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PREDICTIVE MODELING REPORT

Development and Validation of a Deep 
Learning Model for Prediction of Adult 
Physiological Deterioration
BACKGROUND: Prediction-based strategies for physiologic deterioration offer 
the potential for earlier clinical interventions that improve patient outcomes. 
Current strategies are limited because they operate on inconsistent definitions 
of deterioration, attempt to dichotomize a dynamic and progressive phenomenon, 
and offer poor performance.

OBJECTIVE: Can a deep learning deterioration prediction model (Deep 
Learning Enhanced Triage and Emergency Response for Inpatient Optimization 
[DETERIO]) based on a consensus definition of deterioration (the Adult Inpatient 
Decompensation Event [AIDE] criteria) and that approaches deterioration as a 
state “value-estimation” problem outperform a commercially available deteriora-
tion score?

DERIVATION COHORT: The derivation cohort contained retrospective patient 
data collected from both inpatient services (inpatient) and emergency departments 
(EDs) of two hospitals within the University of California San Diego Health System. 
There were 330,729 total patients; 71,735 were inpatient and 258,994 were ED. 
Of these data, 20% were randomly sampled as a retrospective “testing set.”

VALIDATION COHORT: The validation cohort contained temporal patient data. 
There were 65,898 total patients; 13,750 were inpatient and 52,148 were ED.

PREDICTION MODEL: DETERIO was developed and validated on these data, 
using the AIDE criteria to generate a composite score. DETERIO’s architecture 
builds upon previous work. DETERIO’s prediction performance up to 12 hours 
before T0 was compared against Epic Deterioration Index (EDI).

RESULTS: In the retrospective testing set, DETERIO’s area under the receiver 
operating characteristic curve (AUC) was 0.797 and 0.874 for inpatient and ED 
subsets, respectively. In the temporal validation cohort, the corresponding AUC 
were 0.775 and 0.856, respectively. DETERIO outperformed EDI in the inpatient 
validation cohort (AUC, 0.775 vs. 0.721; p < 0.01) while maintaining superior 
sensitivity and a comparable rate of false alarms (sensitivity, 45.50% vs. 30.00%; 
positive predictive value, 20.50% vs. 16.11%).

CONCLUSIONS: DETERIO demonstrates promise in the viability of a state 
value-estimation approach for predicting adult physiologic deterioration. It may 
outperform EDI while offering additional clinical utility in triage and clinician inter-
action with prediction confidence and explanations. Additional studies are needed 
to assess generalizability and real-world clinical impact.

KEYWORDS: critical care; deep learning; emergency medicine; machine 
learning; prediction algorithms

Physiologic deterioration is a dynamic phenomenon that is associated with 
substantial morbidity and mortality, and several interventions have sought 
to improve patient outcomes through early identification and treatment (1–

8). The rapid response team (RRT) is an example of one such intervention that has 
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shown promise in significantly reducing in-hospital mor-
tality after patients suffer acute decompensation or dete-
rioration episodes (9–14). However, the RRT represents a 
reactive, rather than proactive, intervention. More recent 
strategies, such as the Early Warning Score (15, 16) and 
machine learning (ML)-based prediction models (17, 18), 
have thus aimed to predict deterioration.

Early prediction of deterioration gives the clinical team 
time to intervene before the patient suffers a poor out-
come. ML-based solutions are particularly suited to this 
task due to their ability to leverage the data-rich environ-
ment of hospital settings (19). Lilly et al (20) demonstrated 
this exact concept for hemodynamic instability and res-
piratory failure. Similarly, Escobar et al (21) showed how 
a remotely monitored deterioration risk score that trig-
gered a structured patient workup significantly decreased 
patient mortality, length of hospital stay, and need for 
ICU transfer. However, such studies have relied on dif-
ferent outcomes to determine deterioration, including in- 
hospital mortality and ICU transfer (17, 18, 21, 22). 
While these outcomes relate to deterioration, they are 
prone to institution-dependent subjectivity, which con-
sequently limits study power, model generalizability, and 
performance comparisons (23, 24). This is especially the 
case when applied as the primary outcome to defining 

deterioration. To our knowledge, a recently developed 
consensus definition, the Adult Inpatient Decompensation 
Event (AIDE) criteria (24), has not yet been used as the 
primary outcome in such a prediction model.

