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Abstract

Objective: Assess clinician perceptions of a machine learning-based early warning system to 

predict severe sepsis and septic shock (EWS 2.0)

Design: Prospective observational study

Setting: Tertiary teaching hospital in Philadelphia, PA

Patients: Non-ICU admissions November-December 2016

Interventions: During a six-week study period conducted five months after EWS 2.0 alert 

implementation, nurses and providers were surveyed twice about their perceptions of the alert’s 

helpfulness and impact on care, first within 6 hours of the alert, and again 48 hours post-alert.
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Measurements and Main Results: For the 362 alerts triggered, 180 nurses (50% response 

rate) and 107 providers (30% response rate) completed the First Survey. Of these, 43 nurses (24% 

response rate) and 44 providers (41% response rate) completed a Second Survey. Few (24% 

nurses, 13% providers) identified new clinical findings after responding to the alert. Perceptions of 

the presence of sepsis at the time of alert were discrepant between nurses (13%) and providers 

(40%). The majority of clinicians reported no change in perception of the patient’s risk for sepsis 

(55% nurses, 62% providers). A third of nurses (30%) but few providers (9%) reported the alert 

changed management. Almost half of nurses (42%) but less than a fifth of providers (16%) found 

the alert helpful at 6 hours.

Conclusions: In general, clinical perceptions of EWS 2.0 were poor. Nurses and providers 

differed in their perceptions of sepsis and alert benefits. These findings highlight the challenges of 

achieving acceptance of predictive and machine learning-based sepsis alerts.

Keywords

severe sepsis; septic shock; electronic medical record; predictive medicine; machine learning; 
early warning system

INTRODUCTION

Sepsis is a leading cause of mortality among hospitalized patients (1). Mortality from 

hospital-acquired sepsis is two to three times higher than sepsis present on admission (2, 3). 

Delayed recognition delays life-saving interventions, increasing the risk of progression to 

shock, organ failure, and death (4). Many hospitals have developed electronic health record 

(EHR)-based sepsis surveillance and alert systems to improve early detection and 

intervention (5).

The first surveillance tools targeted detection of the systemic inflammatory response 

syndrome (SIRS). With good diagnostic accuracy, detection systems prompted increased 

frequency of and improved time to diagnostic testing, and escalation of care (6-12). Our 

group previously developed an automated SIRS-based sepsis detection tool (EWS 1.0) that 

resulted in a non-significant trend toward reduced mortality (9).

Our group and others have more recently developed predictive tools to identify high-risk 

patients before clinical criteria are apparent (13-21). Using machine learning (ML) 

algorithms, large patient datasets can be mined for novel clinical patterns and characteristics 

predictive of clinical decompensation (18, 22, 23). ML algorithms to predict septic shock in 

ICU patients have demonstrated good predictive accuracy in retrospective validation (22, 24, 

25), though few have reported prospective implementation outcomes. One small non-

academic hospital reported improved sepsis-related mortality (26), and a small randomized 

trial demonstrated decreased length of stay and improved mortality in ICU patients (23).

To our knowledge, our group is the first to evaluate large-scale prospective implementation 

of a machine learning-based sepsis prediction tool (EWS 2.0) in non-ICU patients. 

Algorithm validation suggested excellent predictive characteristics for severe sepsis and 

septic shock, with a positive likelihood ratio of 13 (27). We linked EWS 2.0 to predictive 
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alerts deployed to clinical care teams on non-ICU inpatient services and performed a 

prospective pre-implementation and post-implementation analysis of its impact on clinical 

care processes and patient outcomes (27).

In addition to good algorithm performance, stakeholder acceptance of clinical decision 

support systems (CDSSs) is crucial for sepsis care improvement. We previously reported 

that a minority of providers perceived our earlier sepsis detection system, EWS 1.0, to be 

helpful despite observed changes in management resulting in increases in early sepsis care 

and documentation (28). We postulated that acceptance was limited by alert fatigue. 

Provider acceptance of ML algorithm prediction tools may be further limited by their 

complexity and lack of transparency (28). This study describes clinician perceptions of our 

predictive machine learning-based EWS 2.0 deployed prospectively across our healthcare 

system.

