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Introduction

Sepsis is a severe and life-threatening systemic infection that 
can rapidly progress to septic shock and death. Sepsis is a 
significant contributor to hospital admissions and is associ-
ated with considerable morbidity and mortality. In the United 
States alone, sepsis affects an estimated 1.7 million patients 
and results in 350,000 deaths annually (Centers for Disease 
Control and Prevention, 2016). When compared to patients 
hospitalized for non-sepsis conditions, individuals with sepsis 
have a 75% longer average length of stay, leading to substan-
tially higher healthcare costs (Paoli et al., 2018). Furthermore, 
sepsis represents the most expensive condition treated in hos-
pitals, accounting for 6.2% of aggregate costs for all hospital-
izations, despite comprising only 3.6% of hospital stays 
(Torio & Moore, 2016).

Early identification of signs of sepsis development by cli-
nicians in the hospital is crucial to the timely initiation of 
treatment to reduce morbidity and mortality associated with 
this condition. Treatment of sepsis involves fluid and antibi-
otic administration as soon as signs of sepsis are identified. 
Previous investigators have reported that during the 6-hour 
period following the identification of sepsis, each hour of 

delay in treatment is associated with an average decrease in 
survival rate of 7.6% (Kumar et  al., 2006). The Systemic 
Inflammatory Response Syndrome (SIRS) criteria have been 
considered the gold standard for diagnosing sepsis, requiring 
any two of the following criteria: body temperature over 
38°C or under 36°C, heart rate greater than 90 beats/min, 
respiratory rate greater than 20 breaths/min or partial pres-
sure of CO2 less than 32 mmHg, and leukocyte count greater 
than 12,000 or less than 4,000/microliters or over 10% 
immature forms or bands (Levy et al., 2003). However, in 
recent years, the definition of sepsis has been updated to bet-
ter identify patients at risk for poor outcomes. The Third 
International Consensus Definitions for Sepsis and Septic 
Shock (Sepsis-3) defines sepsis as a life-threatening organ 
dysfunction caused by a dysregulated host response to 
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infection. Organ dysfunction is quantified using the 
Sequential Organ Failure Assessment (SOFA) score, and a 
patient is considered to have sepsis if there is a two-point or 
more increase in their SOFA score due to infection (Singer 
et al., 2016). This updated definition emphasizes the impor-
tance of early detection and intervention for sepsis manage-
ment, leading to the replacement of the SIRS criteria with the 
Sepsis-3 criteria for several key reasons.

One of the most significant reasons is the improved speci-
ficity of the Sepsis-3 criteria. Although SIRS criteria are sen-
sitive to detecting inflammation or infection in general, they 
are not specific enough to differentiate sepsis from other 
inflammatory conditions. This low specificity can lead to 
overdiagnosis and overtreatment of patients who do not have 
sepsis but meet the SIRS criteria due to other non-septic 
inflammatory processes. Conversely, the Sepsis-3 criteria 
offer a more specific definition by identifying sepsis as life-
threatening organ dysfunction caused by a dysregulated host 
response to infection. Additionally, the incorporation of the 
SOFA score, which evaluates six different organ systems, 
including respiratory, cardiovascular, liver, coagulation, 
renal, and neurological (see Table 1), provides a comprehen-
sive assessment of a patient’s condition and allows for more 
targeted and effective treatment plans. The transition from the 
SIRS criteria to the Sepsis-3 criteria reflects advancements in 
understanding the pathophysiology of sepsis and the need for 
a more precise diagnostic tool (Singer et al., 2016).

In addition to the SOFA score, the qSOFA (quick 
Sequential Organ Failure Assessment) score is designed for 
the rapid identification of patients with suspected infection 
who are at higher risk of developing sepsis outside of inten-
sive care units (ICUs). The qSOFA score includes three cri-
teria: altered mental status, systolic blood pressure below 
100 mmHg, and respiratory rate above 22 breaths/min. A 
qSOFA score of two or higher indicates an increased risk of 
poor outcomes and suggests that the patient may require fur-
ther evaluation and more intensive care. While the SOFA 
score assesses the severity of organ dysfunction in patients 

with sepsis or other critical illnesses, the qSOFA score serves 
as a quick screening tool for non-ICU settings to identify 
patients with a higher risk of sepsis-related complications 
(Singer et al., 2016).

