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Summary
Background: Large and readily-available clinical datasets combined with improved computational 
resources have permitted the exploration of many new research and clinical questions.  Predictive 
analytics, especially for adverse events, has surfaced as one promising application of big data, and 
although statistical results can be highly accurate, little is known about how nurses perceive this 
new information and how they might act upon it.  Objectives: Within the context of recognizing 
patients at risk for cardiopulmonary arrest, this study explored the possibility of incorporating pre-
dictive analytics into clinical workflows by identifying nurses’ current information gathering activ-
ities and perceptions of probability-related terms.  Methods: We used a qualitative description ap-
proach for data collection and analysis in order to understand participants’ information gathering 
behaviors and term perceptions in their own words.  We conducted one-on-one interviews and a 
focus group with a total of 10 direct care bedside nurses and 8 charge nurses.  Results: Participants 
collected information from many sources that we categorized as: Patient, Other People, and Tech-
nology.  The process by which they gathered information was conducted in an inconsistent order 
and differed by role.  Major themes comprised: (a) attempts to find information from additional 
sources during uncertainty, (b) always being prepared for the worst-case scenario, and (c) the de-
sire to review more detailed predictions.  Use of the words probability, risk, and uncertainty were in-
consistent.  Conclusions: In an effort to successfully incorporate predictive analytics into clinical 
workflows, we have described nurses’ perceived work practices for gathering information related to 
clinical deterioration and nurses’ beliefs related to probability-based information.  Findings from our 
study could guide design and implementation efforts of predictive analytics in the clinical arena.
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1.  Background and Significance
With the last decade of widespread implementation of electronic health records (EHR), the rapid 
analysis of large datasets from a variety of sources using complex computational methods has 
opened the door to exploration of many new research and clinical questions. Although determining 
the most important questions to ask of this big data is a frequent topic of discussion [1, 2], predicting 
outcomes, such as high-cost patients, readmissions, triage, acute decompensation, adverse events, 
and treatment optimization, through the application of predictive analytics has been gaining popu-
larity [3]. 

The statistical outputs of these predictive models can be highly accurate, but little is known about 
how nurses perceive this type of information and how they might act upon it. Nurses are experi-
enced using information about a patient’s history and current condition (e.g., physical assessments, 
laboratory values), but information predicting a future outcome for a specific patient is a novel addi-
tion to his/her toolkit. Assuming we can leverage the big data at our disposal, the simple addition of 
another technological tool may or may not improve care delivery. While many technologies are de-
veloped to aid nurses in identifying important changes in patient conditions (i.e., enhance the sig-
nal), the wide variety of simultaneously available user interfaces and poor interoperability impedes 
nurses’ ability to cognitively process and appropriately use the data in caring for patients (i.e., too 
much noise) [4]. In contrast to the study of physicians and their workflows incorporating decision 
support, little attention has been placed on the nursing population. 

Because the potential impact of predictive analytics on nurses’ clinical decision-making is a 
newer concept to consider, it is proposed that the initial step in investigating the usefulness of those 
analytics would include the study of a clinical event in which ideally a probability score could be 
presented close to the time when the actual event might occur. This approach facilitates real-time 
feedback and minimizes the influence of additional variables (e.g., other clinicians’ actions or non-
hospital factors) on the connection between the probability of events and the actual occurrence of 
events. Using available data to predict events likely to occur within the subsequent 24–48 hours 
would be ideal for the in-hospital nurse. The risk of cardiopulmonary arrest (CPA) meets these 
criteria and served as the context for this study. With over 200,000 people treated for in-hospital car-
diac arrest every year [5] and survival rates ranging from 23 to 37% [6], this is a clinically important 
adverse event that might be preventable [7]. 

2.  Objectives
This study began the work of incorporating predictive analytics into clinical workflows by exploring 
nurses’ current activities involved in problem recognition, information gathering, and problem solv-
ing. Given the novelty of producing risk data for nurses, it was important to not only understand 
their use of probability-based information but also their perceptions and use of the terms probabil-
ity, risk, and uncertainty. The aim of this study was to identify key concepts in those three areas to 
determine where probability-based tools might fit within the “orienting frames” nurses use for or-
ganization and conduct of their work.[8] Beginning with a qualitative approach was thought to pro-
vide the most suitable insight into how we can successfully deploy big data applications such as pre-
dictive analytics into the clinical environment. 