MATERIALS AND METHODS

Study Design, Setting, and Subjects

This was a prospective observational study. The EWS 2.0 alert was deployed throughout our 

multi-hospital academic healthcare system, the same study site as EWS 1.0. This study was 

conducted in our flagship 782-bed academic hospital given the higher volume of alerts at 

this location and on-site availability of the research team. Study subjects were bedside 

clinicians caring for patients who triggered the alert, including registered nurses (nurses) and 

physicians or advanced practitioners (providers). This project was reviewed and determined 

to qualify as Quality Improvement by the University of Pennsylvania’s Institutional Review 

Board.

Early Warning System Protocol

To create EWS 2.0, we trained an ML algorithm to predict severe sepsis or septic shock. The 

algorithm was developed using a random forest classifier trained on EHR data from adult 

patients discharged from July 2011 to June 2014 from any of our three urban acute care 

hospitals (n=162,212). Positive cases (n=943) were defined as having an ICD9 code of 

995.92 (Severe Sepsis) or 785.52 (Septic Shock) associated with their encounter, with a 

positive blood culture and either a lactate > 2.2 mmol/L or systolic blood pressure < 90 mm 

Hg. The earliest of these events was labeled as “time zero” of sepsis onset. Only non-ICU 

patients were included in the derivation population.

The algorithm’s sensitivity threshold was set to generate approximately 10 alerts across the 

hospital system per day, with the goal of generating a feasible alert response workload and 

minimizing false positives that would exacerbate alert fatigue and erode alert confidence. 

This target daily alert rate was determined a priori and informed by our experience with 

EWS 1.0, which, based on a threshold determined to capture the patients most likely to 

decompensate, generated about 6 alerts per day (9). We retrospectively validated the 

algorithm on hospitalized patients from October to December 2015 (n=10,448, screen 

positive=314). The positive likelihood ratio for “severe sepsis or septic shock” was 13, with 

positive and negative predictive values of 29% and 97%, respectively.
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Clinicians throughout our hospital system were educated about EWS 2.0 via informational 

emails before alert deployment. On June 16, 2016, EWS 2.0 was activated. When EWS 2.0 

was triggered, an EHR-based alert was sent to the patients’ nurse, and a text message alert 

was sent to the patient’s provider as well as to a rapid response coordinator who ensured 

clinical teams received the alert and completed an immediate bedside assessment. Alerts 

stated that EWS 2.0 had fired for a given patient, and included relevant recent laboratory 

data along with 48 hours of vital sign trends.

Survey Deployment and Administration

We created two web-based questionnaires to assess clinician perceptions of EWS 2.0 

(Supplemental Digital Content 1-2). The surveys were adapted from a previous 

questionnaire used to evaluate perceptions of EWS 1.0 (28) and refined through an iterative 

process with feedback from an interdisciplinary team of critical care and general medicine 

attendings, medical residents, and nurses. The final questionnaires included categorical and 

Likert-scale survey items with options for open-ended response. Questions were designed to 

assess clinicians’ perceptions regarding: 1) the patient’s condition; 2) new information 

discovered at the time of alert; 3) whether and how the alert changed management; and 4) 

whether and how the alert was useful and/or improved patient care.

Surveys were administered over six consecutive weeks (11/07/2016–12/19/2016) five 

months after the EWS 2.0 alert was deployed across the healthcare system. For every alert 

triggered, a rapid response coordinator directed the covering nurse and provider to the first 

16-item questionnaire (First Survey) to be completed confidentially and independently 

within 6 hours of the alert.

Clinicians who completed the First Survey were emailed a link to the 11-item Second 

Survey 48 hours after the initial alert. The Second Survey included a subset of questions 

from the First Survey, with a focus on clinicians’ perceptions of patients’ clinical state and 

the alert’s utility and impact on care after 48 hours of clinical evolution. Up to two 

reminders were sent by email or text to non-responders 12–24 hours after the initial Second 

Survey request. Completion of surveys was strictly voluntary.

Data Analysis

Study data were collected and managed using Research Electronic Data Capture (REDCap), 

a secure, web-based application designed to support data capture for research studies (30). 