Prior research utilizing manual computations for sepsis 
scoring systems in sepsis detection has encountered inherent 
challenges, such as errors in transcription and calculation, 
delays in identification and treatment due to intermittent cal-
culations, and an inability to examine trends in patient data 
or connections between measurements (Gyang et al., 2015). 
While automated screening tools and technology integrated 
into electronic medical records (EMRs) have been suggested 
as efficient means for identifying sepsis risks, the depen-
dence on non-immediate lab results and delays in recording 
vital signs into the EMR can hinder their timeliness (Despins, 
2017). To date, no effective methodology exists for predict-
ing the onset of sepsis among hospitalized patients using 
continuous vital sign monitoring for timely assessments.

Objectives

The primary aim of this innovative study was to develop a 
sepsis prediction model using data exclusively available 
from continuous vital signs monitoring, applying robust 
machine learning methods to create a novel and original 
approach to sepsis prediction. A secondary aim was to com-
pare the performance of this model with established scoring 
systems, including qSOFA and SIRS criteria, as well as a 
baseline logistic regression (LR) model in predicting the 
development of sepsis among hospitalized patients.

Methodology

Dataset

In this study, data were extracted from the Medical 
Information Mart for Intensive Care (MIMIC)-IV database, 
an open-access resource developed by the MIT Lab for 

Table 1.  The Sequential Organ Failure Assessment (SOFA) Score.

Variables

SOFA score

0 1 2 3 4

Respiratory (mmHg) PaO2/FiO2 > 400
SpO2/FiO2 > 302

PaO2/FiO2 < 400
SpO2/FiO2 < 302

PaO2/FiO2 < 300
SpO2/FiO2 < 221

PaO2/FiO2 < 200
SpO2/FiO2 < 142

PaO2/FiO2 < 100
SpO2/FiO2 < 67

Cardiovascular  
(doses in mcg/kg/min)

MAP ≥ 70 mmHg MAP ≥ 70 mmHg Dopamine ≤ 5 or 
ANY dobutamine

Dopamine > 5 or 
Norepinephrine ≤ 0.1 
or Phenylephrine ≤ 0.8

Dopamine > 15 or 
Norepinephrine > 0.1 
or Phenylephrine > 0.8

Liver (bilirubin, mg/dL) <1.2 1.2–1.9 2.0–5.9 6.0–11.9 >12
Renal (creatinine, mg/dL) <1.2 1.2–1.9 2.0–3.4 3.5–4.9 >5.0
Coagulation 

(platelets × 103/mm3)
≥150 <150 <100 <50 <20

Neurologic  
(Glasgow Coma Score)

15 13–14 10–12 6–9 <6

MAP = mean arterial pressure; SOFA = Sequential Organ Failure Assessment.
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Computational Physiology (Johnson et  al., 2023). The 
MIMIC-IV database contains demographics, vital signs, lab-
oratory tests, and medications for ICU patients at Beth Israel 
Deaconess Medical Center between 2008 and 2019. Patient 
privacy was maintained by removing all Protected Health 
Information in compliance with Health Insurance Portability 
and Accountability Act (HIPAA) standards; therefore, IRB 
oversight of this study was not required.

The study included adult patients aged 18 years of age and 
older. Vital signs, including heart rate, temperature, respira-
tory rate, SpO2, systolic and diastolic blood pressure, were 
extracted from the MIMIC-IV database for the included hos-
pitalized patients. Leukocyte (white blood cell) counts and 
altered mental status were also extracted from the dataset for 
SIRS and qSOFA score comparisons. In cases where multi-
ple readings for a vital sign were taken within an hour, the 
patient’s vital sign measurements were averaged on an hourly 
basis for each patient. If a patient’s vital sign measurement 
was missing for a specific hour, the absent data points were 
imputed using the patient’s most recent available data. In this 
study, the last observation carried forward, and the next 
observation carried backward methods were employed for 
imputing missing values. These approaches are commonly 
used in healthcare research to address missing data where 
some follow-up observations may be missing, as they take 
into account the temporal nature of the data and introduce 
less bias compared to simple mean or median imputation 
(Hamer & Simpson, 2009).