In this study, we propose a deep learning deteri-
oration prediction model Deep Learning Enhanced 
Triage and Emergency Response for Inpatient 
Optimization (DETERIO) that is built on a state value- 
estimation approach and implements a consensus def-
inition of deterioration. Rather than directly predicting  
deterioration as a single event in time, temporal difference 
(TD) learning is used to predict the value of each state 
in the temporal trajectory of a patient, where the value 
of each state is determined in terms of improvements or 
deteriorations that the patient may experience in the near 
future (25). For example, a hypotensive event in certain 
patient scenarios may be inconsequential (e.g., small drop 
in blood pressure during sleep) but may represent an early 
manifestation of circulatory shock in other instances (26, 
27). By incentivizing the algorithm to predict the patient 
trajectory (e.g., hypotension leading to circulatory shock), 
the model will be able to better capture the relationship 
between patient phenotypes and long-term outcomes. 
Using TD learning to predict the future events of shock 
and ICU admission “in addition to” the immediate event 
of hypotension, the algorithm can account for the varia-
bility and complexity of patient responses. This approach 
can lead to more personalized and effective interven-
tions and treatments. In terms of physiologic deteriora-
tion, temporal integration of a series of adverse events 
enables DETERIO to learn the value of each patient state 
(or a “deterioration score”) via back-propagation in time. 
We generate this score from the consensus AIDE criteria, 
placing decreased emphasis on in-hospital mortality and 
ICU transfer, which have been argued to be workflow-
dependent and noisy surrogates for deterioration (24). 
We hypothesize that our approach centered around the 
concept of value-estimation would have good predictive 
ability and outperform a commonly used commercially 
available deterioration score. We also seek to compare our 
novel predictive model to a commercially available deteri-
oration index available in Epic.

MATERIALS AND METHODS

Study Design and Patient Cohorts

We conducted a retrospective cohort study using de-
identified electronic health record data of all adult 

 
KEY POINTS

Question: Can a Deep Learning Enhanced 
Triage and Emergency Response for Inpatient 
Optimization (DETERIO) model, which implements 
a consensus definition of deterioration (the Adult 
Inpatient Decompensation Event criteria) and 
that approaches deterioration as a state “value- 
estimation” problem outperform a commercially 
available deterioration score?

Findings: DETERIO outperformed Epic 
Deterioration Index in the inpatient validation cohort 
(area under the receiver operating characteristic 
curve, 0.775 vs. 0.721; p < 0.01) while maintain-
ing superior sensitivity and a comparable rate of 
false alarms (sensitivity, 45.50% vs. 30.00%; posi-
tive predictive value, 20.50% vs. 16.11%).

Meanings: DETERIO demonstrates promise in the 
viability of a state value-estimation approach for adult 
physiologic deterioration prediction models and may 
outperform commercially available models.
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patients (≥ 18 yr) who were admitted to an inpatient 
service or presented to the emergency department 
(ED) between January 1, 2016, and October 31, 2022, 
at two hospitals within the University of California 
San Diego Health System. This study was completed 
in accordance with Strengthening the Reporting of 
Observational Studies in Epidemiology guidelines and 
other relevant guidance (28, 29) (Appendix STROBE, 
http://links.lww.com/CCX/B397), the ethical standards 
of the University of California San Diego on human ex-
perimentation, and the Helsinki Declaration of 1975. 
Institutional review board (IRB) approved protocol No. 
201476 with waiver of consent (“Enhanced Metadata 
Design, Architecture, and Learning [MeDAL] for 
Development of Generalizable Deep Learning-Based 
Predictive Analytics from Electronic Health Records”) 
was initially approved on August 13, 2020, with a latest 
approval date of February 14, 2024.