3. Methods

3.1. Design
We used a qualitative description approach [9, 10] for data collection and analysis to understand 
participants’ information gathering behaviors and term perceptions. Naturalistic inquiry incorpo-
rating design research concepts yielded rich description of participants’ experiences gathering infor-
mation and interacting with probability-based data. The naturalistic inquiry paradigm influenced 
our attempts to understand participants’ experiences while minimizing speculation, and describing 
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the context and nature of nurses’ work is consistent with design research. Design Research methods 
[11, 12] can answer questions such as: 
(a) What non-patient data are available within the healthcare system? 
(b) How/when do nurses think and act on the topic of interest? 
(c) What do different nursing roles need? and 
(d) How do we incorporate our results into the workflow? 

3.2.  Setting and Participants
The study took place at a single academic medical center in an urban city in the mid-South region of 
the U.S. Participant recruitment involved e-mail and printed flyers along with face-to-face dis-
cussions with nurse leaders. Inclusion criteria comprised: 
(a) bedside nurses who cared for a patient requiring activation of a rapid response team or CPA re-

suscitation efforts within the last 6 months for a duration of at least 2 hours before the event, and
(b) charge nurses who assigned nurses to patients at least twice per week over the last 6 months. 

Our purposive sample consisted of 18 nurses. One-on-one interviews were conducted with ten di-
rect care bedside nurses and five charge nurses. Bedside (i.e., direct care) nurses were included be-
cause they are the clinicians who spend the most time with patients and thus were appropriate to 
evaluate predicted versus actual CPAs. Charge nurses, who are responsible for determining nurse-
patient assignments, were included because decision-making with predictive analytics might also 
serve organizational leaders who manage resources. One focus group of three charge nurses (rather 
than individual interviews) was also conducted because we assumed task recall for the complex ac-
tivity of assignment making would be easier by hearing cues from others performing similar work. 

3.3.  Data Collection Procedures
3.3.1.  Variables of Interest
Explorations of interdisciplinary (including non-healthcare) information behaviors highlight the 
importance of other people and the environment in gathering information for situation awareness 
[13, 14]. Studies of nurses’ general information behaviors, which primarily focus on critical care 
nurses, add patient records and monitoring technology as additional information sources while em-
phasizing the role of tool design [15–17]. To explore how predictive analytics tools might support 
nurses’ situation awareness with patients at risk for deterioration, data collection focused on three 
major areas of interest: 
1. information gathering behaviors of participants related to deteriorating patients, 
2. potential benefit of clinical prediction models for deteriorating patients, and 
3. definitions of risk, uncertainty, and probability. 
4. These focus areas guided the development of a semi-structured interview guide (see Supplemen-

tal Material), which was pilot-tested with practicing nurses and graduate nursing students before 
using. 

Regarding information gathering behaviors, we used questions focused on the materials accessed 
(e.g., electronic health record), activities performed (e.g., obtaining vital signs, performing physical 
assessments), and people contacted (e.g., other clinicians) during participants’ efforts to gather in-
formation about a deteriorating patient. To prevent speculative findings, participants need to have 
experienced the phenomenon of interest. If the study setting does not allow participants to be ob-
served experiencing the phenomenon, their input in interviews must be based on an actual experi-
ence. Therefore, to determine how prediction models might be perceived within clinical environ-
ments, we used weather scenarios as a proxy. Given that participants had prior exposure to probabil-
ity-based weather information (but not clinical prediction tools), weather scenarios served as a sur-
rogate to understand how they might use and interpret probability-based decision support tools. 
Scenarios and images were designed to elicit responses from participants that were similar to those 
we expected nurses might use when inferring a patient’s likelihood of experiencing clinical deterio-
ration from a predictive tool. Scenarios included weather forecasting examples of daily summaries, 
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hourly trends, images, numbers, and one scenario of a discrepancy in predictions between two dif-
ferent forecasting websites for the same geographic location (▶Figure 1 and ▶Figure 2). To obtain 
perceptions of the terms probability, risk, and uncertainty, we simply asked participants to provide 
us with a definition and example. 

3.3.2.  Interview and Focus Group Methods
The Institutional Review Board approved the study, and participants provided informed consent. 
We asked charge nurse participants to write responses to guided questions on a worksheet before at-
tending the interviews as a memory aid to minimize recall bias [18] for the complex task of assign-
ment-making (see Supplemental Material). These questions were intended to elicit thoughts while 
making assignments on a clinical shift, and we discussed these written responses during the inter-
views and focus group. 