Patients in this dataset were monitored from the time of 
ICU admission until discharge or death. The suspicion of 
infection was established based on the presence of both a 
culture draw and antibiotic administration throughout the 
patient’s entire stay (Seymour et al., 2016). To determine the 
time of suspicion of infection, the initial time was identified 
as the earliest occurrence of either a culture draw followed 
by antibiotic administration within 72 hrs or an antibiotic 
administration followed by a culture draw within 24 hrs. This 
approach helped identify when clinicians suspected infection 
in the patient. A suspicion window was then defined, extend-
ing 48 hrs before and 24 hrs after the initial time of suspicion 
of infection.

To determine if a patient was septic, additional assess-
ments using sepsis criteria, such as SOFA or qSOFA scores, 
were required. In this study, the onset of sepsis was deter-
mined using the Sepsis-3 criteria, which define sepsis as a 
life-threatening organ dysfunction due to a dysregulated host 
response to infection, as indicated by an acute change in the 
total SOFA score of equal to or greater than two points result-
ing from infection. The SOFA score at the beginning of the 
suspicion window was compared to its hourly value during 
the window. If the hourly value was equal to or greater than 
two points higher than the initial value, the first such hour 
was deemed the onset of sepsis, and the patient was classi-
fied as septic (Seymour et al., 2016). Patients who did not 
experience such an event throughout their entire ICU stay 

were considered non-septic. In instances where the data 
needed to compute one of the SOFA sub-scores were unavail-
able in the imputed data, a value of 0 (i.e., “normal”) was 
assigned to that sub-score.

To leverage the dataset’s temporal nature, various data 
collection window durations were employed to discern pat-
terns that could distinguish sepsis from non-sepsis patients 
and predict sepsis onset hours before clinical recognition. 
After determining sepsis onset, vital measurements recorded 
after the onset were removed from the dataset. Because the 
primary objective of the study is to predict the onset of sep-
sis, any data collected after the onset is not relevant for this 
purpose. By focusing on the data leading up to the sepsis 
onset, the analysis can better identify patterns and trends that 
may indicate an impending sepsis event.

The period before onset is divided into two time intervals, 
including the look-back window, which refers to the data col-
lection interval, and the prediction window, denoting the 
interval between the prediction moment and sepsis onset (see 
Figure 1). Sepsis patients with an onset time within 6 hrs 
after the start of their record were excluded to ensure the 
prediction windows of up to 6 hrs before onset. Look-back 
windows of 3, 6, and 12 hrs were assessed to predict sepsis 
onset from 3 to 6 hrs prior, focusing on providing clinicians 
with valuable lead time to prepare for and initiate appropriate 
interventions. Predictions windows of 0, 1, or 2 hrs before 
onset may not offer sufficient preparation time for effective 
clinical response. The final dataset consisted of hourly vital 
sign records for sepsis and non-sepsis patients, featuring a 
sepsis prevalence of 16.7% with 8,149 sepsis cases and 
40,737 control cases.

Analysis Plan

Besides the initial six vital signs extracted from the dataset, 
two additional indicators, mean arterial pressure (MAP) and 
shock index (SI), were derived from the original vital signs, 
as they have been previously recognized as potential predic-
tors for sepsis onset (Berger et al., 2013; Corrêa et al., 2013).

The rolling window technique was adopted to systemati-
cally extract the statistical characteristics within each win-
dow for every patient. This technique allowed for continuous 
analysis of vital signs data, capturing the dynamic nature of 
the patients’ conditions. For sepsis patients, only the last roll-
ing window was considered, as it encompassed the onset of 
sepsis, which is the critical point for prediction. Including 

Figure 1.  Time intervals for analysis.
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earlier windows does not contribute to the immediate predic-
tion of sepsis onset, as the focus of the study was on the 
period immediately preceding the event. For non-sepsis 
patients, look-back windows before the end of their record 
were used to maintain consistency in the analysis approach 
with sepsis patients and to capture any relevant patterns or 
trends in their vital signs.