To facilitate interpretation of Likert-scale survey responses, grades 1 and 2 were grouped 

and considered as negative, grade 3 was considered neutral, and grades 4 and 5 were 

grouped and considered positive. Categorical questions included options for open-ended 

responses; these were reviewed for themes and some were re-coded to the appropriate 

corresponding categorical response groups. Results were calculated as percentages of total 

responses within each group (provider and nurse) and comparisons were made between 

clinician types using the chi square test and two-tailed Fisher’s exact test, as appropriate. P 

values <0.05 were considered significant and are reported here.
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RESULTS

Survey Response

During the six-week study period, 362 EWS 2.0 alerts were triggered, resulting in a median 

of 8 alerts per day (IQR 7–10, range 4–15). For the 724 potential First Survey responses 

(one each for a nurse and provider per alert), 287 First Surveys were completed by 252 

individual clinicians (overall response rate 40%). Nurses completed 180 First Surveys (50% 

response rate) and providers completed 107 First Surveys (30% response rate). Of these, 43 

nurses who completed a First Survey completed a Second Survey (24% response rate) and 

44 providers who completed a First Survey completed a Second Survey (41% response rate), 

with an overall Second Survey response rate of 30%. Of these 77 respondents, 49 (64%, 33 

providers, 16 nurses) reported sufficient continuity with the alerted patient to accurately 

complete the Second Survey.

Findings and Management at the Time of Alert

The alert and subsequent patient assessment infrequently provided new information (Table 

1). Few clinicians (13% providers, 24% nurses) reported new clinical findings at the time of 

alert trigger (p=0.03 for provider vs. nurses). Perceptions of the presence of sepsis at the 

time of patient evaluation after alert were discrepant between providers (40%) and nurses 

(13%) (p<0.001). In addition, following the alert most clinicians remained unchanged in 

their impression that the patient would develop critical illness (62% providers, 55% nurses). 

At 48 hours, fewer clinicians in both groups believed the patient was septic (26% providers, 

6% nurses), when compared to their impressions within the first 6 hours post-alert.

Sepsis was thought to be the primary driver of alert trigger in about one third of cases (40% 

providers, 21% nurses, p<0.001), followed by dehydration (14% providers, 14% nurses) 

(Table 2). One tenth of providers (11%) and one fifth of nurses (21%) did not know why the 

alert triggered, as they discovered no clinical change. While providers’ impressions of sepsis 

driving alert trigger remained consistent over time (40% within 6 hours of alert, 39% at 48 

hours after alert), nurses were less likely to attribute alert firing to sepsis at 48 hours (21% 

within 6 hours of alert, 0% at 48 hours after alert, p<0.05).

Few providers (9%) but a third of nurses (30%) reported that the alert changed management 

(Table 3, p<0.001). Clinicians most commonly reported increased frequency of bedside 

rounding, followed by increased frequency of vital sign checks, and ordering of new 

diagnostic tests.

Overall Impressions

Overall impressions of EWS 2.0’s utility to clinical teams and impact on patient care were 

mixed (Figures 1 and 2). Almost half of nurses (42%) but less than a fifth of providers 

(16%) found the alert helpful at 6 hours (p<0.001). Though the proportion of providers 

finding the alert helpful nearly doubled by 48 hours (30%), this was not statistically 

significant. The proportion of nurses finding the alert helpful or unhelpful remained stable 

over time (helpful: 42% at 6 hours, 44% at 48 hours; unhelpful: 22% at 6 hours, 31% at 48 

hours). Nurses were more likely than providers to describe the alert as improving care, at 
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both 6 hours (11% providers, 33% nurses, p<0.001) and 48 hours (12% providers, 38% 

nurses, p=0.05).

Of the 26 clinicians reporting helpful features of the alert, 73% cited improved team 

communication and 46% cited more frequent monitoring; fewer cited the prompting of 

diagnostic testing (23%) or interventions (2%). Of the 19 clinicians reporting unhelpful 

features, 37% cited triggering for known clinical abnormalities, 21% cited patients’ clinical 

stability, 16% each believed the alert was a poor use of resources or that it fired too late, and 

11% reported irrelevant clinical abnormalities. When asked for suggestions for 

improvements, clinicians most frequently requested transparency regarding factors leading 

to alert trigger (44% of 48 suggestions).

