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Abstract

Introduction: Patient outcome prediction models are underutilized in clinical practice due to 

lack of integration with real-time patient data. The electronic health record (EHR) has the ability 

to utilize machine learning (ML) to develop predictive models. While an EHR ML model has 

been developed to predict clinical deterioration, it has yet to be validated for use in trauma. We 

hypothesized that the Epic Deterioration Index (EDI) would predict mortality and unplanned ICU 

admission in trauma patients.

Methods: A retrospective analysis of a trauma registry was used to identify patients admitted to a 

level 1 trauma center for > 24 hours from October 2019-July 2020. We evaluated the performance 

of the EDI, which is constructed from 125 objective patient measures within the EHR, in 

predicting mortality and unplanned ICU admissions. We performed a 5 to 1 match on age as 

it is a major component of EDI, then examined the area under the receiver-operating-characteristic 

curve (AUC) and benchmarked it against injury severity score (ISS) and new injury severity score 

(NISS).

Results: The study cohort consisted of 1325 patients admitted with a mean age of 52.5 years and 

91% following blunt injury. The in-hospital mortality rate was 2% and unplanned ICU admission 

rate was 2.6%. In predicting mortality, the max EDI within 24 hours of admission had an AUC 

of 0.98 compared to 0.89 of ISS and 0.91 of NISS. For unplanned ICU admission, the EDI slope 

within 24 hours of ICU admission had a modest performance with an AUC of 0.66.
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Conclusion: EDI appears to perform strongly in predicting in-patient mortality similarly to ISS 

and NISS. In addition, is can be used to predict unplanned ICU admissions. This study helps 

validate the use of this real-time EHR ML-based tool, suggesting EDI should be incorporated into 

the daily care of trauma patients.

Level of Evidence: Retrospective cohort analysis, IV
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Introduction

There are many published models on predicting mortality and unplanned intensive care unit 

(ICU) admission for trauma patients with similar performances [1]. However, many are not 

utilized in a day-to-day clinical setting in part due to their separation from the electronic 

health record (EHR)[2]. Many models require input of multiple data points in a third-party 

web application while others are available only for use in a retrospective fashion [3–8]. 

Both are significant barriers to evaluating risk factors for clinical deterioration in day-to-day 

clinical practice [2]. A recent EHR-integrated prediction model, the Rothman Index, has 

been validated for predicting readmission and ICU mortality in surgical patients, but it is not 

widely implemented and has not been validated in trauma specific population [9–11].

Recently, Epic Systems (Verona, WI) developed a novel machine learning (ML) model 

embedded within the EHR called the Epic Deterioration Index (EDI) that has been 

widely implemented across the country [12]. This model incorporates a large number of 

physiological parameters in real-time as well as nursing assessments such as the Glasgow 

Coma Score (GCS) to generate a composite deterioration risk score. It has been touted as a 

clinical decision support tool as well as being able to help hospitals with effective triaging 

of patients at risk for clinical deterioration [12, 13]. However, despite its wide adoption in 

hospitals using the Epic EHR, external validation of this model has been sparse [14]. Only 

one single-center validation of the EDI has been published to date, with the study authors 

concluding that it had moderate predictive performance in ICU admission and mortality for 

patients with COVID-19 [15]. There are no external validation studies of the EDI for use in 

trauma patients.

Given that the EDI shares many parameters used by other trauma prediction models, we 

hypothesized that EDI could predict mortality and unplanned ICU admission in trauma 

patients with equal or better performance than existing prediction models. Validation of the 

EDI in the trauma population could pave the way for incorporating real-time EHR-integrated 

prediction models in trauma centers across the country.

Methods

Study Cohort

All adult patients 18 years or older admitted to a single Level 1 trauma center between 

October 2019 and July 2020 with a hospital length of stay greater than 24 hours were 
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identified in the trauma registry and included in this retrospective analysis. Patients with 

no EDI values prior to discharge were excluded. Transparent Reporting of a multivariable 

prediction model for Individual Prognosis Or Diagnosis (TRIPOD) guidelines was followed 

for standard reporting of this study. The completed checklist for the manuscript is available 

as a Digital Supplement Material (SDC) 1. This study was approved by the Institutional 

Review Board of the University of California San Diego Human Research Protection 

Program. A waiver of informed consent was also granted.

