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Abstract

Objective: To develop predictive models that are compatible with vital signs monitoring devices to 
identify patients at risk of clinical deterioration, defined as requiring a rapid response team intervention 
or an unplanned intensive care unit transfer.
Patients and Methods: Targeted vital signs from 227,858 inpatients admitted to general care or 
telemetry beds at a multihospital health care institution between January 1, 2019, and July 31, 2023, 
were selected. After filtering for high-quality data, 30,118 patients were used to train a Light Gradient 
Boosting Machine, and 30,095 were reserved for blind validation. We developed a machine learning 
model designed to minimize false positives while maintaining clinical relevance in identifying low- 
prevalence clinical deterioration events.
Results: At a sensitivity of 73.4% (95% CI, 72.2%-74.4%), the model achieved a positive predictive 
value (PPV) of 30.4% (95% CI, 29.6%-31.3%), with a C-statistic of 0.874 (95% CI, 0.867-0.881), alert 
rate of 0.170 (95% CI, 0.167-0.173) per patient per day, and normalized alert rate of 2.41 (95% CI, 
2.31-2.51). Stratified analysis by hospital revealed that PPV was highest at the Rochester site, reaching 
54.9% (95% CI, 52.9%-57.0%) and outperforming the EPIC deterioration index by 46% or a factor of 6 
(7.57%).
Conclusion: Achieving a high PPV is crucial because it ensures a larger proportion of alerts are true 
positives, reducing the burden of false alarms. The considerable improvement in results comes from the 
novel 2-window feature extraction method. This technique enables the model to capture both long-term 
trends and recent changes in patient status, enhancing predictive performance.
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C linical deterioration refers to the 
worsening of a patient’s physiolog
ical condition, often characterized 

by important deviations from baseline health 
status. This process is marked by declining vi
tal signs, such as unstable blood pressure, 
elevated heart rate (HR), respiratory distress, 
or low oxygen saturation (SpO2).1-3 Left un
recognized or unmanaged, clinical deteriora
tion can lead to severe outcomes, including 
organ failure, cardiac arrest, or even death.4-6

In hospital settings, it remains a major cause 
of preventable mortality, especially in general 
care units. The timely identification of clinical 
deterioration is critical because delayed 

recognition and intervention can be associ
ated with poor patient outcomes and 
increased health care costs.7,8

Vital signs serve as key indicators of a pa
tient’s health status and are often the first sig
nals of clinical deterioration. Changes such as 
a rapid HR, irregular breathing patterns, or a 
drop in SpO2 levels can indicate the onset 
of critical events.9-13 These physiological 
changes typically occur hours before severe 
events, such as cardiac arrest or the need for 
mechanical ventilation, providing an opportu
nity for early detection. Research shows that 
early intervention based on these warning 
signs, such as activating a rapid response 
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team or transferring patients to a higher level 
of care, can significantly reduce mortality 
rates and improve patient outcomes.14-19

Prompt recognition and timely action not 
only save lives but also prevent complications, 
shorten hospital stays, and enhance overall 
quality of care.

Numerous early warning systems, 
including widely used tools such as the Modi
fied Early Warning Score, the National Early 
Warning Score, and the EPIC deterioration 
index have been developed to identify clinical 
deterioration.20-40 Although these systems 
have improved the recognition of at risk pa
tients, many experience a low positive predic
tive value (PPV), leading to frequent false 
alarms.41-43 A low PPV can contribute to 
alarm fatigue among health care providers, 
with excessive alerts desensitizing staff and 
delaying responses to true emergencies.

Most early warning machine learning 
models can incorporate a broader range of in
puts beyond just vital signs22-24,31,35-38 that 
may not always be readily available at bedside. 
With an increasing adoption of vital sign moni
toring devices and wearable sensors,44-47 devel
oping models that rely solely on vital signs can 
be advantageous, given that these inputs can be 
more consistently available.