Following researcher introductions, we used the pilot-tested, semi-structured interview guide for 
data collection with all study participants. Individual interviews lasted approximately 60 minutes, 
and the focus group lasted 120 minutes concluding when participants had no further information to 
add in response to questions and probes. All participant discussions were audio recorded and oc-
curred in a private room at the medical center where participants were employed. Bedside nurses re-
ceived a $30 gift card for participation, and charge nurses, because of the pre-interview worksheet 
activity requirement, received a $50 gift card for participation. Researchers collected field notes dur-
ing the discussions with participants and during debriefing discussions with each other. 

3.3.3.  Moderators
The principal investigator (AJ), a male registered nurse and doctoral candidate with some qualitative 
research experience, was present for all interviews and the focus group. A co-investigator (LN), a fe-
male doctoral-prepared organizational anthropologist with expertise in qualitative research meth-
odology, was present for three individual interviews and the focus group. LN’s presence for individu-
al interviews focused on evaluating AJ’s moderating skills and immersing herself in a sample of the 
data while her presence in the focus group permitted the two-moderator approach. Consistent with 
a two-moderator approach to focus groups, the principal investigator (AJ) was able to be the subject 
matter expert while the co-investigator (LN) served as the focus group conduct specialist [19]. The 
moderators had no supervisory relationship with the participants. 

3.4.  Data Analysis 
Thematic data analysis involved coding all transcribed discussions and written statements by two 
coders (AJ and LN). To develop the codebook, coders jointly applied codes to two interviews, dis-
cussing differences until consensus was reached on the set of codes and their definitions. The online 
qualitative analysis software Dedoose [20] was used to apply codes, group themes, look for patterns, 
and compare findings with existing literature. A Key Concepts analytic framework guided identifi-
cation of factors most important to the study’s objectives.[19] Methodologists have recommended 
that this surface-level interpretation results in findings “closer to the data as given” (p. 78) [21]. 

4.  Results
Eighteen participants (▶Table I) from 15 interviews and 1 focus group produced 14.5 hours of rec-
orded audio, 525 pages of transcripts, and many hand-written notes. Findings are presented in align-
ment with the three areas of interest: Information Gathering Behaviors, Potential Benefit of Clinical 
Prediction Models, and Perceptions of Probability, Risk, and Uncertainty. 

4.1.  Information Gathering Behaviors
Participants reported collecting information from many sources when evaluating whether a patient 
was at risk for CPA. We categorize these sources as: Patient (e.g., physical assessment, past medical 
history), Other People (e.g., family members, physicians), and Technology (e.g., electronic health 
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record, vital sign monitor). The process by which they gathered information differed by role (i.e., 
bedside nurse or charge nurse). 

4.1.1.  Bedside Nurses
Bedside nurses working in the emergency department reported gathering initial information from 
the patient while nurses in the inpatient setting gathered initial information from the previous shift’s 
nurse. Initial patient information quickly resulted in mental classification of the patient’s clinical 
status such as “previously healthy” versus “multiple comorbidities”, “high-risk” versus “low-risk” sur-
gery, or “stable” versus “unstable” during previous shift. One participant noted:

I call it a drive-by assessment. It’s when you like, if you were to come in the ER and if you walk 
in…,that gives me a few minutes to go in there and see, because you’re probably stable because you’re 
walking into the room. –Bedside Nurse #9

The initial mental classifications appeared to result in a baseline assessment against which future 
information was integrated. A different participant commented on this phenomenon by stating:

When you have a patient, either whether it’s multiple days or there are multiple admissions… it’s al-
ways beneficial to the nurse, I believe, because you kind of see them through their, at their baseline, you 
see what’s going on with them from a day to day basis and you can evaluate kind of what’s going on 
with that patient based on what you’ve seen previously. –Bedside Nurse #3 

After compiling the initial information, bedside-nurse participants communicated with the pa-
tient (and/or family or caregivers), conducted physical assessments, obtained vital signs, and re-
viewed the patient’s history, all in no particular or consistent order. When participants discovered 
discrepancies among information sources, for example a physical assessment finding inconsistent 
with the patient’s history, they sought additional information or communicated those inconsisten-
cies with others, such as the charge nurse, physician, or rapid response team. Bedside nurses pro-
vided insight on what, where, and when nurses were charting in the EHR. For example, most par-
ticipants noted that if the change in patient status was capable of harming the patient, documen-
tation of the nurses’ findings did not occur in real-time but rather after the decisions and actions to 
safely manage the patients were finished. One participant noted:

… when he was probably decompensated I probably didn’t chart as often because I was doing… pro-
cedures with the patient I guess…if there’s a procedure at the bedside, we actually like paper chart. 
–Bedside Nurse #6

In addition to identifying which elements were not charted in real-time, participants were helpful 
in identifying additional variables for prediction model development versus those that are not 
beneficial for real-time decision support algorithms. For example:

I usually document any notifications, any provider notifications, and …who we spoke with, what the 
concern was, and what the result of the notification was…I’m sure early on I had documented some of 
my concerns [in real time], but then probably not in real time after that. –Bedside Nurse #7

4.1.2.  Charge Nurses
When working with individual patients, charge nurses (who had previously worked as, or were cur-
rently working in the capacity of, a bedside nurse) expressed the same information gathering beha-
viors as bedside nurses. However, in their role of making the patient care assignments for the unit, 
charge nurses gathered information differently. Charge nurses reported needing less individual pa-
tient detail than bedside nurses because they had many patients’ needs to consider, balanced with 
available nursing personnel. Themes surrounding the number of available clinicians (including 
nurses, nursing assistants, and physicians, both on their own unit and on other units) surfaced fre-
quently. Charge nurses tended to gather information from the bedside nurse more frequently than 
any other source, even though charge nurses did report talking to physicians during patient changes 
and reviewing the patient’s medical record upon admission. Charge nurses in the focus group sum-
marized by stating: 

I go a lot with the intuition of the bedside staff. Most of the time, the attending physician, I don‘t trust 
most of the residents, but our attending physicians, our fellows, and the experienced nurses, especially 
the ones that I‘ve personally worked with for a long time and trust, I would trump a nurse‘s intuition 
over every other kind of objective data. –Charge Nurse #1

I agree with that totally. –Charge Nurse #2
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Charge nurses also strongly considered individual staff members’ experience, expertise, and pref-
erences along with individual patients’ needs and their relationship with nurses. 

I knew that I needed, and this is our expression, I needed a strong nurse for this assignment because 
it could either end up in…, withdrawal, you know bereavement or escalating care…, even more so than 
what we already had. –Charge Nurse #7

4.2.  Potential Benefit of Clinical Prediction Models
Three major themes and four minor themes emerged in participant responses to the weather sce-
narios (▶Table 2). Major themes included attempts to find information from additional sources 
during uncertainty (i.e., triangulation), always being prepared for the worst-case scenario regardless 
of predictions, and the desire to review more detailed projections (e.g., viewing hourly predicted 
values rather than a daily summary and knowing the source of the information). Regarding this 
latter theme, participants also noted that consistency (i.e., hour-to-hour stability) and extreme valu-
es (i.e., 0% or 100%) provide a sense of confidence or certainty in the outcome. In contrast, certainty 
appeared to diminish with temporally distal predictions such as those more than 24 hours from the 
current time. Minor themes that surfaced among some participants included: compromising when 
faced with discrepant values, a deference to personal preference to simplify decision making, build-
ing a story to accompany the empirical data, and the ability of prior beliefs to supersede new evi-
dence. 

Of note, there were a few divergent views among our participants. With respect to Major Theme 
#3 regarding a desire for detail, two participants noted that too much detail (i.e., hour-by-hour pre-
dictions) showed the model was “too confident” and therefore could not be trusted. One of those 
participants noted: 

You’ve got to apply it across the whole day because you can’t say that the wind is not gonna pick up at 
that moment and bring this 55% worth of showers into my next hour. –Bedside Nurse #7

This opinion was in contrast to that of another participant who felt some hourly variation in-
creased her belief in the model. One of the focus group participants noted that abrupt changes made 
him disbelieve a prediction. 

With the respect to Minor Theme #4 regarding prior beliefs, one participant (Bedside Nurse #5) 
expressed that context (e.g., geographic location) was so important that no new evidence would 
make her come up with a different conclusion. 
• Interviewer [I]: …What would something like this [see Figure 1] mean to you if you were planning 

something, this is today, this is tomorrow, if you were planning something tomorrow outside, would 
you feel comfortable?

• Participant [P]: Nashville, Florida or the tropics, give me a location. 
• I: Why does location matter? 
• P: Because if you’re in the tropics it’s going to rain whether you think it’s going to or not… And if it’s 

Florida or California it’ll probably rain for 2 hours in the afternoon and you’ll be good for the rest of 
the day. And if it’s Jamaica and the Dominican it always says it’s probably gonna rain and it never 
does ‘cause it’s gorgeous, so it really just depends on where we are…

• I: So there’s a lot of context or prior knowledge that …
• P: Yeah. Yeah. I need more information.

Another participant made a similar comment that because she grew up in the area, her opinions on 
weather patterns were more trustworthy than the meteorologist’s predictions. Similarly, one partici-
pant stated she would not look for more information from different sources and did not care about 
the reputation of a source – only which sources appear more accurate based on her past experience. 