Study Variables

Patient demographics, EDI scores, trauma mechanism, admission and ICU transfer times, 

level of care on admission, injury severity score (ISS), and unplanned ICU admission 

status were collected. Trained abstractors for the trauma registry and not part of this study 

collected all patient variables and outcomes data. The EDI is a proprietary machine learning 

model developed originally to predict risk of in-hospital deterioration and mortality. This 

model was developed from data from over 100,000 patient encounters at 3 healthcare 

organizations from 2012 to 2016 [14]. Targeted outcomes for the machine learning model 

included mortality and escalation of care. The final model takes over 125 patient variables 

in the EHR and generates a composite risk score from 0 to 100, with 100 representing 

the highest risk of deterioration or mortality in the next 24 hours. This score is calculated 

every 20 minutes and starts on admission. The implemented EDI is integrated directly into 

the transactional, user-facing database layer of the EHR. As such, it has direct access to 

all patient data points in real-time with minimal delays, which allows it to be computed 

with the latest entered data and updated every 20 minutes or less depending on the health 

system’s technical infrastructure. Results are then immediately available to clinical teams 

and displayed prominently in each patient’s chart along with the EDI trend over the previous 

hours. Specific data extracted for calculation of the EDI includes, but is not limited to age, 

systolic blood pressure, heart rate, respiratory rate, oxygen saturations, oxygen requirement, 

cardiac rhythm, blood pH, sodium, potassium, blood urea nitrogen, white blood cell count, 

hematocrit, platelet count, and neurologic assessments including Glasgow Coma Scale. A 

full list of variables included in the model as well as the cohort selection, hyperparameters, 

and internal model validation is proprietary and has not been previously published.

Statistical Analysis

We evaluated the performance of the EDI by calculating the area under the receiver-

operating characteristic curve (AUC). In our analysis of mortality prediction, we used the 

maximum EDI (max EDI) value at 6, 12, 18, and 24 hours from time of admission as well as 

the slope over 24 hours because the EDI is measured continuously over time. This approach 

is based on prior work with the EDI in Covid-19 patients that demonstrated that the max 

EDI over a period of time had the best predictive performance [15]. Furthermore, measuring 

the max EDI has the added benefit of simplifying the scores into a single number that could 

be used clinically with limited additional interpretation or calculations.

For unplanned ICU admission analysis, we measured the EDI change over time (slope of 

the linear regression line) and max EDI in a 24-hour time interval ending at 4 hours prior to 

unplanned ICU admission time. We adopted this approach because a deterioration prediction 
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tool is most beneficial when it provides clinicians enough lead time to act on the finding. 

The max EDI and EDI slope over the course of the hospitalization was used for those who 

did not have an unplanned ICU admission. EDI values for any ICU time were excluded as 

their scores are generally higher as a reflection of their overall illness.

We performed a 5 to 1 age-matched analysis for both unplanned ICU admission and 

mortality prediction analysis, because age is a major contributor to the EDI calculation. 

We also benchmarked the results of the EDI against the ISS and New ISS (NISS), which are 

validated predictors of mortality in trauma patients [16–18].

The statistical software R v4.0.5 was used to conduct all analysis. Performance threshold 

curves and AUC curves with 95% confidence interval (CI) calculated using 1000 

bootstrapped replicates were generated using modified code from Singh et al – their code is 

available publicly at https://github.com/ml4lhs/edi_validation [15].

Results

We identified 1325 patients who met the inclusion criteria above. The mean age was 52.5 

years old and 69% of patients were male. A majority of patients (91%) were admitted after 

blunt injury. Overall, in-hospital mortality was 2% and the unplanned ICU admission rate 

was 2.6%. Patients had a mean ISS of 10.7 and NISS of 145. The mean maximum EDI 

in the first 24 hours of admission was 50.4. Table 1 summarizes the demographics of our 

cohort.

For prediction of in-hospital mortality, the maximum EDI within 6 hours of admission had 

an AUC of 0.91 (0.85–0.86, 95% CI). This performance improved incrementally as the EDI 

interval time was increased, with the maximum EDI in 24 hours of admission showing an 

AUC of 0.98 (0.97–0.99, 95% CI). The slope of the EDI over the first 24 hour-interval also 

demonstrated moderate performance in mortality prediction at an AUC of 0.85 (0.77–0.91, 

95% CI) although it was less than that of other predictors. Comparatively, the ISS had an 

AUC of 0.89 (0.81–0.95, 95% CI) and the NISS had an AUC of 0.91 (0.84 – 0.97, 95% 

CI). Figure 1 demonstrates a comparison of the representative models’ performances. The 

results of the models did not change significantly in the 5 to 1 age-matched cohort. Table 2 

summarizes the performance of each model in mortality prediction in the overall cohort and 

the age-matched cohort.