To address these challenges, we hypothe
sized that an extreme gradient boosting—based 
model, using readily available vital signs from a 
large patient cohort, could achieve a high PPV 
while maintaining good sensitivity for detecting 
low-prevalence clinical deterioration events. To 
achieve that, our model incorporates 3 novel 
techniques: a segmented window approach for 
extracting selective features from longitudinal vi
tal signs data, using only vital signs as inputs and 
a proxy for clinician concern. We validated the 
model across multiple hospital sites and diverse 
racial groups, confirming its generalizability. 
Furthermore, we developed and validated alter
native models using a reduced set of vital signs, 
highlighting their potential applicability in real- 
world settings where complete vital sign data or 
laboratory reports may be limited.

PATIENTS AND METHODS

Data Set
Data from Mayo Clinic Platform_Accelerate 
was used for training and validating the 

models. The data sources were Mayo Clinic 
sites across Rochester, Florida, and Arizona 
and the Mayo Clinic Health System (MCHS). 
The MCHS includes 16 hospitals and 53 
clinics in rural areas. Our development 
focused on adult patients (aged >18 years) 
who were admitted to general care or telem
etry beds. Data were extracted from inpatient 
admissions between January 1, 2019, and July 
31, 2023. COVID-19 patients were included 
during this period, with both rapid response 
team activations and vital signs measurement 
frequency decreasing by approximately 50% 
from March to May 2020, before returning 
to pre-COVID levels. Hospitalizations were 
excluded if they consisted entirely of intensive 
care unit stays or were primarily for research, 
rehabilitation, or psychiatric care. Longitudi
nal data from eligible patients was collected, 
including 4 vital signs, respiration rate, HR, 
SpO2, and systolic blood pressure, as well as 
2 demographic variables: age and sex. These 
data served as the raw input for the model.

We defined an episode as the continuous 
period a patient spends in a general care or 
telemetry bed. If a deterioration event occurs, 
it concludes the current episode. A new 
episode begins when the patient starts 
another continuous stay in a general care or 
telemetry bed. As a result, 1 hospitalization 
could give rise to multiple distinct episodes. 
In total, there were 227,858 unique patients 
with 444,582 unique episodes.

The demographic characteristics of pa
tients with high-quality data used for training 
and validation are shown in Table 1. For 
model validation, approximately 50% 
(36,784) of all episodes were set aside and 
kept entirely unseen during training. The 
remaining 50% (36,806) was used for training 
the model and optimizing its hyperpara
meters. The data split was stratified and per
formed at the patient level to maintain a 
similar ratio of deterioration events and pre
vent any data leakage between both sets.

Model
Supplemental Figure 1 (available online at 
http://www.mcpiqojournal.org) depicts the 
workflow of the machine learning algorithm.

Data Quality Check. To ensure data quality, 
we excluded time points where at least 2 of 

MAYO CLINIC PROCEEDINGS: INNOVATIONS, QUALITY & OUTCOMES

2 Mayo Clin Proc Inn Qual Out n October 2025;9(5):100663 n https://doi.org/10.1016/j.mayocpiqo.2025.100663 
www.mcpiqojournal.org

http://www.mcpiqojournal.org


the 4 vital signs were missing. Since we aimed 
to preserve the integrity of the data, we chose 
not to implement any imputation techniques 
to deal with missing values. Additionally, we 
removed episodes that contained time gaps 
of more than 6 hours between consecutive 
measurements. This ensured that at least 3 vi
tal signs were recorded within every 6-hour 
period. Furthermore, in general, a patient 
who did not require vital sign monitoring for 
more than 6 hours could be assumed to be in 
a more stable condition.

Extract Features. Before feature extraction, 
any out-of-range vital sign values were 
replaced with missing values. These out-of- 
range values were likely the result of instru
ment or human errors rather than accurate 

measurements. This step was crucial to ensure 
the model did not consider these erroneous 
values because their inclusion could signifi
cantly impact its predictions. The acceptable 
ranges for each vital sign are shown in 
Supplemental Table 1 (available online at 
http://www.mcpiqojournal.org).

Moreover, the time duration between 
each recorded time point (sampling time) 
was also used for feature extraction. Features 
were extracted using 2 running windows: the 
current window and the baseline window, as 
illustrated in Supplemental Figure 2 (avail
able online at http://www.mcpiqojournal. 
org). The current window was fixed with a 
duration of 1 hour, while the size of the base
line window varied depending on the time 
point.