We included all adult patients (age 18 yr old or 
older) who presented to our EDs or were admitted di-
rectly to our inpatient services. Patients were excluded 
if: 1) their care unit length of stay was less than 2 hours, 

2) physiologic deterioration occurred before hour 2 
of care unit admission, 3) there was no measurement 
of heart rate or blood pressure or laboratories before 
the prediction start time, or 4) they were receiving 
comfort measures only. Patients in a procedure suite 
(e.g., catheterization laboratory or perioperative area) 
or obstetrics units were also excluded (Appendix A, 
http://links.lww.com/CCX/B397, details these exact 
services). For prediction purposes, patients were fol-
lowed throughout their stay until either: 1) the time 
of their first episode of physiologic deterioration or 2) 
the time of transfer out of a given care unit. To allow 
for adequate data collection, prediction began 2 hours 
after the start of an inpatient service or ED stay. If a pa-
tient initially presented to the ED and was later admit-
ted to an inpatient service, they were included in both 
cohorts with separate predictions occurring 2 hours 
after the start of each unit stay. These predictions were 
made and updated at every hour based on the newest 
clinical data.

The overall dataset was split up as follows: 1) a devel-
opment cohort consisting of encounters with hospital 

admission dates between 
January 1, 2016, and 
September 30, 2021 and 2) 
a temporal validation co-
hort consisting of encoun-
ters with hospital admission 
dates between October 
1, 2021, and October 31, 
2022 (Fig. 1). The devel-
opment cohort was further 
randomized into a training 
cohort (consisting of 80% 
encounters from the devel-
opment cohort) and testing 
cohort (consisting of the re-
maining 20% encounters). 
The development cohort 
was used for model training 
and internal testing while 
the temporal validation 
cohort was solely used for 
model testing purposes.

In this study, we used 
a consensus definition for 
physiologic deterioration 
(AIDE) (24). To define the 

Figure 1. Formation of development and temporal validation cohorts for inpatient and emergency 
department (ED) data. This flowchart represents how the aggregate data were allocated to form 
development and temporal validation cohorts for the inpatient and ED data. These data were 
collected from two hospitals within the University of California San Diego (UCSD) Health System.

http://links.lww.com/CCX/B397
http://links.lww.com/CCX/B397
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long-term value of a given patient state, we defined a 
composite deterioration score by summing over the 
points associated with four temporally separate ad-
verse events: need for vasopressors or inotropes (three 
points), severe hypoxemia/invasive mechanical ven-
tilation (three points), ICU transfer (one point), and 
in-hospital mortality (one point) (Appendix B, http://
links.lww.com/CCX/B397). Importantly, the cardio-
vascular and respiratory adverse events were derived 
directly from the AIDE criteria, and in-hospital mor-
tality and ICU transfer were only used as labels to dif-
ferentiate between acute and chronic events during 
model training; they were “not” involved in temporal 
prediction. Each component had a binary score, but the 
overall composite deterioration score (or the patient 
“state value”) could take on values in the range 0–8. For 
model evaluation purposes, a composite deterioration 
score of greater than or equal to 3 was defined as the 
positive class, and a composite deterioration score of 
less than 3 was defined as the control class. As a result, 
a positive class could only be triggered if at least one 
AIDE criterion was fulfilled. Crucially, this approach 
does not characterize a modification of the AIDE cri-
teria because we selected a binary classification cutoff 
for model evaluation here. The implementation of 
a risk model allows for the generation of actionable 
steps in an otherwise negative class (e.g., score of 2), 
such as the activation of smart order sets or notifica-
tion of “control tower” team members who can provide 
a second set of eyes on the patient. Characteristics of 
patients who fulfilled at least one AIDE criterion have 
been tabulated in Appendix C (http://links.lww.com/
CCX/B397).