Because the EDI is designed to serve as a threshold score but there is no pre-defined value 

for this, we constructed a threshold-performance graph to examine the different possibilities 

as shown in Figure 2. The max 24-hour EDI was used as the predictor. Overall, the score had 

high sensitivity and specificity across a range of values until an EDI threshold score of 80, at 

which point the sensitivity decreases with minimal increase in specificity. The sensitivity at 

EDI threshold score of 80 is 0.93 and the specificity is 0.94, with a positive predictive value 

(PPV) of 0.23 and negative predictive value (NPV) of 0.99. Similarly, in the age-matched 

cohort, an EDI threshold of 80 demonstrated a sensitivity of 0.93, specificity of 0.90, PPV of 

0.66 and NPV of 0.98 (graph not shown).
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In the analysis of unplanned ICU admission, we found that the most impactful predictor 

was the slope of the EDI over a 24-hour time interval ending at 4 hours prior to the ICU 

admission time with an AUC of 0.66 (0.53 – 0.78, 95% CI). In contrast, the max EDI over 

this interval of time was not an effective predictor (AUC = 0.52). The performance of these 

predictors did not change when the time window was changed to 12 hours from 24 hours or 

for the age-matched cohort. These results are detailed in Table 3.

We plotted the performance-threshold graph of the EDI slope in the 24-hour time interval, 

shown in Figure 3, with the slope rescaled as a change in EDI every 4 hours to produce 

an interpretable and clinically useful value. Using an EDI increase of 1 over 4 hours as the 

threshold, the sensitivity is 0.06, specificity is 0.60, PPV is 0.86, and NPV is 0.02.

Discussion

We report the first public validation of the EDI, a real-time EHR-embedded machine 

learning model, as a predictor of mortality and unplanned ICU admission in trauma patients. 

In the first 24 hours, the max EDI was predictive of in-hospital mortality with an AUC 

of 0.98, which performed better than the previously validated models - the ISS and NISS. 

We showed that the slope of the EDI over the 24-hour period from admission was also 

predictive of mortality but this did not perform as well as other indicators. In comparison, 

the EDI for predicting mortality as well as ICU admission and mechanical ventilation as 

a composite outcome in COVID-19 patients achieved only an AUC of 0.79 as reported by 

a separate external validation study [15]. Furthermore, our performance-threshold analysis 

showed that a max EDI threshold of 80 within the first 24 hours of admission strongly 

predicted in-hospital mortality with sensitivity and specificity greater than 90%. Thus, by 

integrating a large quantity of complex data points into a single summary score that is 

updated in-real time and readily available in the EHR, the EDI can assist teams in rapidly 

identifying high acuity patients early on in their hospital course. In addition, the EDI can 

assist in early prognosis discussions with patient and family members based on the predicted 

mortality risk.

In contrast, the ability of the EDI to predict unplanned ICU admission was markedly 

decreased. The EDI’s slope over a 24-hour time interval prior to unplanned ICU admission 

had an AUC of 0.66, indicating moderate performance, while the max EDI was poorly 

predictive with an AUC of 0.52. Using the threshold of an increase of EDI by 1 over 4 

hours showed a PPV of 0.86, but the sensitivity and specificity are low at 0.06 and 0.60 

respectively. These results are not surprising as the criteria for ICU admission include 

many soft criteria and situations that may not be reflected purely by a gross physiological 

derangement as denoted on the chart. In addition, policies, staffing resources, and provider 

preference all factor into this complex decision that extends beyond just numbers. The 

EDI’s performance is also on-par with previously described machine learning models for 

predicting unplanned ICU admissions in surgical patients that demonstrated AUCs of 0.70 

[9, 19]. Overall, this suggests that the EDI can be helpful in alerting clinicians about a 

potential unplanned ICU admission.
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The EHR-based prediction system holds two key advantages over traditional models- timely 

updates of input parameters and access to a larger pool of data points. Previous models were 

often developed with access to smaller data sets than what is available in the EHR. This 

limits the scope of parameters included for model development and thus could affect model 

performance. We hypothesize that this could be a reason for why the EDI outperforms 

both ISS and NISS in mortality prediction. Furthermore, while the smaller number of input 

parameters makes manual entry more feasible in a clinical setting, repeated updating of 

these data points is not practical and prone to error. In contrast, the EHR is able to constantly 

update these data points and provide real-time updates to the model prediction score.

