
treatments, Figure 4 exemplifies several interactive screenshots:
(1) vital signs and laboratory values layered over a predicted proba-
bility of cardiopulmonary arrest, (2) additional detail of 1 vital sign



1106

Journal of the American Medical Informatics Association, 2017, Vol. 24, No. 6

Table 1. Sample size and composition of participants at each stage of the study

Descriptor Session #1 Session #2 Session #3 Member Checking
Total N 9 6 14
Bedside Nurses 1 3 2 4
Charge Nurses 2 4 2 6
Rapid Response Nurses 2 2 2 4
Work Areas Represented Adult Med-Surg Adult Med-Surg Adult Med-Surg Adult Med-Surg
Ped. Cardiac Adult Cardiac Adult ICU Adult ICU
Ped. ICU Adult ICU Ped. Cardiac Ped. Cards
Ped. Cardiac Ped. ICU
Ped. ICU
Age (Min/Median/Max) 28/30/46 22/30/47 24/28/50 22/30/50

Note: Med-Surg = medical-surgical; Ped. = pediatric.

Table 2. Design element considerations for PB-CDS tools

Elements Participant preferences Expert evaluation
Trends Desire current value in addition to historical trends Consider combinations of
Want to know when previous values were acquired color-coding and ranking
Trends should be linear (not circular)
Moving 12 h window
Layers and Ability to select which variables to include
Filters Vital sign values most preferred (laboratory values mentioned

Treatments and
Interventions

Ranking

Alert
Notification

Color Scheme

Medium

Communication

far less than vital signs)
Defaults can be unit-specific or the variables that contribute “most™
to a change or high probability
Ability to see any variables that contribute to the model as well as
anything abnormal (even if it does not contribute
to the statistical model)
Want to see what has been done to mitigate event risk Might need to be unit-specific
Selected treatments should relate to problem being viewed
(eg, antibiotics for sepsis but not falls)
Rank patients in descending order of probability
Might not work without a consideration of “context” or “baseline”
Would need different view for charge nurse vs bedside nurse vs
RRT (prefer to see only those in one’s care)
See or read why the prediction score changed (ie, what individual
value[s] changed)
Accompany alerts with a recommended action
Review tool at beginning of shift (eg, during shift change) and then
be notified of changes
Alerts for exceeding an absolute value threshold as well as percent change

Consider building statistics for 12-24 h early
so that nurses are “helping the next shift out”
as opposed to “depending on a statistical model
to tell them how to do their job”

Should be specific to unit/department
Red/yellow/green acceptable if also including the actual number
Several requested flashing or blinking

Consider color-blind persons
Font size to represent magnitude
Flashing 7ot recommended
Dashboard displays, especially for low-risk patients
Mobile-friendly option (eg, cellphone)
Prefer information available at the bedside for RRT arrival (possibly

something where RRT could

obtain information while en route)
Ability to click elements or “zoom in” to see details
Capture data in real time from EHR
Ability to send screenshots to EHR, RRT, provider, and/or charge nurse

Notes: EHR = electronic health record; RRT = rapid response team. Expert evaluation refers to heuristic usability considerations provided by human-computer

interaction and design experts.

selected, and (3) cardiopulmonary arrest-related interventions
layered over the time period in which they occurred. Participa-
tory design session end users who reviewed the prototype did not
recommend any changes to the current design; however, they did

provide additional suggestions for future implementation, in-
cluding a desire for automaticity of data exchange with the elec-
tronic health record and individual configuration of all filters
and layers.



Journal of the American Medical Informatics Association, 2017, Vol. 24, No. 6 1107

Table 3. Recommendations for future technology development and potential barriers

Category Participant Request

Heuristic Perspective

Other Desired
Features

Voice activation

as filters with selection of what one wants to see
All clinicians should have opportunity to view
Live video stream once RRT activated

Provide risk scores for multiple outcomes; could treat these

Training will be important for clinicians to successfully
access and use tool

Family involvement will be challenging to incorporate,
but pediatric nurses consider this factor in decision-making

Create a summary paragraph of the problem (similar to a history

and physical note)

Show how reliable prediction score is (eg, confidence intervals)

A few participants mentioned wanting to know who was involved

in the patient’s support system (ie, family)

“Start” button for when activating RRT; could more thoroughly

record all that happens and provide recent history
Lack of wireless connectivity
Patient privacy

Barriers

Focus on technology instead of patient

How this tool will embed itself within the workflow
of multiple disciplines (ie, consider the context
of “routinized practice”)

Discrepancies in objective composite score and clinical judgment

Require log-in to see information

Loss of critical thinking once the tool is embedded into workflow

Share information on nonmodifiable or non—causal pathway variables

(eg, less commonly used laboratory values)

Delays in entry of vital signs by nursing assistants or technicians

Mobile application (not all facilities have cellphones)
Not understanding what the numbers mean; education

Notes: RRT = rapid response team.

Unit View
4:21 PM

Patient View

Unit: 2S . 2517 - Samantha Jones (64.9%)
Patient List Sc!cctmg 4 Risk on Admission: 3.1%
GUETINEES patient fr(.)m Age: 72 yr
2517 - Jones (64.9%) the “Unit Dx: sepsis, pneumonia
View” Medical Team: Red
. ides
2503 - Smith (4.3% i
mith (4.3%) additional
) . . patient-
2512 - Francis (1.7%) specific
information
2504 - Clark (0.4%) >
2511 - Jeffery (0.3%) >
NOW

Note: Modified from “iPhone UT Template for Keynote™ by Waplestore, licensed under CC BY-NC-5A 3.0

Figure 3. Prototype of charge nurses’ “unit view” of all patients (left) and individual “patient view” (right). The unit view shows all patients ranked in descending
order of those most at risk for a cardiopulmonary arrest. The patient view contains basic patient information accompanied by a 72-h trend of predicted probability

of cardiopulmonary arrest.