Model Features

Data from both sites were automatically abstracted 
into a clinical data repository (Epic Clarity; Epic 
Systems, Verona, WI). In addition to using the clin-
ical variables from a previously published predictive 
model for sepsis (30), we included additional features 
into DETERIO (129 total; Appendix D, http://links.
lww.com/CCX/B397). Variables consisted of 50 vital 
signs and laboratory measurements, six demographic 
features, ten medication features, and 62 comorbidi-
ties. Vital signs and laboratory variables were organ-
ized into 1 hour nonoverlapping time series bins to 
accommodate for different sampling frequencies of 

available data. All the variables with sampling fre-
quencies greater than once per hour were uniformly 
resampled into 1 hour time bins by calculating the 
median values. Variables were updated hourly when 
new data became available; otherwise, the old values 
were carried forward (sample-and-hold interpola-
tion) for 24 hours. Mean imputation was used to re-
place all remaining missing values, mainly at the start 
of each record. We report missing data on an hourly 
(not encounter) basis in relevant tables (Appendix E, 
http://links.lww.com/CCX/B397). In addition to the 
129 clinical variables, we calculated 100 features de-
rived from the 50 vital signs and laboratory measure-
ments. Specifically, for each vital sign and laboratory 
measurement, local trends (slope of change), baseline 
values (mean value measured over the previous 72 hr), 
and the time since the variable was last measured 
were derived. The Epic Deterioration Index (EDI) was 
available only for admitted patients, and we did not 
impute values. At our institution, the EDI is updated 
every 20 minutes.

Model Development, Evaluation, and Statistical 
Analyses

The model architecture of DETERIO was similar to 
a previously published model for early prediction of 
sepsis called COnformal Multidimensional Prediction 
Of SEpsis Risk (COMPOSER) (30). DETERIO was a 
three-layer feedforward neural network of size 100, 80, 
and 64. DETERIO was trained using a TD-learning 
approach that leveraged the value iteration algorithm 
(25) to predict the future value of a patient state, start-
ing from hour 2 of admission up to the time T0 (phys-
iologic deterioration episode or transfer out of a given 
care unit). The patient state in this setting was a 64 di-
mensional vector, which was mapped to a single state 
value using a fully connected neural network layer. 
Model performance was evaluated by thresholding on 
the predicted state value. For additional details, see 
Appendix G (http://links.lww.com/CCX/B397). In 
the case of control patients, the model was trained to 
predict up to the end-of-stay in a care unit or 14 days, 
whichever occurred first. Similar to COMPOSER, 
DETERIO had a conformal prediction module whose 
functionality was to detect out-of-distribution samples 
and thus defined the “conditions for use” of the model 
(23, 30). DETERIO was developed using TensorFlow, 

http://links.lww.com/CCX/B397
http://links.lww.com/CCX/B397
http://links.lww.com/CCX/B397
http://links.lww.com/CCX/B397
http://links.lww.com/CCX/B397
http://links.lww.com/CCX/B397
http://links.lww.com/CCX/B397
http://links.lww.com/CCX/B397
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Version 2.14 (TensorFlow, Mountain View, CA). The 
parameters of DETERIO were initialized randomly 
and optimized using the training dataset from the 
development cohort with L1–L2 regularization and 
dropout to avoid overfitting. Additionally, DETERIO 
was made interpretable by calculating the relevance 
score of each input variable for every predicted risk 
score (Appendix F, http://links.lww.com/CCX/B397).

The decision threshold was chosen corresponding 
to 50% sensitivity at the encounter level. A predicted 
risk score beyond this threshold meant that DETERIO 
predicted that the patient would undergo physiologic 
deterioration within the prediction window (up to 
12 hr before T0). A predicted risk score less than the 
decision threshold meant that DETERIO did not pre-
dict physiologic deterioration within the prediction 
window. Note that prior studies have reported sensi-
tivities in the range 20–50% for prediction of clinical 
deterioration (31, 32).

For all continuous variables, we have reported the 
median and interquartile range. For binary variables, we 
have reported percentages. The area under the receiver 
operating characteristic curve (AUC) has been reported 
at the hourly window level. Specificity, sensitivity, and 
positive predictive value (PPV) at a fixed decision 
threshold have been reported at the encounter level. 