DISCUSSION

Perceptions

Nurses and providers frequently differed in their perceptions of alerted patients and EWS 2.0 

in general. Nurses were less likely to think patients were septic; by 48 hours, none of the 

surveyed nurses attributed the alert to sepsis. Given that nurses are often the most proximal 

caregiver and may be the first to encounter signs of sepsis, this finding of differing sepsis 

assessments may reveal a crucial opportunity for improved sepsis awareness, and highlights 

the potential importance of objective automated monitoring systems. Despite infrequent 

concerns for sepsis, nurses were more likely to report perceived changes in management and 

favorable overall impressions of the alert compared to providers, with nearly one third 

reporting changed management, half finding the alert helpful, and one third reporting 

improved care. Discrepancy in nurse and provider perceptions of EWS 2.0’s impact on care 

suggests it conferred differential benefits and prognostic value to each group. Reported 

improved interdisciplinary communication may be particularly important given discrepant 

clinician impressions of sepsis risk in these patients.

EWS 2.0 was less favorably received than EWS 1.0. As previously reported, clinicians 

reported that EWS 1.0 changed management in about half of cases (56% nurses, 44% 

providers). Clinicians reported less frequent management changes with EWS 2.0 (30% 

nurses, 9% providers). Moreover, while nurses’ impressions of the two systems were similar, 

providers more frequently reported that EWS 1.0 was helpful (40% nurses, 33% providers) 

and improved care (35% nurses, 24% providers), and less frequently reported that EWS 2.0 

was helpful (42% nurses and 16% providers at 6 hours, 42% nurses and 32% providers at 48 

hours) or improved care (33% nurses and 11% providers). The poorer perceptions of EWS 

2.0 may reflect poor clinician acceptance of predictive alert systems more generally 

compared to alerts designed to detect clinical deterioration.

Challenges

While others have reported on the development and small-scale implementation of predictive 

alerts informed by ML algorithms, this is the first study to report on clinician perceptions of 

such tools. These results reveal potential barriers to positive clinical reception of EWS 2.0 

including: 1) relative clinical stability of patients at the time of alert, 2) confidence in 
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clinician judgment, 3) lack of transparency of the machine learning algorithm, and 4) 

uncertain response to alerts on high-risk patients who are not yet decompensating. These 

may be generalizable to other predictive alert systems, particularly those informed by ML 

algorithms.

Patients’ clinical stability at the time of alert may have contributed to poor confidence in the 

alerts’ clinical accuracy and relevance. As a predictive tool, EWS 2.0 triggered at a median 

of 5–6 hours, and in some cases several days before the onset of severe sepsis and septic 

shock. We suspect that many clinicians perceived EWS 2.0 as a traditional detection tool and 

dismissed its firing as erroneous or unhelpful when they discovered no evidence of clinical 

deterioration. The expectation of an immediate bedside evaluation likely contributed to this 

false perception that the alert was monitoring for decompensation requiring an immediate 

response. While implementation campaigns may mitigate such misperceptions, optimal lead-

time of predictive alerts remains unclear.

Poor acceptance of EWS 2.0 may reflect little perceived added value to clinicians’ judgment 

given clinician confidence in their clinical reasoning and prognostication. Though EWS 2.0 

demonstrated positive predictive values comparable to other widely accepted screening tools 

(31, 32), its ability to identify at risk patients may not exceed that of clinicians. In fact, 

clinicians reported already suspecting sepsis in almost half of patients who triggered the 

alert. While objective risk assessment through predictive alerts may help standardize 

otherwise subjective clinical impressions, clinicians may not find the alert helpful if they 

believe they already know which patients to monitor closely. The utility of such predictive 

alerts may thus be limited by a relatively small target population: high risk patients not yet 

viewed as high risk by clinicians. Further studies are needed to identify the subset of patients 

most likely to benefit from predictive alerts.

Clinicians may find it difficult to trust alerts developed using complex algorithms. ML 

algorithms in particular have been described as “black box models” because the variables 

informing their prediction are often not explicit or easily available to the user (29). Because 

ML algorithms can incorporate hundreds of variables, the factors that contribute to a 

prediction may be too unwieldy to distill into a meaningful narrative for clinicians. 