As it related to the clinical intent of these questions, some participants expressed reservations 
about the ability of a prediction model to accurately predict cardiopulmonary arrest. One partici-
pant noted: 

An arrest is so multifactorial and I think that, I don’t know. I would have a hard time seeing; could 
be if any, something that could pre-, predict it with the kind of accuracy beyond just this is a higher-risk 
patient because they’ve had a more complex surgery. –Bedside Nurse #7

Another participant stated: 
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How… are you collecting your data? How are you presenting it? Pretty and green doesn’t make a dif-
ference if you’re wrong, if you’re guessing, but neither does basic and blue, so it depends. At some point 
in time I just need a yes or no. [laughs] –Bedside Nurse #5

4.3.  Perceptions of Probability, Risk, and Uncertainty
Regarding perceptions of the words probability, risk, and uncertainty, participants were inconsistent 
in their use of these words and frequently used the words interchangeably. Those words did not ap-
pear to have a consistent, intrinsic meaning between or within participants (▶Table 3). For example, 
one participant noted:

I mean, I guess you could group them all kind of under the same classification if you’re like, there’s a 
probability of risk and then you can have a probability of uncertainty. And I think risk and uncertainty 
are pretty similar because when you’re uncertain there’s always a risk. –Bedside Nurse #3

Another participant (Bedside Nurse #1) noted, “…the risk of going to the unit is 100%, the prob-
ability of going to the intensive care is 100%, and the, I mean, you hear what I’m saying?” 

4.3.1.  Probability
Several participants related the term “probability” to mathematics; however, participants’ examples 
did not adhere to traditional rules of mathematics. The majority held a view summarized by a par-
ticipant who stated:

I really don’t think in terms of like probability that something bad is going to happen…Probability is 
a more statistical term that I tend to stay away from. –Bedside Nurse #5

4.3.2.  Risk
Participants related risk to a patient’s medical history and associated it strongly with harm. For 
example, one participant noted: 

The risk of hypotension in a heart failure patient is high because…we give them very strong diuretics. 
–Bedside Nurse #1

Other participants indicated that risk stratification helped them prioritize the needs of their pa-
tients, both for the purpose of care planning and interpersonal communication with other clini-
cians. 

4.3.3.  Uncertainty
Regarding uncertainty, a few participants implied that clinicians can never fully expect or predict 
what will happen with a hospitalized patient. One participant (Charge Nurse #5) described uncer-
tainty as “…an over-looming thing with everybody.” Another participant commented on the nurses’ 
role in managing the tension between statistical data and the lived experience of patients and 
families, noting:

as far as statistics, there’s some legitimacy to them, but they’re never, they should never dictate your 
care that you provide or the information you give a family. You can talk statistics with them, but you 
know what, allow them to keep their hope and say, “Look statistically speaking these are the things that 
happen.” You could have them mentally prepare themselves for those things, but also let them know, you 
know what? Things can get better too … things can be better than what statistically speaking and you 
know, you can have your hope and you can continue to push. –Bedside Nurse #2

Finally, a few participants noted that uncertainty was present when one does not know why 
something is occurring (e.g., a deteriorating patient with no rationale for that state). One participant 
described uncertainty as “insecurity” or a lack of confidence in the sense that a novice nurse might 
not know if she should share concerns with a physician. 

5.  Discussion
We have described nurses’ perceived workflows for gathering information related to clinical deterio-
ration and nurses’ beliefs related to probability-based information. An initial qualitative approach 
provided a rich foundation for understanding behavior change (i.e. work processes) in response to 
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predictive analytics to support design and evaluation. Although the content of information gathered 
by nurses was similar, a consistent temporal pattern in their information gathering was lacking. The 
lack of a predictable temporal pattern for information gathering has important implications for the 
design of decision support tools, similar to the non-linear workflows described in bar code medi-
cation administration [22]. Given that nurses gather a significant amount of information outside of 
the electronic health record (EHR) and that EHR documentation of clinical deterioration tends to 
occur after problem recognition and management, a predictive tool for this outcome likely belongs 
outside the EHR. Furthermore, brief and informal patient assessments (referred to by the partici-
pants as a “drive-by”) are not routinely considered important enough to document in the EHR, even 
though they contain information that influences a nurse’s anticipated trajectory of patient status. 