The four atomic elements—number of true positives, 
false positives, true negatives, and false negatives—re-
quired to compute specificity, sensitivity, and PPV at 
the encounter level have been described in Appendix H 
(http://links.lww.com/CCX/B397). We have addition-
ally reported the number of false alarms per patient hour 
(FAPH), which can be used to calculate the expected 
number of false alarms per unit of time in a typical care 
unit. FAPH was calculated by dividing the total number 
of false alarms by the total number of data points (the 
sum of hourly time points across all patients) in a given 
cohort. Comparisons between models were achieved 
with the DeLong test at α = 0.01. AUC was calculated 
under an end-user clinical response policy wherein the 
model was silenced for 6 hours after an alarm was fired.

RESULTS

Patient Characteristics

After applying the exclusion criteria, a total of 71,735 
(258,994) and 13,750 (52,148) inpatient (ED) encoun-
ters in the development and validation cohorts were 
included, respectively. Patient characteristics of the 
development and temporal validation cohorts of inpa-
tient and ED data have been tabulated in Tables 1 and 
2. Additionally, comparison of patient characteristics 

TABLE 1.
Demographics of Inpatient Data

Demographic Development Data Temporal Validation Data

Number of encounters 71,735 13,750

Age (yr), median (IQR) 59.39 (46.24–70.44) 61.18 (46.86–72.13)

Male gender (%) 55.32% (n = 39,684) 54.98% (n = 7,560)

White (%) 52.63% (n = 37,754) 49.90% (n = 6,861)

African American (%) 10.91% (n = 7,826) 9.90% (n = 1,361)

Asian (%) 6.22% (n = 4,462) 6.34% (n = 872)

Stay (hr), median (IQR) 91.96 (52.28–162.47) 106.64 (68.18–189.10)

Charlson Comorbidity Index, median (IQR) 1 (0–3) 1 (0–3)

Sequential Organ Failure Assessment score,  
median (IQR)

1 (1–2) 1 (1–3)

AIDE cardiovascular—pressors/inotropes (%) 1.06% (n = 760) 0.65% (n = 89)

AIDE respiratory (%) 4.54% (n = 3,257) 4.81% (n = 661)

Mortality (%) 1.21% (n = 868) 1.29% (n = 177)

Transfer to ICU (%) 5.46% (n = 3,917) 4.86% (n = 668)

AIDE = Adult Inpatient Decompensation Event, IQR = interquartile range.

http://links.lww.com/CCX/B397
http://links.lww.com/CCX/B397
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between patients with composite deterioration score 
greater than or equal to 3 (positive class) and patients 
with composite deterioration score less than 3 (control 
class) are tabulated in Appendix C (http://links.lww.
com/CCX/B397).

Development and Temporal Validation Cohorts

DETERIO’s performance (AUC/PPV/sensitivity/speci-
ficity/FAPH) on inpatient and ED test cohorts were 0.7
97/22.20%/46.40%/92.50%/0.00337 and 0.874/24.30%
/49.60%/96.60%/0.00529, respectively. This compares 
to 0.775/20.50%/45.50%/92.01%/0.00358 and 0.856/20
.80%/46.30%/95.90%/0.00458 of inpatient and ED tem-
poral validation cohorts, respectively (Table 3). The 
AUCs for testing and temporal validation cohorts are 
shown in Figure 2. Heat maps of the top 15 clinical vari-
ables contributing to the increase in risk score for physi-
ologic deterioration up to 12 hours before T0 have been 
shown in Figure 3. It was also observed that the sam-
ples rejected by the conformal prediction module had 
higher data missingness compared with the samples ac-
cepted by the conformal prediction module (Appendix 
J, http://links.lww.com/CCX/B397).

When compared with the commercially available 
EDI, DETERIO exhibited significantly better perfor-
mance (AUC 0.775 vs. 0.721; p < 0.01) on the temporal 

validation inpatient cohort. Additionally, DETERIO 
achieved higher sensitivity and PPV in comparison to 
EDI at a comparable rate of false positive alarms (sensi-
tivity 45.50% vs. 30.00%, PPV 20.50% vs. 16.11%, spec-
ificity 92.01% vs. 92.93%, FAPH 0.00458 vs. 0.00399) 
(Table 3). A similar comparison with the ED temporal 
validation cohort was not possible because EDI is only 
available in the inpatient setting.