TABLE 1. Descriptive Statistics of the Train Set and the Validation Set

Variable Train set (n = 36,806) Validation set (n = 36,784)

Deterioration Total 4083 (11.1) 4011 (10.9)
RRT 4006 (10.9) 3940 (10.7)
Unplanned ICU Transfer 77 (0.2) 71 (0.2)

No. of time points 890,265 869,527

Sampling time (min) 25th percentile 1 1
50th percentile 15 17
75th percentile 95 106

Length of stay (d:h) 25th percentile 1:18 1:18
50th percentile 2:20 2:20
75th percentile 5:09 5:09

Patients 30,118 30,095

Sex Male 15,552 (51.6) 15,509 (51.5)
Female 14,566 (48.4) 14,586 (48.5)

Age (y) 18-60 10,484 (34.8) 10,600 (35.2)
60-80 14,957 (49.7) 14,901 (49.5)
80 and above 4620 (15.3) 4536 (15.1)
Unknown 57 (0.2) 58 (0.2)

Race White 27,084 (90.0) 27,071 (90.0)
Black 1301 (4.3) 1355 (4.5)
Asian 617 (2.0) 607 (2.0)
Native American 311 (1.0) 303 (1.0)
Other 418 (1.4) 397 (1.3)
Unknown 387 (1.3) 362 (1.2)

Location Rochester 11,764 (39.1) 11,676 (38.8)
Arizona 6173 (20.5) 6347 (21.1)
Florida 6616 (22.0) 6567 (21.8)
MCHS 5565 (18.5) 5505 (18.3)

Values are n (%) unless specified. 

ICU, intensive care unit; MCHS, Mayo Clinic Health System; RRT, rapid response team.
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To extract features at a specific time point t:

● The current window spanned from t − 1 (1 
hour before) to t (the time point).

● The baseline window ended 24 hours 
before t (t − 24) and started at the begin
ning of the episode.

For each window, the median, minimum, 
and maximum of the vital signs and sampling 
time were extracted.

A complete feature vector for a given time 
point comprised the statistical features 
described, raw vital signs, age, and sex. In to
tal there were 37 features, with some of the 
features having missing values. Missing values 
were left unaltered because tree-based models 
could naturally handle them during the 
training and prediction processes.

Model Training. The model used is a gradient 
boosting tree-based algorithm called Light 
Gradient Boosting Machine. For episodes with a 
deterioration event, the feature vector from the 
time point closest to the event was selected for 
training as a positive class. For episodes without a 
deterioration event, a feature vector was 
randomly selected from any time point within 
the episode to represent the negative class. 
Hyperparameter optimization for the model was 
performed using grid search with 10-fold cross
validation, aiming to maximize the average pre
cision score. Penalty for misclassifying a positive 
instance was scaled to be 10 times greater than 
that for a negative instance. Initially, this penalty 
was set at 8 to reflect the ratio of negative samples 
over positive samples noted in Table 1, but we 
determined that a penalty of 10 produced better 
results. The penalty reflected clinical priorities, 
where missing a true deterioration event is 
considered significantly costlier than generating 
a false alert.

Statistical Analyses
The model served as a predictive tool, esti
mating the probability of a deterioration event 
occurring within the next 24 hours. Descrip
tive statistics for both the training and valida
tion sets are presented in Table 1.

To validate the model in practical use, the 
alert generation algorithm was designed to 
notify caregivers of potential deterioration 
events based on the model’s predictions. An 
alert is triggered when the predicted probabil
ity exceeds a predefined threshold. Once trig
gered, no further alerts are allowed within the 
prediction period, which is set to 24 hours. 
Using this algorithm, the model’s perfor
mance can be evaluated on the validation set 
as follows:

- A true positive (TP) is an alert that is fol
lowed by a deterioration event within 24 
hours.

- A false positive (FP) is an alert that is not 
followed by a deterioration event within 
24 hours.

- A false negative (FN) is a deterioration event 
that is not preceded by an alert within the 
previous 24 hours.