Our finding that information gathering behaviors appeared to differ between bedside nurses and 
charge nurses suggests recommendations concerning information provision and decision support 
may not be transferable to all nurses but rather might require unique designs based on roles. To our 
knowledge, no studies have explored clinical decision support tool specifications that differ by nurs-
ing role. Our findings suggest that charge nurses might be key players in effectively incorporating 
decision support systems predicting negative patient outcomes because of their expressed preference 
for high-level overviews of patient status. Probability-based decisions support tools provide numeri-
cal outputs that aggregate information from multiple sources. Therefore, if summarized probability 
information could be provided for a charge nurse’s patients in one medium (e.g., ranked in order), 
such a display could provide assistance to charge nurses’ decisions in patient care assignments. 
When comparing responses based on other participant characteristics (e.g., experienced versus in-
experienced, adult versus pediatric care settings), we did not identify distinct differences. 

Discrepancies, whether in patient assessments or weather scenarios, were important in initiating 
the process of gathering additional information. This finding aligns with decision theory principles 
that one option for responding to uncertainty is the gathering of additional information in an effort 
to reduce uncertainty [23]. Participants expressed concerns surrounding a prediction model display-
ing results contradicting their clinical gestalt, but our findings suggest those discrepancies might 
simply result in seeking additional information. 

Few studies have evaluated the direct impact of predictive analytics on the decisions nurses make 
[24], yet several researchers have explored nurses’ cognitive work in the context of the recognition 
and response to a deteriorating patient. For example, Braaten [25] conducted a cognitive work 
analysis with 12 nurses and reported, similar to us, that nurses gather information from a variety of 
sources and that they preferred the collection of objective clinical criteria to justify rapid response 
team activation. Additionally, as part of the systematic review of deterioration detection among 
ward patients conducted by Odell, Victor, and Oliver [26], the roles of intuition via pattern recogni-
tion, patients and families expressing concerns, and detecting abnormalities during routine care 
were identified as information gathering behaviors. Finally, similar findings by Cioffi [27] suggested 
that baseline mental stratification of patients and prior beliefs superseded new evidence. 

Clinical prediction models provide outputs in the form of statistical probabilities that require 
analytical decision-making skills for interpretation. Parker [28] found that nurses who use analytical 
decision-making skills call rapid response teams more frequently than nurses who primarily use in-
tuitive decision-making. However, if nurses tend to use intuitive decision-making skills frequently 
[29], the design and implementation of probability-based CDS tools should appreciate nurses’ pro-
pensity for intuitive decision-making while facilitating the analytical counterpart when prompting 
action. Given that several of our participants did not prefer statistical probabilities for decision-mak-
ing, providing predictive model information will be an important consideration in future work. 

The weak agreement of definitions for risk, uncertainty, and probability likely resulted from 
scarce decision theory knowledge among participants. This topic is not routinely covered in nursing 
curricula. Furthermore, many possible actions exist for nurses during a changing patient condition 
in which risk or uncertainty are present. The unique arrangements of actions and goals chosen by 
individual nurses might result in unique definitions. A few participants’ association of these terms 
with statistical probabilities and their statements regarding infrequent use is consistent with Kahne-
man’s [30] view that humans do not think probabilistically. 

Several participants mentioned the role of context as influential in the extent to which nurses 
would accept the validity of a prediction model. This can have important implications for CDS tools 

Research Article

Jeffery AD et al: Nurses’ Information-Gathering Behaviors

T
hi

s 
do

cu
m

en
t w

as
 d

ow
nl

oa
de

d 
fo

r 
pe

rs
on

al
 u

se
 o

nl
y.

 U
na

ut
ho

riz
ed

 d
is

tr
ib

ut
io

n 
is

 s
tr

ic
tly

 p
ro

hi
bi

te
d.



771

© Schattauer 2017

(▶Table 4) because the use of predictive analytics without an awareness and appreciation for the 
context of its application could lead to both: 
(a)  identification of correlation without an understanding of causation that could thwart future work 

and 
(b) unsuccessful implementation of clinical tools developed from analytical methods. 

We propose that engaging nurses in the design of analytics solutions is one of the best solutions for 
these challenges. Specifically, Design Research methods can be both a starting point and an imple-
mentation aid for big data applications. 

Strengths of our study included the variety of both nurses and settings, as well as the use of a 
proxy situation to elicit responses that were more likely to represent actual behaviors and decrease 
speculation. Limitations of our study included the single research site, small focus group size, and 
dependence on participant recall and perceptions. Ongoing and last-minute schedule conflicts con-
tributed to the focus group’s small size and necessitated individual interviews to collect data from 
charge nurses; larger incentives might be needed in future recruitment efforts of this specific popu-
lation. There is a need in future studies for documentation of what actually occurs rather than ask-
ing participants to recall what they did, similar to a recent report of critical care information gather-
ing behaviors [31]. Additional nursing roles, such as advanced practice nurses, also need exploring, 
similar to the work of Weber [32]. 

