’// International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 11 Issue: 08 | Aug 2024

www.irjet.net

p-ISSN: 2395-0072

Detection of Septic Condition based on patient Laboratory Values using
XGBoost Model

Komal Kumari Roy?, Prof. Preeti Rai?

1Reseacrh Scholar, Department of CSE, Gyan Ganga Institute of Technology and sciences, Jabalpur, M.P.
2Professor, Departmet of CSE, Gyan Ganga Institute of Technology and Sciences, Jabalpur, M.P.

Abstract -Sepsis is a complex medical condition that can
manifest in various ways and progress through different
stages. Clinicians often categorize sepsis into different types
or stages based on the severity and specific clinical
characteristics. This paper review research that have already
done by various researchers in the field as well as
introduced a novel prediction model using XGBoost for
septic patient’s detection based on medical data. The
research began by addressing the challenges of missing data
in the available patient records. To counteract the potential
negative impact of this missing information on prediction
accuracy, a unique preprocessing and early prediction
network is proposed. This model not only identified missing
data patterns to enhance prediction accuracy but also
extended its applicability to broader detection timeframes of
the septic conditions of patients.

Keywords: Sepsis detection, Machine learning, Random
forest, Boosting ensemble, early predictions.
1. INTRODUCTION

Sepsis is a life-threatening medical emergency that can
rapidly lead to tissue damage, organ failure, and death [1].
Sepsis is considered responsible for more than one-third of
the hospital deaths in the United States and the increased
incidence have been a growing concern [2]. It is one of the
most expensive conditions to treat, representing 13% of the
total U.S. healthcare cost. Additionally, statistics show that
the average length of stay in hospitals for sepsis patients is
nearly 75% longer than that of other medical conditions [3].
It has been reported that the early intervention and
recognition of sepsis can significantly reduce the overall
mortality and cost burden of sepsis. The importance of early
prediction and treatment of sepsis is emphasized in the
current clinical and observational studies that show a lower
risk of mortality for sepsis patients who received antibiotics
and intravenous fluids on time [4], [5]. In another study, it is
reported that hourly delays in the initiation of antibiotic
therapy can cause an average increase in the mortality rate
by 7.6% [6]. In the context of sepsis diagnosis, the Systemic
Inflammatory Response Syndrome (SIRS) criteria were
considered to be central [7]. Recently, the third international
consensus definition for sepsis and septic shock (Sepsis-3)
was published. For diagnostic criterion, the Sequential Organ
Failure Assessment (SOFA) scoring system was proposed.

Furthermore, SIRS criteria have been criticized for
inadequate specificity and sensitivity since SIRS may occur
in several non-infectious scenarios [8]. The SOFA score is
based on the degree of dysfunction of six organ systems,
such as respiratory, coagulation, hepatic, cardiovascular,
renal, and neurological systems [9]. According to the Sepsis-
3 guidelines, patients with a SOFA score of 2 or more are
associated with an organ failure consequent to the infection,
meaning that a higher SOFA score indicates the increased
mortality risk. The Modified Early Warning Score (MEWS) is
another scoring system used for the determination or
prediction of sepsis [10]. These updated definitions and gold
standards have been adapted to facilitate the earlier
identification and timely management of septic patients.
However, sepsis is a dynamic condition and, hence, such
criteria may not yield accurate outcomes. Consequently,
early prediction of the onset of sepsis remains a challenging
problem. There has been a significant surge in using deep
neural networks (DNNs) and machine learning for solving
multivariate, complex, and nonlinear problems. Training
such networks requires a significant volume of data.
Meanwhile, the intensive care unit (ICU) patients are
monitored consistently. This has generated an abundance of
data, which allows for training ML and DNNs for event
prediction or decision support in critical care cases [11].

Recent studies have incorporated such ML and DNN-based
approaches using electronic health records (EHRs) for
identifying the early stages of complex diseases [12], [13],
[14]. In sepsis cases, attention has been placed on creating
an accurate and swift prediction model as an extension of the
clinical decision since the performance of the deep learning
models has been found significantly higher than traditional
scoring systems. In [15] and [16], authors have been
systematically reviewed and evaluated studies employing
machine learning for the prediction of sepsis in the ICU. Our
strategy is to build a ML-based preprocessing block that has
the ability to learn the underlying dependencies and
correlations of the observed time series to estimate the
missing values.

2. Related Work

Early detection and diagnosis of sepsis can increase a
patient's chances of survival and improve long-term health.
In this paper [17] we use shapley additive explanations
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(shap) analysis to investigate variables that are frequently
associated with the development of sepsis in patients and to
examine different working models for classification. To
develop our prediction model, we evaluate the contribution
of different features to the prediction result in two periods,
using data collected after the first and fifth hours of
recognition. Our findings suggest that although there is much
missing information in the early stages of presentation, this
information may be useful for early prediction of sepsis. We
also found a discrepancy between different features of the
entry level, which should be taken into account when
developing machine learning models.