Original vital signs data, along with MAP and SI, were 
scrutinized within each look-back window to extract the sta-
tistical characteristics, including mean, median, standard 
deviation, minimum, and maximum. In addition to the stan-
dard statistical features, the study introduced proprietary fea-
tures that emphasized trend changes and instability in 
patients’ vital signs, shedding light on the subtle differences 
between sepsis and non-sepsis look-back windows.

The proprietary features specifically focus on capturing 
the frequency and magnitude of trend changes in vital signs, 
such as the number of times a vital sign transitions from 
increasing to decreasing or vice versa, and the extent of these 
changes. The frequency of trend changes feature is calcu-
lated by identifying consecutive periods of increasing and 
decreasing values, counting the number of transitions 
between these periods, and the magnitude of trend changes 
measure the difference in values at each transition point. By 
capturing both the frequency and magnitude of trend changes, 
these features are crafted to quantify the level of instability in 
patients’ vital signs and improve the model’s ability to dis-
cern between the two conditions.

Model Training

The dataset used for analysis was meticulously divided into 
two distinct subsets, including the training and test subsets. 
This division process preserved an 80/20 ratio, ensuring that 
the original sepsis prevalence of 16.7% was maintained in 
both subsets. The main purpose of this partitioning was to 
distinguish the data used for model training from the data set 
aside for assessing the model’s performance on previously 
unseen data.

Training a machine learning model entails teaching the 
computer to recognize patterns and generate predictions 
based on data. The model seeks to determine the optimal set 
of internal parameters, or weights, which allow the model to 
accurately predict the classes (in this case, sepsis, and non-
sepsis) based on the features or variables inputted into the 
model. Throughout the training process, the model continu-
ally refines its weights by comparing its predictions to the 
actual classes within the training data and adjusting accord-
ingly to minimize the discrepancy between its predictions 
and the true classes. The objective of this process is to reduce 
misclassifications and find the optimal weights that lead to 
the lowest possible error.

The training subset, which comprises 80% of the total 
patient stays, was employed to train the machine learning 

models. The models learned to identify patterns and trends in 
vital signs data, enabling them to predict sepsis onset. To 
enhance performance and accuracy, a technique called 5-fold 
cross-validation was implemented, dividing the training sub-
set into five equal-sized, non-overlapping subsets or “folds.” 
The model is then iteratively trained and validated using 
these folds.

After the model has been fully trained and optimized 
using the 5-fold cross-validation technique, it is evaluated on 
the test set, which consists of unseen data not used during 
training. This test subset, constituting the remaining 20% of 
the dataset, allows for an unbiased assessment of the model’s 
prediction sensitivity and specificity, providing a better 
understanding of its real-world effectiveness. The test 
set also ensures that the model generalizes well to new data, 
offering a reliable estimate of its real-world performance.

In this study, two machine learning models, the 
Explainable Boosting Machine (EBM) and LR, were 
employed to predict sepsis onset based on vital signs data. 
Once the models were trained and optimized, they were eval-
uated on a test subset comprising unseen data not used dur-
ing training to allow for an unbiased assessment of their 
prediction sensitivity and specificity. The performance of 
these models on the test subset were compared to the two 
well-established scoring systems, the qSOFA and the SIRS 
criteria with the aim of assessing the effectiveness and accu-
racy of the EBM and LR models in sepsis onset prediction.

Explainable Boosting Machine.  The primary machine learning 
model employed for sepsis onset prediction is the EBM, a 
decision tree-based model trained on patterns extracted from 
patients’ vital sign characteristics (Caruana et al., 2015). EBM 
was selected for its powerful interpretability, making it highly 
suitable for high-stake decision fields like healthcare settings. 
The main idea behind this model is to create a Generalized 
Additive Model with interactions (GA2M) by performing a 
round-robin training process on one input feature at a time. 
The general form of the EBM model is given as follows:

g E y f x f x xj j ij i j[ ]( ) = + ∑ ( ) + ∑ ( )β0 , 	 (1)