- A true negative (TN) is a number of days (or 
fraction of 24 hours) with no deterioration 
events and no alerts triggered in the preced
ing 24 hours.

Every time point within the episodes was 
processed and assigned a probability by the 
model. Based on the alert generation algo
rithm, an alert was either triggered or not at 
each time point, depending on the model’s 
predicted probability.

The 24-hour alert suppression effectively 
reduces alarm fatigue and prevents double- 
counting TPs. However, if a FP triggers the 
suppression, it may cause a FN. One could 

TABLE 2. Performance of Proposed Model, EDI, and MC-EWS

Metric Our model (Rochester) Our model (all sites) EDI MC-EWS

Sensitivity 0.73 0.73 0.73 0.73

Specificity 0.94 0.88 0.34 0.94

PPV 0.55 0.30 0.08 0.12

Alert rate (alerts/d) 0.13 0.17 0.68 0.07

Normalized alert rate 1.3 2.4 9.1 6.1

EDI, EPIC deterioration index; MC-EWS, Mayo Clinic Early Warning Score; PPV, positive predictive value.
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argue that FPs occurring just before the 24- 
hour window preceding a deterioration event 
might be considered TPs because patient 
deterioration could begin around that time. 
Nevertheless, the number of FNs does not 
significantly impact the final results presented 
in Table 2.

With the 4 metrics explained earlier (TP, 
FP, FN, and TN), the C-statistic, or the area un
der the receiver operating characteristic (ROC) 
curve, can be calculated. However, when the 
outcome prevalence is low or the data is imbal
anced, the C-statistic alone may not provide 
sufficient insights, and multiple metrics should 
be considered for a comprehensive evalua
tion.48 The metrics we calculated include sensi
tivity, specificity, PPV, alert rate, and 
normalized alert rate (detailed in 
Supplemental Appendix 1, available online at 
http://www.mcpiqojournal.org).

RESULTS
Using the previously outlined validation pro
tocol, the model demonstrated strong perfor
mance. At a sensitivity of 73.4% (95% CI, 
72.2%-74.4%), it achieved a specificity of 
87.6% (95% CI, 87.3%-87.8%), a PPV of 
30.4% (95% CI, 29.6%-31.3%), an area un
der the ROC curve of 0.874 (95% CI, 
0.867-0.881) and an average precision of 
0.478 (95% CI, 0.460-0.496). The model 
also produced an alert rate of 0.170 (95% 
CI, 0.167-0.173) alerts per day and a normal
ized alert rate of 2.41 (95% CI, 2.31-2.51). 
For benchmarking purposes, we extracted 
the EDI37 from Mayo Clinic Platform_Accel
erate data and compared the model’s predic
tions against it. The ROC curve, precision- 
recall curve, and normalized alert rate are 
shown in Figure 1.

The model’s performance was stratified by 
hospital site and patient race to assess poten
tial effect measure modification (Figure 2). 
Among the hospital sites, the Rochester site 
demonstrated the highest PPV at a sensitivity 
of 0.73, achieving a PPV of 0.55, whereas 
the Florida site recorded the lowest PPV at 
0.09. When stratified by race, the other cate
gory exhibited the highest PPV at a sensitivity 
of 0.73, with a PPV of 0.45, whereas the 

lowest PPV was observed in the Black patient 
group, at 0.19.

DISCUSSION
Several related studies have explored a variety 
of features and machine learning architectures 
to predict patient deterioration.20-40 We 
compared our model to the Mayo Clinic Early 
Warning Score (MC-EWS)35 because it was 
trained on a similar data set, consisting of 
Mayo Clinic Rochester and Arizona admis
sions between January 2010 and June 2015. 
At a sensitivity of 0.73, the results, summa
rized in Table 2, show that our model 
achieved a higher PPV with an 18% improve
ment (0.30). However, it had a 6% lower 
specificity (0.88), and the alert rate was 
higher by 0.1 alerts per day (0.17). The best 
performance was achieved when validated 
on Rochester data, with a PPV of 0.55. It is 
important to note that our model and MC- 
EWS were validated on different data sets, 
and 2 metrics, alert rate and specificity, are 
strongly influenced by the length of the data 
set. The alert rate is inversely proportional 
to the total duration of the time series in the 
data set, whereas specificity depends on TN 
counts, which is also influenced by data 
length under our validation protocol.