Study [18] evaluated the performance of a combined
machine learning model in predicting sepsis using six pre-
existing vital signs. This study validates the tool and
compares it with existing methods. The results show that the
technology can predict sepsis up to 48 hours in advance. This
method has high sensitivity and specificity and rarely loses
data. Early diagnosis is critical to improving outcomes in
patients with sepsis, and delaying treatment may put the
patient at risk. Therefore, machine learning algorithms can
play an important role in early detection and prediction of
sepsis, thereby improving patient outcomes.

Many techniques have been used to identify sepsis before
clinical outcomes are known, but machine learning
techniques have taken the lead among other techniques and
tools. More information is available to obtain more accurate
results, and some researchers use their own information that
is not readily publicly available. We [19] used two lists; seta
and set b to train and test our models available on
physionet.org. We use the entire set a and most of set b to
train our algorithm, and the rest of set b to test. We achieved
the necessary training process by applying forward filling
and back filling to the data to fill in missing values and then
applied the extreme gradient boosting (xgb ) classifier to
obtain sepsis diagnosis results. Diagnosis of sepsis is 92%
accurate. The algorithm will be used to improve patient
survival and save annual costs for sepsis diagnosis and
treatment.

The article [20] focuses on predicting sepsis in its early
stages: machine learning algorithms. Sepsis is a serious form
of the body's response to an infection. When the body's
response goes wrong, it can lead to tissue damage, organ
failure, and even death. Sepsis can be difficult to diagnose
because it develops quickly and can be confused with other
diseases. Early detection of sepsis can save lives; late
detection can be fatal and consume significant hospital
resources. Therefore, in this study, sepsis patient
identification is based on machine learning algorithms to
provide better performance. This project was created in
visual studio and uses python for accessibility. The aim is to
use physiological data to predict early sepsis. Patient data is
analyzed and validated using algorithms from different
models such as gradient boosting, logistic regression,
support vector machines, and decision tree classifiers to

predict clinical outcomes. Svm and logistic regression are
more effective in high-level environments. Boosting
algorithms provide machine learning models with multiple
capabilities to improve prediction accuracy. Boosting
algorithm is one of the most commonly used types of
algorithms.

The research study in [21] will use preliminary data (using
decision trees, randomization) from the mimic-iii database
to create a prediction model for the first 15 hours of sepsis
onset. Forest, Adaboost, gradient boosting trees and various
sensor layers. The model was validated using 10-fold cross-
validation. The roc-auc score is often used to evaluate the
performance of the prediction model. In the model
comparison, an additional set of predictive models was
created 10 hours before the onset of sepsis, using the same
algorithm to compare their performance with the previously
generated predictive model. Model comparisons showed that
gradient boosted tree had the best roc-auc score for the 15-
hour and 10-hour prediction models before the onset of
sepsis; the 15-hour forecast pattern was 0.777 and the 10-
hour forecast pattern was 0.769. Results can be further
refined using more data and derived from augmented trees
algorithms.

Early and accurate diagnosis of sepsis is important because
delayed treatment may increase mortality. The aim of the
study was to create a classification that could predict sepsis
6 hours before the diagnosis of the disease. This is done
through the patient's emr, vital signs, and demographic
information. This work introduces various interactions and
proposes a new filling algorithm called hybrid filling. The key
features that make the interpreter predictable are explained,
making it easier for medical staff to interpret the examples.
Six models including random forest, logistic regression,
optical gradient boosting technology, cloud gradient
boosting, neural network, and short time were studied to
classify patients. The parameters obtained are
unprecedented and useful in terms of duration and accuracy
of sepsis.

This article [23] proposes a method to predict the
occurrence of sepsis 6 hours in advance using various
machine learning and deep learning models and suggests
learning strategies for the same rate. The medical data mart
for intensive care iii (mimic3) dataset is used to test
traditional machine learning methods such as random
forests (rf), XGBoost, and deep learning techniques such as
neural networks and autoencoders with XGBoost.

In [24], the authors proposed a good learning technique to
predict missing data in the data. Our model includes a
convolutional neural network (gan) that uses a short-term
temporal (Istm) network as a generator and distinguishes
text events in the classroom. Deep Istm networks are also
used for prediction purposes. The prediction network is
trained using gan conditional results and evaluated in blind
testing to examine the effectiveness of the proposed model.
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Here, we show that the proposed framework can identify not
only long-term temporal but also missing patterns. We
present performance results and compare them with other
well-known methods. The method achieved receiver
operating characteristic (auroc) of 94.49%, 93.74%, and
94.01% for 4-hour, 8-hour, and 12-hour prediction of sepsis,
respectively. Here, itis shown that advances in detection and
prediction promise to provide an effective means for early
detection of sepsis in high-risk patients.