In this equation, E y[ ]  represents the expected value of the 
target variable y, which can be either non-sepsis (0) or sep-
sis (1). The link function, denoted by g , is responsible for 
mapping the model’s output, derived from the weighted sum 
of input features and their interactions, to the expected value 
of the target variable. In this case, the link function trans-
forms the model’s output into a probability value between 0 
and 1, corresponding to the likelihood of sepsis. The term 
β0 represents the model’s intercept, f xj j( ) represents the 
individual contribution of a single feature x j  to the model, 
while f x xij i j,( )  represents the contribution of the interac-
tion between two features xi  and x j  to the model (Caruana 
et al., 2015).
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The EBM model offers strong predictive performance 
while being a white-box approach, making it easier to inter-
pret the model’s predictions in clinical scenarios. The mod-
el’s additive nature allows for a clear evaluation of each 
feature or interaction’s contribution while facilitating local 
explanations, which can be determined by assessing the 
impact of individual features on the outcome. Moreover, the 
EBM model excels in capturing feature interactions, or the 
combined effects of two features that become relevant to the 
model. In real-world situations, feature interactions often 
influence the outcome, as a change in one feature may impact 
the value of other features. Many algorithms overlook these 
interactions, relying instead on local linear approximations. 
By taking feature interactions into account, the EBM model 
balances accuracy and interpretability.

The EBM model generates a probability value, ranging 
from 0 to 1, that represents the likelihood of a look-back win-
dow belonging to a particular sepsis or non-sepsis class 
based on observed trends in patients’ vital signs in the win-
dow. To make predictions more accurate, a decision thresh-
old is used to convert these probabilities into discrete class 
assignments, maximizing both sensitivity and specificity. 
The optimal decision threshold is determined using the train-
ing dataset, providing a basis for evaluating the model’s per-
formance at various thresholds and ensuring the best balance 
between sensitivity and specificity before assessment on the 
test sets. When the generated probability is compared against 
the decision threshold by the model, patterns within a spe-
cific look-back window are classified as either sepsis posi-
tive or non-sepsis. If the probability is higher than the 
threshold, the patterns are classified as sepsis positive, indi-
cating a high likelihood of sepsis onset. Conversely, if the 
probability is lower than the threshold, the patterns are clas-
sified as non-sepsis, suggesting a lower likelihood of sepsis 
development within the given time frame.

Logistic Regression.  In addition to the EBM primary machine 
learning model, a LR model is utilized as a baseline for com-
parative analysis. LR has been widely used for classification 
tasks and is known for its inherent interpretability as it trans-
forms input features into a linear regression problem (Fan 
et al., 2008). The general form of the LR model is given as 
follows:

p y
e x xn n

( ) =
+ − + +…+( )

1

1 0 1 1β β β 	 (2)

In this equation, p y( )  represents the probability of the out-
put variable y  being equal to sepsis (1), given the input vari-
ables x1  to xn  and the associated weights β1  to βn. The LR 
model allows for a global interpretation of feature impor-
tance by analyzing the values of the β  feature weights. 
However, due to its linear nature, the LR model is not able to 
provide direct assessment of local explanations, as the fea-
ture importances are adjusted as being the same for the entire 

features distribution. The LR model is trained on the same 
patterns extracted from the vital sign characteristics as the 
EBM model to ensure a fair and direct comparison between 
the two models in terms of their effectiveness and potential 
advantages in sepsis prediction.

Results

The sensitivity and specificity values of the models were 
analyzed, corresponding to various sepsis prediction scenar-
ios with prediction windows from 3 to 6 hrs before sepsis 
onset and look-back windows of 3, 6, and 12 hrs. The EBM 
model achieved its highest sensitivity of 88.1% and specific-
ity of 81.3% for a prediction window of 6 hrs and a look-back 
window of 12 hrs. Its lowest sensitivity was 85.15% with a 
specificity of 78.56% for a prediction window of 3 hrs and a 
look-back window of 3 hrs (see Table 2).

In comparison, the LR model exhibited the highest sensi-
tivity of 84.17% with a specificity of 75.58% for a prediction 
window of 5 hrs and a look-back window of 6 hrs. The lowest 
sensitivity observed for this model was 82.33% with a speci-
ficity of 77.43% for a prediction window of 3 hrs and a look-
back window of 12 hrs.