DISCUSSION

We used the participatory design method to identify important de-
sign elements for nurses and create a prototype for a PB-CDS tool
that would predict the likelihood of cardiopulmonary arrest in the
context of a patient demonstrating rapid clinical deterioration. Co-
creation of the CDS tool via participatory design was beneficial,

because the active involvement of multiple nurse stakeholders facili-
tated the identification of novel, integrative design concepts that
groups of participants (ie, researchers and end users) might not have
identified separately. Designers and developers can use and extend
the goals and associated recommended design elements to create PB-
CDS tools for in-hospital nurses in the future. We condensed
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Partial Screens and Interactive Features

Treatment
Information
Vitals/Labs
Information
Detailed
Vitals/Lab
Information

MNOW

NOW

Note: Modified from “iPhone Ul Template for Keynote™ by Waplestore, licensed under CC BY-NC-SA 3.0

Figure 4. Partial screens and interactive capabilities of prototype with filters and layers applied to predicted probability of cardiopulmonary arrest. Upper left: Ini-
tial “patient view” from Figure 3. Upper right: Cardiopulmonary arrest-related preventive treatment displayed on the clinical shift in which they occurred. Lower
left: User-selected vital signs and laboratory values displayed. Lower right: Additional detail (including modified y-axis and measured values) for 1 variable
among user-selected vital signs and laboratory values. Nonselected variables’ colors are softened.

preferred design elements into a mobile phone-based prototype due
to participants’ requests for a mobile-friendly tool; this will hope-
fully ease the transition to computer monitor-sized displays (in con-
trast to removing key elements during screen-size reduction). When
reviewing the priming activity notes provided by end-user partici-
pants, we treated these as a type of needs assessment, and we believe
our recommended design elements and prototype would contribute
to meeting these needs. Others have developed CDS tools for
nurses that are probability-based or cardiopulmonary arrest—fo-

d,"¥2327 but to our knowledge, the participatory design

cuse
method has never been reported for studying these types of tools.
Seeking input from clinician users during the design of the CDS tool
user interface could increase the likelihood of adoption,** especially
for probability-based tools.

Similar to how the information needs of nurses differ from those of
physicians due to their different practice and diagnostic models,”**
we had hypothesized that the needs of participants with various spe-
cialties would differ, given their different settings and work. Even
though others’ work has suggested that nurses benefit more from
trend-containing displays than the inference-focused displays preferred
by physicians,”® we did not find such distinct differences among our
participants. In fact, we found the desire for inference-support and
hypothesis-generation assistance to be present across all participant
roles. When considering this desire paired with participants’ request
for exploring a patient’s “baseline” and “context,” our findings appear
consistent with the view that nurses’ diagnostic reasoning skills are
context-dependent in the social and humanistic domains.** Finally, a
recent simulation study of nurses’ acceptance of CDS suggestions
found that the primary reason to accept a suggestion resulted from the

belief that it was “good for the patient,”** and we believe this supports

our theme of “consistency with context™ as a CDS tool goal.

Strengths and limitations

Strengths of the study include placing participants in an environment
that mimicked real workflows, recruiting 3 unique roles of nurses
from 3 hospitals located in 2 health care systems, and conducting iter-
ative design testing in collaboration with end users, researchers, and
human-computer interaction experts. Sharing findings from previous
sessions with participants in the second and third sessions, collaborat-
ing with human-computer interaction experts, and engaging partici-
pants in member-checking increase the credibility of our findings.
Although we focused on a specific outcome, cardiopulmonary arrest,
many of the findings should be generalizable to similar patient out-
comes involving clinical deterioration. Limitations of the study
include the use of a convenience sample from neighboring hospitals
and the inability to determine if CDS tool-based information is capa-
ble of changing behavior. Bedside nurses and charge nurses from the
ICU and emergency department were excluded, because the work-
flows of these nurses are different from those of non—critical care in-
patient nurses. These environments might require design elements of
CDS tools that differ from our reported findings.

Future directions

The terms “baseline” and “context” surfaced frequently and are
likely specific to health care clinicians and perhaps even nurses or
practice specialties. Future studies could explore their meanings
across settings and how information technology can provide
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information within this mental framework. These terms might be re-
lated to participants’ expression of fears regarding the loss of critical
thinking skills as new tools are added to the clinical environment.
These fears are reminiscent of the possibility of “cookbook medi-
cine” in response to the advent of evidence-based medicine.*
Exploring these terms, associated fears, and possible interventions
would further facilitate successful PB-CDS tool implementation ef-
forts. Finally, developing more robust prototypes (based on our rec-
ommended design elements) followed by formal usability testing is
needed. Usability testing will be especially important when compar-
ing some design elements head-to-head, and simulation laboratories
will serve as ideal environments, because patient safety would not be
compromised. As the prototypes become more robust and prepare
for integration into a clinical setting, we plan to crosswalk our rec-
ommendations with the recently released international standards for
nursing process—focused CDS tools, which contain additional crite-
ria necessary for optimal integration into workflows that support
practice and advance the science.*®

CONCLUSION

The information we gained about the preferred design elements of
predictive analytics tools that support, rather than interrupt, nurses’
cognitive workflows can benefit future studies in this field as well as
nurses’ practice. As these themes and elements undergo additional
testing and refinement, we anticipate that they can eventually serve
as standards for developing PB-CDS tools that are more likely to in-
fluence clinician behavior and ultimately patient outcomes.
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