In contrast, PPV and sensitivity are more 
comparable metrics because they rely on TP, 
FP, and FN counts, which are unaffected by 
data set length. A normalized alert rate is 
also more comparable because it is adjusted 
by the ideal alert rate, making it independent 
of data set length. Additionally, the deteriora
tion event ratio in our data set was 10.9%, 
compared with 12.1% in the MC-EWS data 
set, placing both within a similar range and 
supporting the validity of PPV comparisons.

We believe a likely key contributor to the 
improved performance achieved by our 
model is the feature extraction approach 
wherein 2 aggregation windows are used: 
the current window and the baseline window. 
The current window represents the period 
immediately preceding the prediction, 
whereas the baseline window covers the 
time from admission up to a specified period 
before the prediction time. In principle, one 
could extend this approach to include 
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multiple windows segmented at different time 
points and with different lengths.

The durations of these windows were tuned 
as hyperparameters during model optimization, 
with the optimal values determined to be 1 
hour for the current window and 24 hours 
for the baseline window, as illustrated in 
Supplemental Figure 2. This approach suggests 
that the most informative features are derived 

from recent data within the past hour, 
compared against baseline trends over the pre
ceding 24 hours. Furthermore, we observed 
that including raw vital signs at the current 
time was crucial to the model’s performance.

An additional feature was sampling time, 
which significantly improved model perfor
mance. Sampling time can indirectly reflect 
a “worry factor” because shorter intervals 
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between measurements may indicate that 
nurses were more concerned about a partic
ular patient, leading to more frequent vital 
sign monitoring. This worry factor has been 
suggested as an important predictor of clinical 
deterioration.35,43

The hospital-stratified results revealed 
notable performance differences across sites. 
The Rochester site outperformed the others, fol
lowed by Arizona, MCHS, and Florida. Roches
ter accounted for approximately 40% of the 
data (Table 1), making it possible for the model 
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to overfit to this site. However, the other 3 hos
pitals each contribute approximately 20% of 
the data, yet their performances vary widely. 
Arizona achieved a PPV of 0.32, whereas Flor
ida and MCHS had PPVs of 0.09 and 0.13, 
respectively. This discrepancy suggests that 

the observed performance differences are not 
purely owing to overfitting; otherwise, the re
sults across Arizona, MCHS, and Florida would 
be more consistent.

To better understand these disparities, we 
performed a statistical analysis of the data 
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TABLE 3. Descriptive Statistics of the Train Set and the Validation Set Stratified by Hospital

Variable
Rochester train 

set
Rochester validation 

set
Arizona train 

set
Arizona validation 

set
Florida train 

set
Florida validation 

set
MCHS train 

set
MCHS validation 

set

No. of patients 11,764 11,676 6173 6347 6616 6567 5565 5505

Age (y) 18-60 4774 (40.58) 4717 (40.40) 1948 (31.56) 2121 (33.42) 2138 (32.32) 2132 (32.47) 1624 (29.18) 1629 (29.59)
60-80 5678 (48.27) 5709 (48.90) 3176 (51.45) 3149 (49.61) 3418 (51.66) 3356 (51.10) 2685 (48.25) 2687 (48.81)
80 and above 1300 (11.05) 1237 (10.59) 1040 (16.85) 1066 (16.80) 1055 (15.95) 1070 (16.29) 1225 (22.01) 1163 (21.13)
Unknown 12 (0.10) 13 (0.11) 9 (0.15) 11 (0.17) 5 (0.08) 9 (0.14) 31 (0.56) 26 (0.47)

No. of episodes 14,034 13,793 7877 8191 8425 8336 6470 6464

Deterioration Total 1761 (12.55) 1753 (12.71) 1351 (17.15) 1358 (16.58) 524 (6.22) 459 (5.51) 447 (6.91) 441 (6.82)
RRT 1757 (12.52) 1749 (12.68) 1332 (16.91) 1345 (16.42) 477 (5.66) 412 (4.94) 440 (6.80) 434 (6.71)
Unplanned ICU 

transfer
4 (0.03) 4 (0.03) 19 (0.24) 13 (0.16) 47 (0.56) 47 (0.56) 7 (0.11) 7 (0.11)