For trauma patients, having real-time prediction of mortality is highly sought after as it 

can play a role in both the patient’s active treatment plan and in assisting with prognosis 

discussions with patients and families regarding their illness. Furthermore, prediction of 

unplanned ICU admissions is of vital importance in early intervention as well as resource 

utilization planning, the latter of which has become all the more critical in light of the 

COVID-19 pandemic. Currently, the majority of trauma morbidity and mortality tools are 

housed separately from the EHR or included in EHRs that have a small market share [1, 11, 

13]. Both of these serve as barriers to mass adoption of these tools in day-to-day clinical 

operations. Thus, the EDI represents as a potential paradigm shift in the clinical utilization 

of machine-learning based prediction models in trauma patients because it can integrate 

an expansive amount of real-time patient information in the EHR to generate a risk score 

automatically and is adopted widely across the country already.

The EDI represents the latest in an increasing number of ML-based tools for predicting 

trauma outcomes. These novel methods allow for inclusion of more complex, multi-

dimension data points that would present a problem for traditional regression-based models 

to predict outcomes at an individual and systemic level [20, 21]. From a trauma systems 

level, these predictions can assist in determining staffing needs and resource triaging based 

on nontraditional variables such as temperature and day of the week [22]. On a patient-level, 

ML derived tools can quickly synthesize and process a complex amount of clinical data 

to project a meaningful, objective interpretation for clinicians. With the ever-increasing 

amount of data being measured in the hospital, especially for the critically ill patients, 

EHR-based ML can assist clinicians in synthesizing this information and manage the data 

volume complexity as humans on average use six or less data points to make decisions 

[23]. Furthermore, these ML tools can be used to predict relevant outcomes such as hospital 

length of stay, coagulopathy after trauma, and sepsis [20, 24, 25]. The EDI represents the 

next step in advancement of these ML algorithms in clinical adoption as it removes the 

inherent barrier of manual input of parameters into an independent application as it is often 

the case. Because it has access to a vast set of real-time patient data, the EDI also has the 

potential for clinical use beyond just mortality and unplanned ICU admission predictions.

Our results, however, should be interpreted with caution as our study is not without 

limitations. First, for both mortality and unplanned ICU admission prediction, the thresholds 

used all had either low sensitivity, specificity, or positive predictive value. For mortality 

prediction, the EDI threshold of 80, while having high sensitivity and specificity, yielded 

a PPV of 23%. This is problematic in that our cohort had an overall low mortality rate, 
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which could skew the AUC [26]. However, in our age-matched control, in which the case 

and controls are more balanced, the AUC maintained and the PPV increased to 66%. This 

suggests that the performance we demonstrated is not due to just low case count. Second, for 

our matched cohort analysis, we only matched on age, which could limit the generalizability 

of our results. On the other-hand, we are also at risk of over-matching by selecting too many 

variables, which would affect the performance and also generalizability as well. Likewise, 

our inability to fully characterize the EDI model and the weighting of specific variables 

within the EDI limits our capacity to determine which data points drive the relationship 

between EDI and mortality in this study. We do know that EDI extracts a robust set of 

variables from the EMR including data from demographic information, bedside monitoring, 

laboratory values and nursing assessments. More granular details regarding the calculation 

of EDI could help to refine this model in the future and potentially develop disease specific 

EDI that could incorporate data specific to trauma patient outcomes. Due to the proprietary 

nature of the EDI, we do not have knowledge of the exact characteristics of the patient 

cohorts used to calibrate this system. In addition, details regarding the types of hospitals 

included in the model development and calibration, including whether these hospitals were 

level 1 trauma centers is not available. Another limitation of our study is the lack of 

comparison with other computerized outcome prediction models that are available within the 

EHR. The counterpart to the EDI is the Rothman Index, and while previous studies have 

shown that it is correlated to trauma mortality, there is no available AUC for comparison 

and this information is not available for our cohort for benchmarking [27]. Another similar 

score is the “Acute Physiology and Chronic Health Evaluation (APACHE) that has been 

developed for general ICU mortality prediction. Past studies have shown AUCs of 0.76 to 

0.87 for vascular trauma and trauma ICU patients, and no study have demonstrated it to 

have performance above AUC of 0.9 in trauma patients or close to the EDI’s AUC of 0.98 

[28, 29]. Furthermore, APACHE was developed for ICU exclusively whereas the EDI has 

been developed for all hospitalized patients and thus has a broader applicability for trauma 

patients since not all require ICU admission initially. Nevertheless, future studies aimed 

at comparing these computerized scores would be helpful to guide in model selection for 

clinical and research usage. Next, our study was done in a single Level 1 trauma center, 

which may lack the diversity and thus generalizability of a prospective multi-center study. 