Finally, we recognize nurses’ responses to a limited number of weather forecast scenarios are not 
likely an identical match to their responses to patient-focused predictive analytics tools. Our choice 
of weather scenarios, the common occurrence of inaccurate weather predictions by meteorologists, 
and the formal interview environment could have influenced our findings and resulted in the wide 
variety of observed responses. Because of this, we plan to examine nurses’ use of prediction models 
in simulated and real-world settings in the near future, and findings from our study will guide the 
design and implementation of big data applications into the clinical arena. Prior to embarking on 
large-scale experimental studies however, further qualitative investigations of technology’s influence 
on clinical decision making and predictive modeling’s impact on information technologies are 
needed. 

6.  Conclusions
Healthcare predictive analytics offers the potential for improving care delivery, but it provides only a 
portion of the total information nurses use to make decisions. As an initial step in identifying poten-
tially beneficial roles of predictive analytics tools, this study explored nurses’ perceptions of their 
current work practices and the concepts of risk within the context of cardiopulmonary arrest. An in-
creased understanding of nurses’ information behaviors will enhance the design, development, and 
implementation of effective probability-based clinical decision support tools while informing im-
portant expansions of nursing educational curricula. Our findings are consistent with others’ work 
related to situation awareness within and outside the nursing profession, and we have added to this 
work by focusing on the addition of prediction-based decision support tools as an information 
source. While these recommendations may seem intuitive to clinicians, these processes are not as 
well known to informaticians creating decision support systems intended for the clinical arena. 
Documentation of clinicians’ work practices will enable more opportunities for implementing deci-
sion support systems into their cognitive and physical workflows. 

7. Clinical Relevance Statement
Big data applications (and particularly predictive analytics) are surfacing throughout the healthcare 
arena, but little is known about how nurses perceive this new information and how they might act 
upon it. This study described nurses’ current information-gathering practices related to patient de-
terioration and then explored how predictive analytics might fit within that work. Identifying how 
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technology can complement current work will help to minimize interruptions and increase the like-
lihood of its adoption. 

Multiple Choice Question
Which of the following rationales describes why qualitative research methods should be used when 
implementing new technologies in clinical environments? 
A. To facilitate adoption by understanding current work practices (correct answer)
B. To assess for statistically significant effects of the intervention
C. To convince clinicians to use the technology in their practice 
D. To persuade organizational leaders that front-line users want the technology

Rationale: Regardless of the phenomenon of interest, qualitative research methods focus on describ-
ing and understanding a lived experience. Within the realm of informatics, qualitative research 
methods can be helpful in understanding phenomena such as users’ experiences with technology, 
information needs that could be addressed by new or modified tools, and the current context in 
which informatics tools are implemented. This latter use was the focus of our study. Using quali-
tative methods to understand the context of work can provide a framework to guide design, devel-
opment, and implementation of informatics tools that make success of the tools more likely. 
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Fig. 1 Example of weather scenario provided to participants. This scenario depicts the chance of precipitation for 
the next 30 hours from a general overview and hourly probabilities [33]. 

Fig. 2 Another example of weather scenario provided to participants. This depicts a scenario where two different 
weather sources forecast discrepant precipitation probabilities for the same location [33, 34]. 
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Table 1 Descriptive statistics of participants (n=18).Demographic Variable

Education*

Age (Years)

Nursing Experi-
ence (Years)

Patient Popu-
lation

Care Setting

* Education variable not available for focus group par-
ticipants

Associate

Bachelor

Master

Under 25

26–35

36–45

46–55

56–65

< 2

2–5

6–10

11–15

> 15

Adult

Pediatric/Neonatal

Emergency Department

Intensive Care Unit

Ward/Floor

n

2

10

3

4

8

2

3

1

3

4

5

2

4

9

9

4

7

7

Table 2 Major and minor themes resulting from weather scenarios. 

Major Themes & Description

#1: Triangulation
When faced with uncertainty, participants sought 
information from different sources (e.g., reviewing 
a weather map in addition to probabilities), facili-
tating discovery of a ‘true’ state. 

#2: Always be Prepared
Some participants never trusted the predictions be-
cause they have found them to be wrong too many 
times. Others seemed slightly risk averse. In both 
cases, they preferred to bring an umbrella or rain-
coat in the event of an undesirable outcome. 