No. of time points 327,885 301,682 173,447 183,083 267,803 267,753 121,130 117,009

Sampling 
time

25th percentile (min) 1 1 9 6 1 1 5 5
50th percentile (min) 10 15 30 30 15 15 30 30
75th percentile 57 min 1 h 3 h 10 min 3 h 6 min 2 h 2 h 2 h 42 min 2 h 51 min

ICU, intensive care unit; MCHS, Mayo Clinic Health System; RRT, rapid response team.
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from each hospital (Table 3). Several key dif
ferences between hospitals were identified. 
First, the ratio of deterioration events varies 
substantially. Age distributions also differ 
across sites. Another notable factor is the dif
ference in sampling time distributions, which 
reflect variations in standard operating 
procedures.

These findings underscore the complexity 
of hospital-level differences and their impact 
on model performance. Factors such as event 
ratios, patient demographic characteristics, 
and operational procedures all likely 
contribute to the observed variability.

Race-stratified analyses show that White 
patients account for approximately 90% of 
the dataset. At a sensitivity of 0.73, the PPV 
for White patients was 0.31, nearly identical 
to the overall model PPV of 0.30. This sug
gests that the model’s performance is predom
inantly driven by White patients. Non-White 
racial groups each comprise approximately 
2% of the data set, and their small sample 
sizes may lead to variability in performance 
metrics because the model primarily reflects 
characteristics of White patients de facto. 
However, the features used, vital signs, sex, 
and age, are primarily physiological and race 
agnostic, indicating a low risk of racial 
bias.49-51

Limitations
This study has several limitations. First, data 
points were considered valid only if at most 
1 vital sign was missing at a time. This restric
tion may have led to the exclusion of poten
tially useful data. The use of wearable 
devices could help address this limitation by 
capturing continuous and more complete vital 
sign data. Nevertheless, most of the excluded 
data points were still accounted for in models 
that incorporated fewer vital signs. Second, 
episodes with time gaps of more than 6 hours 
between consecutive measurements were 
excluded from the analysis. Although this 
approach ensured data consistency, it may 
have led to the removal of relevant cases, 
potentially affecting the model’s generaliz
ability. However, we believe that this model 
will be suitable primarily for patients in acute 
care setting, hence justifying the minimum 
gap of 6 hours. Third, the variation in 
hospital-level results could be mitigated by 

adopting site-specific optimization strategies 
to enhance the generalizability and robustness 
of our model.

Future Research
To further improve our machine learning model, 
first, future work should focus on validation 
across broader hospital-wide populations, spe
cifically building strategies around model config
urations to fit specific hospital-level workflows. 
Second, one can consider integrating the model 
with wearable devices to better enable contin
uous monitoring, facilitating early detection of 
inpatient deterioration beyond traditional hospi
tal environments. Third, real-time deployment 
within clinical workflows should be investigated 
to evaluate practical utility, incorporating clini
cian feedback to refine predictions and ensure 
seamless integration into decision-making pro
cesses. By embedding the model in hospital 
workflow systems, timely alerts can be delivered 
to clinicians, who can acknowledge, suppress 
noncritical notifications, or provide context- 
driven clinical advice. This approach, leveraging 
higher PPV and alert suppression mechanisms, 
aims to reduce alarm fatigue and enhance work
flow efficiency, ultimately leading to better pa
tient outcomes.

CONCLUSION
Our machine learning model, developed using 
4 vital signs, respiration rate, HR, SpO2, and 
systolic blood pressure, demonstrated a PPV 
of 0.55 for a sensitivity of 0.73, which was 6 
times higher than the EPIC deterioration index 
(0.08) with the normalized alert rate of 1.3 on 
Rochester data. This improvement is attributed 
to the use of sampling time, which reflects the 
worry factor, and an advanced feature extrac
tion approach that incorporates both a baseline 
window and a current window.
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