DISCUSSION

In this study, we developed and validated DETERIO, a 
deep learning-based prediction model for adult physio-
logic deterioration using a large cohort of adult patients 
at several hospitals within the University of California 
San Diego Health system. Our model builds upon pre-
vious work that defines model-specific “conditions for 
use” using conformal prediction and identifies the most 
important available clinical variables for deterioration 
(23, 30). Additionally, it implements a consensus defi-
nition of physiologic deterioration (the AIDE criteria 
[24]) to create a composite deterioration score for pre-
diction. By modeling the long-term value of a patient 
state, the proposed model weighs the contribution of 
various adverse events to predict the likelihood of pa-
tient deterioration. It demonstrated significantly bet-
ter performance on the temporal inpatient data when 

TABLE 2.
Demographics of Emergency Department Data

Demographic Development Data Temporal Validation Data

Number of encounters 258,994 52,148

Age (yr), median (IQR) 54.5 (38.50–66.40) 56.14 (38.94–68.65)

Male gender (%) 52.62% (n = 136,283) 51.82% (n = 27,023)

White (%) 52.08% (n = 134,884) 49.37% (n = 25,745)

African American (%) 12.30% (n = 31,856) 11.00% (n = 5,736)

Asian (%) 5.50% (n = 14,245) 5.76% (n = 3,004)

Stay (hr), median (IQR) 8.11 (4.81–49.90) 9.41 (5.15–68.86)

Charlson Comorbidity Index, median (IQR) 0 (0–2) 0 (0–2)

Sequential Organ Failure Assessment score,  
median (IQR)

0 (0–1) 0 (0–1)

AIDE cardiovascular—pressors/inotropes (%) 0.76% (n = 1,968) 0.42% (n = 219)

AIDE respiratory (%) 2.53% (n = 6,553) 3.13% (n = 1,632)

Mortality (%) 0.66% (n = 1,709) 0.71% (n = 370)

Transfer to ICU (%) 5.17% (n = 13,390) 5.37% (n = 2,800)

AIDE = Adult Inpatient Decompensation Event, IQR = interquartile range.

http://links.lww.com/CCX/B397
http://links.lww.com/CCX/B397
http://links.lww.com/CCX/B397
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TABLE 3.
Model Performance Summary on Inpatient and Emergency Department Cohorts

Cohort Type

Area Under the 
Receiver Operating 

Characteristic Curvea Sensitivityb Specificityb

Positive 
Predictive Valueb

Inpatient cohorts

 � DETERIO: Development cohort 
(training)

0.823 52.10% 91.90% 23.40%

 � DETERIO: Development cohort (test) 0.797 46.40% 92.50% 22.20%

 � DETERIO: Temporal validation cohort 0.775 45.50% 92.01% 20.50%

 � Epic Deterioration Index: Temporal  
validation cohort

0.721 30.00% 92.93% 16.11%

Emergency department cohorts

 � DETERIO: Development cohort 
(training)

0.887 50.60% 96.60% 24.10%

 � DETERIO: Development cohort (test) 0.874 49.60% 96.60% 24.30%

 � DETERIO: Temporal validation cohort 0.856 46.30% 95.90% 20.80%

DETERIO = Deep Learning Enhanced Triage and Emergency Response for Inpatient Optimization.
aHourly window wise.
bEncounter wise.
Decision threshold corresponding to 50% sensitivity threshold on the development cohort training set (3.5 and 3.0 for inpatient and 
emergency department cohorts, respectively).
Decision threshold for Epic Deterioration Index (60) was chosen based on thresholds used in the literature (32).

