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For the ML algorithm to detect the probability of sepsis, approximately 1055 
patients are used as the training data and 108 are used as the testing data. 
The area under the ROC curve is 0.9, which indicates an approximate 
probability of 90 percent that a person is correctly identified to have sepsis.

For the analysis of thermal images, the images were clustered based on the 
pixel values. The cluster containing max pixel values was selected and mean/ 
standard deviation of pixel values were calculated. The analysis results are 
compared with measured core temperature to find the correlation between 
them.

Introduction

Overall, the system is successful in acquiring data into a Bluetooth application 
and applying it to a sepsis classification algorithm, and we achieve a 
reasonably high accuracy of predicting patients with sepsis. For the ML 
algorithm developed to detect sepsis, a significant amount of estimation and 
imputation is required to correct missing MIMIC data, especially in regards to 
body temperature. In the future, more consistent sepsis patient data 
collection would likely yield a much more accurate algorithm. We also rely on 
the SIRS criteria to identify sepsis onset and disregard patients sepsis patients 
without this criteria, which creates bias in the algorithm as well. There is 
much more research to be done in the field of thermal imaging in regards to 
core temperature derivation as well. Currently, a rough correlation between 
temperature and thermal pixel value can be found in the images manually. In 
the future, more thermal image samples could be obtained to use machine 
learning algorithms to find a more accurate relationship, so as to estimate the 
core temperature of the patients directly by thermal images. 

Conclusions and Future Goals

Objectives: A non-invasive method for detecting sepsis early was devised using 
consumer-level devices to monitor common vitals. Heart rate, respiratory rate, 
blood oxygen saturation, blood pressure, and body temperature were collected, 
which can be measured via the non-intrusive devices. A thermal camera was also 
used in an attempt to find a rough correlation between core temperature and 
temperature pixel values. These devices would potentially be used by patients at 
risk of sepsis, which include but are not limited to patients on the hospital floor 
after leaving the ICU and individuals in nursing facilities. The system aims to be 
automated and consumer-friendly in order to remove the need for trained 
individuals to assist the patients. There is a wealth of information on past sepsis 
patients contained in electronic health records that can be utilized to develop 
algorithms trained on the trends in vital signs. This would allow a constant 
smartphone-assisted monitoring of an at-risk individual and a notification if they 
are suspected to be developing sepsis.

Results
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Figure 1. Process Flow for Sepsis Detection System.

Devices: To test the acquisition of vital signs using available COTS devices, several 
were selected: a thermometer, a microphone, a chest strap, a blood pressure cuff, 
and a finger pulse oximeter. We can directly measure heart rate, oxygen saturation, 
blood pressure, and respiratory rate. Additionally, a thermal camera was 
experimented in order to identify thermal features in feverish patients. 

Android Application: We connect to the chest strap, the microphone, the BP cuff, 
and the pulse oximeter from a custom Android application via Bluetooth to acquire 
and display real time results of the patient’s vitals. This application also 
incorporates a machine learning algorithm we developed that will analyze the vital 
signs as inputs  and classify the patients as being likely or unlikely to have sepsis. 

Materials and Method for Monitoring Vitals

MIMIC-III Database: MIMIC-III (Medical Information Mart for Intensive Care III) is an 
electronic health records database that contains records for over 40,000 patients 
that resided in critical care units between 2001 and 20122. It includes somewhat 
hourly vital signs for each patient as well, which is what is relied on to develop our 
algorithm.  

Algorithm Development: Our algorithm takes inspiration from the Insight 
algorithm3 which similarly attempts to detect sepsis using vitals. Python scripts were 
developed to collect 6 hours of data for sepsis patients leading up to the hour of 
sepsis onset, as well as the same data for non-sepsis patients. The time of sepsis 
onset was estimated as the first hour of a three-hour period where >=2 SIRS criteria 
were met. This includes: heart rate > 90 bpm, body temperature > 38oC or < 36oC, 
respiratory rate > 20 breaths/min, and white blood cell count > 12,000/µL or < 
4,000/µL. The vital data we collect for training the algorithm includes heart rate, 
respiratory rate, blood oxygen saturation, systolic blood pressure, and body 
temperature. The MIMIC database has various drawbacks and limitations, including 
missing hourly vital data or multiple data in an hour. This was remedied by 
averaging over hours with multiple data points and using imputation to replace 
missing data with the last recorded values, which assumes that the values were not 
measured because there was no considerable change. We input this data, as well as 
the differences among subsequent hours, as features into AdaBoost, a boosting 
learning algorithm, in order to create a binary classification of a patient as “sepsis” 
or “non-sepsis”.

Table 1. Example Algorithm Input Data for a MIMIC patient.

    

MIMIC-based Algorithm

Abstract
Motivation: Sepsis is a critical condition that threatens millions of patients each 
year. Currently, there is an urgent need for a detection system to identify the onset 
of sepsis in the early stages for patients at risks.

Methods: Through monitoring vital signs of at-risk patients utilizing non-intrusive 
methods and applying a machine-learning solution, a reasonably accurate 
automated system for detecting sepsis in the early stages can be developed. COTS 
(commercial off the shelf) devices were tested to continuously collect and estimate 
various vital signs. By applying machine learning to analyze trends in these data 
leading to the onset of sepsis, we can produce a prediction for whether or not a 
patient is suspected to have sepsis as we monitor their vital signs. 

Results: Data acquisition from the COTS devices and machine learning algorithms 
were integrated into an Android application that outputs sepsis classification each 
hour. 
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Figure 5. ROC for the ML Algorithm.Figure 4. IR images of front view from 20 subjects
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