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Introduction:
Sepsis is a leading cause of death in hospitals in the United States primarily because the

diagnosis of sepsis poses a challenge for clinicians. Common clinical reactions to sepsis include
fever and chills, and respiratory dysfunction. Through laboratory tests, patients with sepsis
present an elevated white blood cell count. Patients who are immunocompromised or critically ill
may already present some of these clinical signs or may not develop these symptoms thus
making these populations even more susceptible to worse outcomes as a result of sepsis. There is
no specific treatment used for sepsis rather it depends on the management of the infection
through antibiotics and supporting organ function (Vincent, 2016). It has been shown that early
detection of sepsis leads to better patient outcomes (Dellinger et al., 2012).

Sepsis prediction is a highly relevant yet challenging feat given the low specificity of
physiological parameters. There are machine learning models that have been used to predict the
onset of sepsis including the InSight algorithm and the Recurrent Neural Network (RNN). This
work uses the logistic regression model for sepsis prediction and demonstrates that notable
results can be achieved using a non-time-dependent framework.

Methods:
Data was drawn from the MIMIC-III database, which consists of records from adult

patients admitted to the ICU at Beth Israel Deaconess Medical Center between 2001 and 2012
(Johnson et al., 2016). Ten million rows of vital signs from the database were analyzed, half
being from sepsis patients and the other half from non-sepsis patients. From this subset of the
data, there were 4,744 sepsis patients and 32,329 non-sepsis patients. Mean statistics from 34
physiological parameters were used as features, including heart rate, body temperature,
respiratory rate, blood pressure, and white blood cell count. These features were put through a
logistic regression model to predict whether or not the patient had sepsis. The target time for
sepsis determination was any time during the patient’s ICU stay. Additionally, the model was
created to balance class distributions for predictions. The model was tested and scored using
five-fold cross-validation. Twenty percent of the data was set aside as the test data set. Orange, a
visual programming-based data analysis platform, was used to conduct the data processing,
model creation, and model assessment (Demsar et al., 2013).

Results:
Using five-fold cross-validation, the model achieved an AUROC of 0.81, specificity of

70.0%, sensitivity of 70.7%, positive predictive value (PPV) of 27.2%, and negative predictive
value (NPV) of 95.2%. Based on the coefficients of the logistic regression model, the features



PaCO2, heart rate, respiratory rate, systolic blood pressure, diastolic blood pressure, and blood
oxygen saturation were correlated with a prediction of sepsis.

Although the number of vital signs from sepsis and non-sepsis patients were equal, there
was a class imbalance of sepsis and non-sepsis patients due to variations in the number of vital
signs recorded. When the class imbalance was corrected by undersampling the number of
non-sepsis patients, the AUROC score remained at 0.81 and the F1 score was 0.732.

Table 1
Confusion matrix for sepsis prediction results on the test data.

Predicted Condition

Actual
Condition

Sepsis Not Sepsis

Sepsis 726 230

Not Sepsis 1940 4518

Table 2
Confusion matrix for sepsis prediction results on the training data.

Predicted Condition

Actual
Condition

Sepsis Not Sepsis

Sepsis 2904 884

Not Sepsis 7721 18150

Table 3
Model performance statistics on training vs test data

Sensitivity Specificity PPV NPV

Training Data 76.7% 70.2% 27.3% 95.4%

Test Data 70.7% 70.0% 27.2% 95.2%

Discussion:
The logistic regression model provided notable predictive power with an AUROC score

of 0.81 and an F1 score of 0.757. Some limitations of our approach include the inconsistent
physiological parameters across patients and a class imbalance between the number of sepsis



patients and non-sepsis patients. This work also demonstrated the utility of the Orange data
analysis platform, which was effective in our use for data processing and model development.
Future work involves fine-tuning our model to improve sepsis prediction outcomes, which could
lead to more effective sepsis patient management.
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