Furthermore, because the machine learning process identifies important variables that may 

not have previously been associated with particular outcomes, predictions based on these 

variables may be less clinically intuitive. Though challenging, transparency in machine 

learning algorithm design and alert trigger may help to justify risk assessments from the 

clinicians’ perspective.

Lack of established action items to implement after an alert may have also contributed to the 

perceived lack of alert value. It is unclear what, if any, management changes clinicians 

should implement for high-risk patients before clinical onset of severe sepsis or septic shock. 

Though there are several interventions one might expect to improve sepsis outcomes if 

implemented prior to clinically apparent disease, including increased monitoring, there is a 

paucity of data regarding their efficacy and cost-effectiveness. Further research is needed to 

avoid increasing unnecessary cost, inappropriate testing, and poor antibiotic stewardship.
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Limitations

While response rates for the First Survey were comparable to that expected for web-based 

clinician surveys (33, 34), we cannot exclude non-responder bias. Low response rates and 

limited continuity reported by clinicians at 48 hours may limit the interpretation of the 

Second Survey results. However, it is unclear in which direction non-responder bias would 

influence our results, as both clinicians who are satisfied and dissatisfied might respond 

more frequently.

Next Steps

To be most useful, systems to predict severe sepsis and septic shock will require an iterative 

development process informed by clinician perceptions. Thorough implementation 

campaigns are important to familiarize clinicians with the role and utility of predictive 

systems that are distinct from detection systems. Whether alerts are the optimal modality for 

communicating risk predictions remains in question. Rather than triggers for rapid response 

deployment, sepsis prediction systems may be most useful as longitudinal risk stratification 

tools to inform objective risk assessments during team handoffs and diagnostic decision-

making. More research is needed to determine the most useful lead-time and the most cost-

effective and high impact interventions to deploy when patients are predicted to be high risk 

but do not yet have disease. Future predictive systems may be strengthened by screening for 

real-time sepsis-related orders from the EHR to more specifically target at-risk patients who 

would otherwise go undetected. In order to be trusted and adopted, machine learning 

predictive systems will need to be both accurate and interpretable (29). Interpretability will 

require transparency, ideally through interactive explanations and data visualization to 

translate the complex logic behind “black box models”.

CONCLUSIONS

Clinician perceptions of EWS 2.0 were mixed and, in general, poor. Despite excellent 

predictive characteristics, the EWS 2.0 alert infrequently provided new clinical information 

or changed management. Alerted patients’ relative clinical stability may have contributed to 

alert skepticism and uncertainty in response. Clinicians may find it difficult to trust complex 

predictive algorithms over their own clinical intuition if not provided with explanations to 

facilitate alert interpretation.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1: Clinician Perceived Utility of Alert.
Unhelpful: Combined percentage of those responding, “Very unhelpful” and “Unhelpful” on 

a Likert Scale.

Neither: Percentage of those responding “Neither helpful nor unhelpful” on a Likert Scale.

Helpful: Combined percentage of those responding “Very helpful” and “Helpful” on a Likert 

Scale.

At Time of Alert: First Survey responses, submitted within 6 hours following the alert.

48 Hours After Alert: Second Survey responses, submitted at least 48 hours after alert.
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Figure 2: Clinician Perceived Impact on Patient Care.
Improved Care: Combined percentage of those responding, “Definitely improved care” and 

“Probably improved care” on a Likert Scale.

Maybe Improved Care: Percentage of those responding “Maybe improved care” on a Likert 

Scale.

Didn’t Improve Care: Combined percentage of those responding, “Definitely did not 

improve care” and “Probably did not improve care” on a Likert Scale.

At Time of Alert: First Survey responses, submitted within 6 hours following the alert.

48 Hours After Alert: Second Survey responses, submitted at least 48 hours after alert.
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Table 1.