#3: Desire for Detail
Almost all participants preferred an hourly forecast 
view. This level of detail provided insight into 
which activities can be performed by the partici-
pant and provided a trend by which one can make 
more-informed predictions. 

#3a: Consistency and Extreme Values
Consistency and extreme values (e.g., repeated 
hours of 0% probability) promoted comfort, cer-
tainty, and confidence. 

Example Quotes

“I would take a look at a map…because then you can see 
actual precipitation, you know what’s coming in, if 
there’s…a front or something like that, or if it’s just cloud 
like cover cause then you know that’s the one you’d lean 
towards.” –Bedside Nurse #10

“Bring an umbrella, park close…be prepared” –Bedside 
Nurse #5

“Depending on where I was planning on being or what I 
was planning on doing, I would just prepare for the worst.” 
–Charge Nurse #3

“I’ll look at the hourly because there’s certain times when 
I’m going to be coming in from my car and going back to 
my car.” –Bedside Nurse #1

“R: There’s theoretically no chance of rain tomorrow and 
it’s down-trending. 
I: So, both the absolute 0% here and the trend moving 
down?
R: Right.” –Bedside Nurse #7
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Major Themes & Description

#3b: The only certainty is uncertainty. 
Predicting soon is, at best, uncertain – predicting 
the far future, one might as well not look, that is 
unknown. 

Minor Themes

#1 Compromising
When faced with the discrepant values, partici-
pants assumed the true value was somewhere in 
the middle. 

#2 Deference to Preference
Similar to the cognitive heuristic of simplifying 
decision making, participants noted that when 
faced with discrepancies, they would defer either 
to the outcome they prefer (i.e., no rain) or to the 
outcome suggested by their most trusted source. 

#3 Story Building
Giving a story or personality to the data (i.e., devis-
ing a rationale for why something might be dis-
played as it is). 

#4 Prior beliefs can supersede new evidence. 
Belief that context (e.g., geographic location) was 
so important that no new evidence would make 
someone come up with a different conclusion. 

Example Quotes

“I mean just more uncertain because it’s so far out and so, 
obviously, our ability to predict tomorrow is much better 
than our ability to predict that day…and the days leading 
up to it.” –Bedside Nurse #7

“I: What about 3 weeks out? Does that mean anything?
R: It means that the weather man is a poor betting man.” 
–Bedside Nurse #5

“No wonder why we don’t trust the weatherman. [laugh-
ing] I’d be thinking it’s somewhere in-between that then.” 
–Bedside Nurse #6

“It matters what my day was like…I would like to choose 
the one that would fit into my day better.” –Bedside Nurse 
#9

“I would probably choose to go with whichever you know 
website or app that I typically look at or you know which-
ever one I felt gave the most accurate information.” 
–Charge Nurse #8

“I: What are your thoughts on the discrepancy here?
R: Well, it’s almost like this one just doesn’t want to com-
mit.” –Bedside Nurse #10

“If you’re in the tropics it’s going to rain whether you think 
it’s going to or not…if it’s Florida or California it’ll probably 
rain for 2 hours in the afternoon and you’ll be good for the 
rest of the day. And if it’s Jamaica and the Dominican, it al-
ways says it’s probably going to rain and it never does 
‘cause it’s gorgeous, so it really just depends on where we 
are.” –Bedside Nurse #5

Table 2 Continued

Table 3 Themes related to perceptions of risk, uncertainty, and probability. 

Theme

#1: Probability = ‘probably’

#2: Risk is related to a patient’s his-
tory and might assist with prioritiz-
ing. 

#3: Risk is related to harm. 

#4: Uncertainty = ‘unexpected, un-
predictable, unknown.’ 

Description

Participants used ‘probability’ to imply that an event/outcome will ‘prob-
ably’ occur (i.e., more likely to occur than not to occur). 

Participants were able to mention some types or classifications of patients 
that could automatically be labeled as ‘high risk,’ which implied greater at-
tention should be focused on that patient. 

Risk was the term most related to the concept of patient harm. 

Participants noted that one can never fully expect or predict what will 
happen with a hospitalized patient. 
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Table 4 Implications of findings for probability-based decision support tools. 

Finding

Desire for detail

Discrepancies promote informa-
tion-gathering

Deference to trusted source

Implication for Decision Support Tools

Provide trends. 
Identify sources of data. 

Even if the tool does not align with clinical gestalt, it might still be helpful in 
determining if a patient has a problem. 

If decision support tools provide discrepant findings, they are less likely to 
prompt behavior because participants noted they are more likely to go to their 
trusted source when faced with uncertainty. 
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