When compared to the machine learning models, the 
qSOFA and SIRS scoring systems exhibited substantially 
lower sensitivity values. For qSOFA, the highest sensitivity 
recorded was 10.55%, with a specificity of 92.46% for a pre-
diction window of 3 hrs. This sensitivity remained relatively 
constant across all prediction windows, with only minor 
fluctuations. Similarly, the SIRS scoring system showed the 
highest sensitivity of 38.83% with a specificity of 73.15% 
for a prediction window of 6 hrs. As with qSOFA, the sensi-
tivity values for SIRS were relatively consistent across dif-
ferent prediction windows.

Discussion

The study aimed to evaluate the performance of the EBM 
model in comparison to a LR model and two well-established 
scoring systems, qSOFA and SIRS, for the prediction of sep-
sis onset. The results obtained from the test subset demon-
strated that the EBM model consistently outperformed the 
LR model, qSOFA, and SIRS in terms of sensitivity and 
specificity across various combinations of prediction and 
look-back windows.

One of the key advantages of the EBM model is its inher-
ent interpretability, allowing clinicians to comprehend the 
model’s predictions and derive insights from feature contri-
butions. Figure 2 depicts two examples from the test subset, 
representing both sepsis and non-sepsis classes, and high-
lights the differences between these cases in terms of indi-
vidual feature contributions. For the sepsis observation, all 
feature contributions are positive on the x-axis and arranged 
in descending order of contribution, suggesting that these 
features collectively increase the probability of sepsis and 
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steer the model’s prediction toward the sepsis class. In con-
trast, the non-sepsis observation displays some features with 
negative contributions on the x-axis, implying a decrease in 
the probability of sepsis and directing the model’s prediction 
toward the non-sepsis class. This variation in feature contri-
butions underscores the distinct patterns and trends the EBM 
model captures to differentiate between sepsis and non-sep-
sis cases.

The log of odds values represented on the x-axis indicate 
the relative contribution of each feature toward the model’s 
prediction, with a higher positive value denoting a stronger 
influence on the probability of sepsis and a more negative 
value denoting a stronger influence on the probability of 
non-sepsis. The sum of the log of odds for all feature contri-
butions is passed through the link function, transforming the 
model’s output into a probability between 0 and 1. The inter-
cept term in the EBM model represents the baseline log of 
odds when all feature contributions are zero, serving as a 
starting point for the model’s predictions.

Through these local explanations, the EBM model offers 
a transparent and interpretable representation of the relation-
ships between features and their respective contributions to 
the model’s predictions. By providing this level of interpret-
ability, the EBM model allows clinicians to gain a better 
understanding of the factors influencing the model’s predic-
tions and make more informed decisions regarding patient 
care. Furthermore, it was observed that the EBM model 
achieved the highest sensitivity and specificity for a predic-
tion window of 6 hrs and a look-back window of 12 hrs, with 
values of 88.1% and 81.3%, respectively. These results indi-
cate that the EBM model is capable of effectively identifying 
sepsis onset within a clinically relevant timeframe, while 
offering a transparent representation of the relationships 
between features and their respective contributions to the 
model’s predictions. In comparison, the LR model, which 
was trained on the same patterns extracted from vital sign 
characteristics as the EBM model, exhibited lower sensitiv-
ity and specificity values. The highest sensitivity and speci-
ficity recorded for the LR model were 84.17% and 75.58%, 
respectively, for a prediction window of 5 hrs and a look-
back window of 6 hrs.

The results also demonstrated that the performance of the 
EBM model improved with increasing look-back windows. 
This finding suggests that the incorporation of more exten-
sive historical data on vital sign characteristics enhances the 
model’s ability to identify patterns and trends indicative of 
sepsis onset. A larger look-back window allows the model to 
capture longer-term fluctuations in vital signs, which may 
contribute to improved prediction accuracy.

An interesting observation from the study’s results is that 
the larger prediction window of 6 hrs provided better perfor-
mance than smaller prediction windows, which were closer to 
the onset of sepsis. This finding may initially seem counterin-
tuitive, as one might expect a model to perform better when 
predicting events closer to their actual occurrence. However, 
there are several possible explanations for this phenomenon.

First, it is worth noting that as the prediction window 
increases, the model is provided with a longer time frame in 
which to identify patterns and trends in the vital signs data 
that may be indicative of sepsis. This additional time may 
enable the model to more accurately capture the progression 
of physiological changes leading up to sepsis onset, ulti-
mately enhancing its predictive performance.