Figure 2. Receiver operating characteristic curves for inpatient and emergency department (ED) cohorts. The X-axis represents 1–
specificity or the false positive rate. The Y-axis represents sensitivity or the true positive rate. Receiver operating characteristic curves 
were plotted for the development cohort and temporal validation cohort under inpatient (A) and ED (B) data. Area under the receiver 
operating characteristic curve (AUC) represents the response of the true positive rate to the false positive rate as the decision threshold 
is decreased.
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Figure 3. Population-level plot of top contributing factors to the increase in model risk score. The X-axis represents hours before T0. 
The Y-axis represents the top factors (sorted by the magnitude of relevance score) across the patient populations at the development 
cohort—inpatient (A), temporal validation cohort—inpatient (B), development cohort—emergency department (ED) (C), and temporal 
validation cohort—ED (D). Only dynamically changing variables are shown. The heat map shows the percentage of patients for whom 
a given variable was an important contributor to their risk score, up to 12 hr before T0 (Appendix F, http://links.lww.com/CCX/B397). 
Albumin = serum albumin, Baseline DBP = mean diastolic blood pressure over past 72 hr, Baseline Hgb = mean hemoglobin over 
past 72 hr, Baseline o2Sat = mean oxygen saturation over past 72 hr, Baseline Potassium = mean serum potassium over past 72 hr, 
Baseline Resp Rate = mean respiratory rate over past 72 hr, BUN = blood urea nitrogen, Calcium = serum calcium, Hco3 = serum 
bicarbonate, Hgb = serum hemoglobin, HR = heart rate, Lactate = serum lactate, Lymphocytes = serum lymphocytes, Lymphocytes 
Diff = lymphocyte differential, MAP = mean arterial pressure, o2Sat = oxygen saturation, Resp Rate = respiratory rate, SBP = systolic 
blood pressure, Temp = body temperature, ΔBUN = change in blood urea nitrogen since last measurement, Δo2Sat = change in oxygen 
saturation since last measurement, ΔResp = change in respiratory rate.

http://links.lww.com/CCX/B397
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compared with the commercially available EDI (AUC 
0.775 vs. 0.721; p < 0.01). Furthermore, DETERIO out-
performed EDI at correctly identifying patients at-risk 
for physiologic deterioration while maintaining a com-
parable rate of false alarms.

Although the commercially available EDI demon-
strated relatively acceptable performance at the encounter 
level in this study (AUC, 0.721), its generalizability remains 
questionable. A recent prospective validation of the same 
algorithm on similar inpatient hospital services across the 
Midwestern United States found an encounter-level AUC 
of 0.685 (95% CI, 0.671–0.700) (33). This shift in perfor-
mance can be attributed to several factors: differences in 
definitions of deterioration, patient characteristics, and 
institution-dependent practices. Crucially, such factors are 
not unique to this direct comparison and remain barri-
ers to generalizability at any institution (23). Along similar 
lines, a rigorous analysis of EDI using regression disconti-
nuity design found that while an EDI-triggered response 
was associated with a statistically significant decrease in 
patient care escalations, there was no impact on patient 
mortality (34). It is important to note that this result was 
generated in Northern California and may not apply else-
where due to the previously mentioned generalizability 
constraints. Furthermore, to our knowledge, Epic Systems 
has not discussed a systematic approach to model perfor-
mance monitoring, for instance via periodic temporal val-
idation (35). These reasons should thus highlight the need 
to test the performance of the EDI at individual health sys-
tems before adoption, and periodically thereafter, as the 
model is potentially subject to performance degradation.

When compared with EDI, DETERIO maintains 
key advantages and clinical potential outside of pure 
model performance. In addition to the advantages 
of utilizing a consensus definition, DETERIO’s novel 
composite score allows it to reflect more accurately 
the dynamic and complex pathophysiology of deteri-
oration. Prediction of the long-term value of a patient 
state allows for taking into account various down-
stream adverse events, which can be interpreted as a 
form of “label confidence” (36, 37). This approach is 
particularly useful when a given single event (e.g., 
activation of code blue) may not reflect the overall 
prognosis or outcome of the patient. The resulting pre-
dicted risk score enables the model to provide severity 
information instead of a simple binary deterioration 
flag. Clinically speaking, this information can be used 
to triage patients in a timely fashion, and consequently 

improving patient safety (38). DETERIO also contains 
a conformal prediction module, which has been pre-
viously demonstrated to increase sepsis prediction 
model generalizability and performance during ex-
ternal validation (30). The module facilitates an assess-
ment of DETERIO’s capabilities before prediction in 
a new setting. Based on available clinical data, patient 
demographics, and other data differences in a valida-
tion vs. the training cohort (23), DETERIO quantifies 
confidence in its predictions. This approach further 
bolsters clinical utility as it enables clinicians to deter-
mine how much “trust” to put into a given prediction. 
Finally, DETERIO identifies the most important clin-
ical information to a predicted score, an ability that 
could be leveraged to inform further clinical workup 
(i.e., actionability); a strong influence from respiratory 
measurements (e.g., oxygen saturation and respiratory 
rate) could lead clinicians to implement pulmonary-
specific investigations and prophylactic interventions.