Furthermore, the ICU admission policies will differ at each institution, which would affect 

the performance of the EDI in predicting unplanned ICU admissions. Lastly, there may be 

other permutations of the EDI in predicting outcomes or other outcomes that the EDI would 

be useful in predicting that were not examined by us in this study. A future multi-center 

prospective trial aimed at further validation of the EDI would be helpful to address these 

issues.

Here, we validated the EDI in prediction of mortality and unplanned ICU for trauma patients 

and demonstrated that the EDI performs on par or better than existing validated models. 

Our results suggests that the EDI should be incorporated into the every-day care of trauma 

patients as a clinical decision support tool. Future studies should aim to identify real-time 

EHR- based data that can inform the clinical care of trauma patients.
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Figure 1. 
Comparison of predictors of mortality. A. Max Epic Deterioration Index (EDI) in the first 

24 hours of admission versus mortality. B. The slope of EDI over the first 24 hours of 

admission vs. mortality. C. Injury Severity Scale (ISS) versus mortality. D. New Injury 

Severity Scale (NISS) versus mortality.
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Figure 2. 
Performance threshold plot of max EDI in 24 hours versus mortality. Black vertical line 

represents the EDI threshold, 80, at which sensitivity starts decreasing with minimal gain 

in specificity. Sensitivity = 0.93, Specificity = 0.94, Positive Predictive Value (PPV) = 0.23, 

Negative Predictive Value (NPV) = 0.99
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Figure 3. 
Performance threshold plot of EDI slope in 24 hours versus unplanned ICU admission. 

Black vertical line represents an increase in 1 EDI over 4 hours. At this point, Sensitivity 

= 0.06, Specificity = 0.6, Positive Predictive Value (PPV) = 0.86, Negative Predictive Value 

(NPV) = 0.02
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Table 1 –

Patient Demographics

Total Number of Patients 1325

Age (years, mean ± SD) 52.5 ± 21.8

% Male 69.1%

% Hispanic 42.9%

Race

 White 43.6%

 African American 7.3%

 Asian 3.0%

 Other 46.1%

% Blunt Injury 90.9%

In-hospital Mortality 2.0%

Unplanned ICU Admission Rate 2.6%

Length of Stay (days, mean ± SD) 5.5 ± 7.8

First 24-hour Max EDI (mean ± SD) 50.4 ± 17.4

ISS (mean ± SD) 10.7 ± 8.3

NISS (mean ± SD) 14.5 ± 12.2

SD- Standard Deviation, EDI – Epic Deterioration Index, ISS- Injury Severity Scale, NISS – New Injury Severity Scale
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Table 2 –

Comparison of Models Performances for Mortality

Model AUC (95% CI) Age-Matched AUC (95% CI)

ISS 0.89 (0.81–0.95) 0.89 (0.79–0.94)

NISS 0.91 (0.84 – 0.97) 0.91 (0.83–0.97)

24 Hour EDI Slope 0.85 (0.77–0.91) 0.82 (0.70–0.89)

Max EDI

 6 Hours 0.91 (0.85–0.86) 0.90 (0.85–0.95)

 12 Hours 0.96 (0.93–0.98) 0.96 (0.93–0.99)

 18 Hours 0.98 (0.961–0.99) 0.97 (0.05–0.99)

 24 Hours 0.98 (0.97–0.99) 0.97 (0.95–0.99

AUC – Area Under Curve, CI- Confidence Interval, ISS- Injury Severity Scale, NISS – New Injury Severity Scale, EDI – Epic Deterioration Index
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Table 3 –

Comparison of Models Performances for Unplanned ICU Admission

Model AUC (95% CI) Age-Matched AUC (95% CI)

EDI Slope†

 12 Hour Interval 0.62 (0.46 – 0.76) 0.67 (0.50–0.80)

 24 Hour Interval 0.66 (0.53 – 0.78) 0.69 (0.55–0.83)

Max EDI †

 12 Hour Interval 0.51 (0.42–0.6) 0.43 (0.33 – 0.55)

 24 Hour Interval 0.52 (0.43–0.61) 0.45 (0.34–0.56)

†
Interval of EDI calculated is the 12-hour or 24-hour time interval prior to 4 hours from ICU admission; AUC – Area Under Curve, CI- Confidence 

Interval, EDI – Epic Deterioration Index
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