Clinical Impressions After Early Warning System 2.0 Alert

Clinical Assessment, n (%) Provider Nurse P-value

The alert resulted in new clinical findings
a 14 (13) 43 (24) 0.03

 Vital sign change 10 (71) 39 (91)

 New symptoms 6 (43) 3 (7)

 Physical exam finding 2 (14) 2 (5)

 Lab finding 0 (0) 7 (16)

Before the alert triggered, I thought the patient had sepsis <0.001

 Yes 40 (38) 21 (12)

 Maybe 29 (27) 49 (28)

 No 37 (35) 106 (60)

Within 6 hours after the alert triggered, I thought the patient had sepsis <0.001

 Yes 42 (40) 23 (13)

 Maybe 28 (26) 54 (31)

 No 36 (34) 99 (56)

By 48 hours after the alert triggered, I thought the patient had sepsis
b 0.06

 Yes 8 (26) 1 (6)

 Maybe 4 (13) 0 (0)

 No 19 (61) 15 (94)

The alert affected my expectation that the patient would develop critical illness 0.30

 Unchanged expectation 66 (62) 99 (55)

 Increased expectation 13 (12) 24 (13)

 The patient is newly critically ill 1 (1) 4 (2)

 The patient remains critically ill 24 (2) 47 (26)

 The patient is progressing in their critical illness 3 (3) 5 (3)

Results are reported as number of responses for each item divided by the total number of respondents.

a
Clinicians could select more than one clinical finding, so percentages may add up to greater than 100% for this question.

b
For sepsis assessment at 48 hours, Provider n=44, nurse n=43. For all other questions, Provider n=107, nurse n=180.

Crit Care Med. Author manuscript; available in PMC 2020 November 01.



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Ginestra et al. Page 14

Table 2.

Perceived Reason for Alert Trigger

Etiology of Alert Trigger, n (%)
First Survey

a

Provider (n=107) Nurse (n=180)
Second Survey

b

Provider (n=44) Nurse (n=43)

The alert was primarily triggered by

 Sepsis 42 (40) 37 (21) 13 (39) 0 (0)

 Dehydration 15 (14) 24 (14) 6 (18) 3 (18)

 Cancer 10 (9) 13 (7) 5 (15) 1 (6)

 Infection, not septic 4 (4) 11 (6) 1 (3) 0 (0)

 Bleeding 3 (3) 5 (3) 1 (3) 1 (6)

 Arrhythmia 3 (3) 8 (5) 0 (0) 1 (6)

 Pulmonary problem 3 (3) 2 (1) 0 (0) 0 (0)

 Post-operative state 3 (3) 8 (5) 1 (3) 3 (18)

 End-stage organ failure
c 2 (2) 7 (4) 2 (6) 0 (0)

 Drug effect 1 (1) 3 (2) 0 (0) 1 (6)

 Pain/anxiety 1 (1) 4 (2) 0 (0) 0 (0)

 Cardiogenic shock 0 (0) 0 (0) 2 (6) 0 (0)

 Pulmonary embolus 0 (0) 0 (0) 0 (0) 0 (0)

 Other
d 5 (5) 9 (5) 0 (0) 1 (6)

 There was no clinical change, I don’t know why the alert 
triggered

12 (11) 37 (21) 2 (6) 6 (35)

 There was a clinical change, but I don’t know why the alert 
triggered

2 (2) 7 (4) 0 (0) 0 (0)

Because each percentage value has been rounded to the nearest whole number, total percentages do not equal 100%.

a
Completed within 6 hours of alert.

b
Completed 48 hours after alert.

c
Includes cirrhosis, end stage renal disease, dialysis, organ transplant rejection, and ventricular assist device.

d
Includes deconditioning, cardiac arrest, transfusion reaction, electrolyte imbalance, vasovagal, and single reading of transient hypotension.
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Table 3.

Effect of Early Warning System 2.0 on Patient Care

Change In Management, n (%) Provider (n=107) Nurse (n=178) P-value

Any change in management 10 (9) 54 (30) <0.001

 Bedside rounding frequency was increased 6 (60) 32 (59)

 Vital sign check frequency was increased 1 (10) 19 (35)

 New diagnostic tests were ordered 0 (0) 25 (46)

 New therapeutic interventions were started 0 (0) 5 (9)

 New diagnoses were considered 0 (0) 14 (26)

 Goal of care discussions were initiated 1 (10) 1 (2)

 A rapid response was called 0 (0) 3 (6)

 The patient was transferred to the ICU 5 (50) 6 (11)

Results are reported as number of responses for each item divided by the total number of respondents. Because clinicians could select more than 
one response, percentages may add up to greater than 100%.
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