Second, a larger prediction window could potentially 
reduce the impact of short-term fluctuations in the vital signs 
data. When predicting events further into the future, the 
model may be less influenced by transient changes in the 
data that are unrelated to sepsis, allowing it to better focus on 
the underlying patterns that are indicative of the condition.

Third, in real-world clinical settings, clinicians often 
require some lead time to initiate appropriate interventions 
for sepsis patients. A model that can accurately predict sepsis 
onset within a larger prediction window may be more valu-
able in practice, as it allows clinicians to proactively initiate 

Table 2.  Performance Results on Test Subset.

Algorithm
Prediction 
window

Look-back 
window Sensitivity Specificity

EBM 3 3 85.15 78.56
6 85.46 81.58

12 86.75 79.87
4 3 86.38 79.96

6 86.93 80.55
12 87.24 81.25

5 3 86.13 81.39
6 87.18 82.33

12 87.79 82.52
6 3 86.44 83.01

6 87.55 80.71
12 88.1 81.3

LR 3 3 83.01 74.45
6 82.94 75.27

12 82.33 77.43
4 3 83.37 75.55

6 83.99 74.78
12 83.62 76.71

5 3 83.25 76.14
6 84.17 75.58

12 83.19 78.38
6 3 84.05 77.04

6 83.62 76.73
12 83.8 80.06

qSOFA 3 – 10.55 92.46
4 – 9.02 92.46
5 – 8.96 92.46
6 – 9.51 92.46

SIRS 3 – 37.61 73.15
4 – 37.98 73.15
5 – 38.4 73.15
6 – 38.83 73.15
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treatment plans and allocate resources in anticipation of a 
patient’s deteriorating condition.

Lastly, the improved performance observed with a larger 
prediction window may also be related to the specific charac-
teristics of the EBM model. As a decision tree-based model, 
the EBM is designed to effectively capture complex, non-
linear relationships between input features, which may be 
more evident over a longer time frame. The enhanced perfor-
mance at a 6-hrs prediction window may be an indication of 
the model’s ability to capitalize on these relationships to 
make more accurate predictions.

Despite these potential explanations, it is important to 
recognize that the choice of an appropriate prediction win-
dow will depend on various factors, including the specific 

clinical context, the nature of the data being analyzed, and 
the desired balance between sensitivity and specificity. 
Further research is needed to better understand the optimal 
prediction window for sepsis prediction models and to 
explore the potential benefits and limitations of different 
window configurations in diverse clinical settings.

In contrast to the machine learning models, the qSOFA 
and SIRS scoring systems demonstrated substantially lower 
sensitivity values. For qSOFA, the highest sensitivity 
recorded was 10.55%, with a specificity of 92.46% for a pre-
diction window of 3 hrs. This sensitivity remained relatively 
constant across all prediction windows, with only minor 
fluctuations. Similarly, the SIRS scoring system showed the 
highest sensitivity of 38.83% with a specificity of 73.15% 

Figure 2.  Interpretability of sample sepsis and non-sepsis observations from test subset.
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for a prediction window of 6 hrs. As with qSOFA, the sensi-
tivity values for SIRS were relatively consistent across dif-
ferent prediction windows.

It is important to note that the qSOFA and SIRS scoring 
systems do not rely on look-back windows to calculate their 
scores. Instead, these scores are calculated based on the 
patient’s physiological parameters at a specific hour prior to 
sepsis onset. This approach differs from the machine learn-
ing models, which leverage information from a series of 
data points within a look-back window to identify patterns 
and trends indicative of sepsis. The qSOFA and SIRS sys-
tems focus on the patient’s physiological state at a single 
point in time, which may limit their ability to capture the full 
range of changes leading up to sepsis onset and, conse-
quently, result in lower sensitivity values compared to the 
machine learning models.