Before development of the AIDE criteria, physiologic 
deterioration could imply a broad range of clinical trends, 
syndromes, and conditions. Muralitharan et al (39) dem-
onstrate this finding in a recent systematic review of 
ML-based prediction models for deterioration. Outcomes 
of the included studies varied widely: emergencies, cardi-
orespiratory instability, cardiac decompensation, cardiac 
arrest, in-hospital mortality, hospitalization, ICU transfer, 
ICU readmission, development of critical illness, onset 
of sepsis, mortality due to sepsis, vital sign changes at a 
set threshold, patient-specific anomalies, and abnormal 
clinical events were all used to define deterioration (39). 
While these outcomes all “relate” to deterioration, they are 
ultimately inconsistent and sometimes emphasize sub-
jectivity or introduce confounders. DETERIO is the first 
predictive model to incorporate a consensus definition of 
deterioration. By doing so, it places greater emphasis on 
objectivity and decreases the potential for confounders. 
Of the previously listed outcomes used to define deteri-
oration, ICU transfer criteria are institution dependent, 
and in-hospital mortality may occur due to factors unre-
lated to their episode of deterioration (24). This notion can 
limit the external validity and power of models focused on 
such outcomes; however, local fine-tuning of these models 
is possible and can significantly improve test characteris-
tics (40). Our composite score relies on the objective car-
diovascular and respiratory considerations in the AIDE 
criteria. Our score also allows for the incorporation of ad-
ditional decompensation events and their contributions 
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to the overall score, which can be learned and adjusted 
accordingly.

We acknowledge several limitations. First, this 
model was developed and validated at a single- 
academic institution. Although our sample was large 
and heterogeneous, we are supportive of multicenter 
studies. Second, although DETERIO predicts based 
on the consensus AIDE criteria, these criteria were 
validated to a limited extent (24). Both of these fac-
tors may limit generalizability. However, our health 
system notably has several locations that give a broad 
range of patients in terms of race, ethnicity, and so-
cioeconomic statuses. Furthermore, DETERIO’s con-
formal prediction module has been previously shown 
to increase generalizability (30). As such, with appro-
priate fine-tuning, model performance should not 
substantially decrease at other centers. Third, a sce-
nario where a negative class is generated despite “pa-
tient deterioration” may arise; consider a patient who 
has been transferred to ICU and ultimately experi-
enced in-hospital mortality but did not experience 
severe hypoxemia or receive vasopressors, inotropes, 
or mechanical ventilation. Their composite score 
would be two, and a negative class would be assigned 
despite their deteriorated clinical status. We justify 
this design because we did not want to assign a pos-
itive class based purely on subjective criteria, lim-
iting model generalizability. Additionally, this design 
increases performance (41) and yields benefits over a 
binary scoring system because the score of two pro-
vides DETERIO with consistency during training. 
Finally, further workflow integration and prospective 
evaluation are required to assess fully the clinical im-
pact of the proposed model; we hope to implement 
a rigorous analytical method, such as regression dis-
continuity design, in pursuit of this goal.

CONCLUSIONS

Our findings suggest that adult physiologic deteriora-
tion can be successfully predicted using a novel com-
posite scoring system rooted in a consensus definition 
of deterioration. DETERIO achieved significantly bet-
ter performance than the commercially available EDI. 
Its “label confidence” approach, conformal prediction 
and interpretability modules may provide additional 
clinical utility in terms of triage and clinician inter-
action with prediction confidence and explanations. 

Prospective studies conducted at external sites are re-
quired to further validate these findings.
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