The aim of this study [25] is to develop and implement a
machine learning (ml)-based technology that can predict the
severity of shock and sepsis and evaluate its impact on
healthcare and patients. This study is a type of integrated
retrospective algorithm derivation and validation with pre-
and post-intervention evaluation. For non-icu cases,
algorithms are derived and used for specific times. The
system used in this study was derived and implemented
using electronic health records (ehrs), which are initially
silentbutalert medical personnel to the prediction of sepsis.
Patients selected to train the classification system must have
an icd and updated codes for acute or septic shock.
Additionally, patients must have good blood results and
proof of high blood pressure (sbp) or lactate levels at the
time of contacting the hospital. The accuracy, sensitivity, and
specificity of the classification algorithm are 93.84%,
93.22%, and 95.25%, respectively. In terms of reporting,
diagnostic criteria have made small but important
contributions to iv use and clinical trials.

3. Proposed Work

Early detection of sepsis can be treated using antibiotics and
completely curable and save millions of people. In this
scenario the early detection or prediction of sepsis using
Machine Learning is a hot area for research.Sepsis is
activated by the immune system present in your body that
works all the time in order to prevent the infection from
entering. During this stage, the enormous number of
synthetic substances discharged into the blood causes broad
irritation. For the patient the practicality of detecting sepsis
disease occurrence in development is an important factor in
the result. The primary goal of this research is to build, train
and test a model using data that is available in the form of
electronic clinical health data and predicts outcome of class
labels as sepsis or no-sepsis for unseen health records using
machine learning model. The secondary goal is to compare
the accuracy of the various models. The proposed system is
developed with XGBoost machine learning model.

Train using
— — i
Model

Figure 1: Proposed architecture

The first step is to get the data from dataset. Import the
important libraries. Load the data as a Dataframe using
Pandas. The data is stored in the form of .CSV files. The data
is being downloaded from kaggle.com. Proposed system uses
kaggle dataset. Parameters are defined for identification of
sepsis. Then data visualization and exploratory data analysis
are performed to get clear picture about various attributes
and available data. Statistical description with values is
carried out. Following calculus measures are carried out:

. Null values are ignored in the summary

. Highest number of entries for a column ~ 36k likely
to consider if it helps indicate the prediction

. Lowest number of entries for a column ~1k likely to
drop because there are too many missing entries to train a
model on Average (mean), minimum (min), maximum (max)
are self-explanatory.

. Standard deviation (std) how dispersed the values
are normal (Gaussian) distribution follows 68-95-99.7 rule

o 68% of values are within 1 std
o 95% of values are within 2 std
o 99.7% of values are within 3 std

e 1st (25%), median (50%), 3rd (75%) quartiles or
percentiles, for example:

= 25% of the patients had a temp lower than
36.3°C

= 75% of the patients had a resp higher than
20.5 breaths per minute

e min/max

= if min == 0 and max == 1, likely discrete
categorical data.
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4. Result Analysis

The Evaluations of various classifier algorithms according to
accuracy are displayed below:

Table 1: Performance Evaluation.

Method Testing Accuracy (%)
svC 70.34
NB 18.8
KNN 55.74
SGD 19.15
LR 20.01
MLP 51.10
XGBoost 95.01

It is observed that proposed XGBoost classifier gives the
better results in terms of accuracy.

Testing Accuracy (%)
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40
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Figure 2: Accuracy Chart.
5. Conclusion

In summary, this thesis introduced a novel prediction model
using XGBoost for septic patients. The research began by
addressing the challenge of missing data in the available
patientrecords. To counteract the potential negative impact
of this missing information on prediction accuracy, a unique
preprocessing and early prediction network was proposed.
This model not only identified missing data patterns to
enhance prediction accuracy but also extended its
applicability to broader detection timeframes. The key take
away from this study is the recognition of the crucial role of
capturing uncertainty in time series data, particularly in
medical contexts. This approach helps mitigate error
propagation, ultimately improving prediction outcomes.

The results of this research demonstrated the superiority of
the proposed method, which can be applied to various
applications involving infrequently recorded health records.

Notably, this study represents the latest advancement in
sepsis prediction algorithms, offering enhanced performance
through adversarial training over progressively longer time
windows. Overall, this work contributes to the field of
medical prediction models, offering a valuable tool for sepsis
prediction and underscoring the importance of addressing
missing data in healthcare analytics.
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