The superior performance of the EBM model in compari-
son to the LR model, qSOFA, and SIRS underscores the 
potential advantages of employing a more sophisticated 
machine learning approach for sepsis prediction. The qSOFA 
and SIRS are linear approaches, with points assigned to each 
organ system or criteria based on the severity of dysfunction. 
While the qSOFA and SIRS scores are valuable tools for 
quantifying dysfunction, they do not capture the full com-
plexity of the relationships between variables that contribute 
to sepsis. The EBM model, on the other hand, allows for a 
more nuanced understanding of these relationships, which 
leads to improved early detection and intervention strategies. 
The higher sensitivity values achieved by the EBM model 
suggest that it is capable of accurately detecting the majority 
of true sepsis cases, thus minimizing the risk of false nega-
tives and enabling clinicians to initiate timely interventions. 
Furthermore, the higher specificity values imply that the 
EBM model is less likely to generate false-positive results, 
which could lead to unnecessary treatments, increased health-
care costs, and potential patient harm due to unwarranted 
interventions. Striving for excellence in both sensitivity and 
specificity is crucial for the success of sepsis prediction mod-
els and their implementation in clinical settings.

Limitations

Despite the promising findings of this study, several limita-
tions should be acknowledged to provide a comprehensive 
understanding of the results and their implications. First, 
the study utilized a single dataset from a specific popula-
tion, which may limit the generalizability of the findings to 
other populations and clinical settings. The performance of 
the EBM model, as well as the other models, may vary 
across different populations with diverse demographic 
characteristics, underlying health conditions, and risk fac-
tors. Future research should aim to validate the EBM model 
using multiple datasets from various populations and clini-
cal environments to ensure its applicability and reliability 
across diverse settings.

Second, while the study compared the performance of the 
EBM model with LR, qSOFA, and SIRS, it did not investi-
gate other advanced machine learning models or alternative 
scoring systems. The inclusion of additional machine learn-
ing models, such as deep learning and ensemble methods, 
could provide further insights into the comparative perfor-
mance of these approaches for sepsis prediction. Similarly, 
evaluating alternative clinical scoring systems might reveal 
other potential candidates for early sepsis detection and 
intervention.

Additionally, the study did not consider the impact of early 
treatment, such as fluid administration, on patients’ vital signs 
and outcomes. Incorporating treatment-related factors into 
the feature set could potentially improve the model’s perfor-
mance and provide a more comprehensive understanding of 
the factors contributing to sepsis onset and progression.

Finally, the study primarily focused on sensitivity and 
specificity as performance measures, which, although essen-
tial, may not provide a comprehensive understanding of the 
model’s effectiveness in clinical settings. Other performance 
metrics, including positive predictive value (PPV) and nega-
tive predictive value (NPV) could offer additional insights 
into the model’s performance and its suitability for imple-
mentation in clinical practice. For instance, PPV can help 
determine the likelihood of a positive sepsis look-back win-
dow being correct, while NPV can assess the probability of a 
non-sepsis look-back window being accurate. These metrics 
can assist stakeholders in better comprehending the model’s 
real-world implications and making informed decisions 
about its use in clinical settings.

In light of these limitations, it is essential to interpret the 
findings of this study with caution. While the results demon-
strate the potential of the EBM model for sepsis prediction, 
further research is required to address the limitations and 
validate the model across different populations, clinical set-
tings, and in comparison to other machine learning models 
and clinical scoring systems.

Conclusion

This study highlights the potential of the EBM model, an 
innovative and novel approach, for improving sepsis predic-
tion and facilitating early intervention efforts by exclusively 
utilizing continuous vital signs monitoring data. The EBM 
model demonstrates superior performance in terms of sensi-
tivity and specificity compared to the LR model, qSOFA, 
and SIRS, suggesting its effectiveness in enhancing patient 
outcomes associated with sepsis without relying on labora-
tory results or EMRs. The study’s findings also emphasize 
the importance of selecting appropriate prediction and look-
back windows to optimize the performance of sepsis predic-
tion models in clinical settings. The integration of machine 
learning-based approaches, such as the EBM model, into 
clinical decision-making processes has the potential to 
improve sepsis prediction and early intervention strategies. 
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By utilizing the EBM model’s white-box approach and pow-
erful interpretability, clinicians can make informed decisions 
in high-stakes healthcare settings. As clinicians continue to 
strive for excellence in patient care, the adoption of innova-
tive and accurate prediction models that do not depend on lab 
results and EMRs can play a vital role in enhancing sepsis 
management and improving patient outcomes.
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