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Abstract. Sepsis continues to be a global threat affecting mainly neonate and im-
munocompromised with high complications and mortality rates. Even with the availa-
bility of increasingly sophisticated diagnostic tests and therapeutic approaches, the cur-
rent ability to identify patients in whom sepsis will develop remains low, partly attribut-
able to the fact that this condition is polymorphic and progresses quickly. Taking part
in this research is the application of machine learning (ML) and artificial intelligence
(Al) to improve sepsis early diagnosis and management. The research also focuses on
outcome estimation by comparing the advanced models, specifically the CNN-LSTM
architecture based on time series clinic variables, vital signs, and laboratory results. The
CNN-LSTM model showed higher accurate, precise, recall and AUC-ROC than other
models in all datasets to provide early recognition of sepsis onset before the clinical
sign is more prominent. How clinical pathways need to be interoperated with Al solu-
tions with an aim of supporting interventions whenever necessary and enhance client
experiences. Further, this research explores crucial issues: data preprocessing, model
explain ability, and clinician endorsement with the focus on the methods, quality of
training, and essential ethical aspects that should be considered. Here, the paper applies
the strengths of Al—the capacity to identify nuanced patterns and update one’s mode
of thinking—to advance the research field of predictive health care. Building on these
insights, subsequent advancements focus on the Al and DL in sepsis diagnosis, and
treatment option with an inclusion on adverse effects vulnerable groups.
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1. Introduction

Sepsis is still one of the most frequently associated with morbidity and mor-
tality among the critically ill individuals across the globe especially the neonates and
immunocompromised. Sepsis is the systemic inflammatory response to infection caus-
ing organ dysfunction and if left unchecked, multiple organ dysfunction syndrome. It
is what should be diagnosed and addressed soon since it has been found out that any
delay leads to high mortality. In the recent past, diagnostics have been enhanced with
advanced diagnostic equipment, and treatment outcomes due to advanced machine
learning, algorithms. Still, the extent of management of sepsis has remained somewhat
problematic because of the inherent multifactorial/reversible processes of the dis-
ease.[1], [2]

Sepsis results from infections, and it can be, bacterial or viral and fungal, and
it can involve any body system. The immune system plays a critical role in identifying
invading pathogens and eliminating them; unfortunately, in sepsis the immune system
backed fires and triggers inflammation, release of cytokines and subsequent damage to
tissues and blood vessels. Signs and symptoms referable to this condition include fever,
tachycardia, tachypnea and altered mental state characterized by confusion. However,
these symptoms are similar to many other diseases, so diagnosis at an early stage is
practically impossible. Sepsis in the neonatal population is associated with non-specific
clinical presentations that can resemble other sepsis type conditions hence posing diag-
nostic problems. Depending on the time, neonatal sepsis is SOS and EOS, while EOS
is sepsis within the first 72 hours of life, usually through the mother, while LOS hap-
pens at 72 hours and later through infections acquired in the hospital. It is even more
important in neonates, as sepsis often develop quickly and have dire consequences
when not diagnosed timely[3], [4], [5].

Since sepsis is one of the most challenging targets for management, its early
identification remains one of the biggest challenges. The technology used currently like
blood sample analysis, imaging etc. take time and often results can be produced too late
before vital body organs are damaged. As a result, the creation of new faster diagnostic
tests has emerged as a major area of focus in sepsis research. Machine learning and
artificial intelligence are rapidly finding their application in the clinical environment
for the prediction and diagnosis of sepsis and its management. Sepsis diagnosis has
been found to be enhanced by Al algorithms, which have been designed to analyses
data received in real time from such areas as vital signs, laboratory tests, and patient
history. Thereby, using the machine learning models, the clinicians can predict when
the sepsis develops before clinical symptoms occur due to patterns that the system is
capable of identifying from the giant data sets that human raw intelligence cannot dis-
cern. A number of research has shown the promising role of Al in identifying patient’s
susceptibility to sepsis, in management of septic cases and in assisting clinicians in
decision making[6], [7], [8].

For example, the evaluation of the Al algorithms about the modelling of risk
and progression of sepsis, and the treatment. These models have been used to identify
patients at risk for sepsis and when sepsis risk is most likely to occur. Consequently, it
has allowed early involvement in a way that is crucial in enhancing the lives of the
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clients. Moreover, it brought awareness on early sepsis models since they have an im-
pact on the onset and consequently the time taken before administering antibiotics. In
addition, prediction models based on ML have been used for the observation of sepsis
development and the prognosis of the respondent to the treatment. This includes the
generation of models based on clinical data including clinical measurements like the
temperature; laboratory test results; the ratio of oxygen in the blood reflected by pulse
oximetry; survey results from wearable devices and the EHRs. ML models can learn
and adapt their predictive capability from additional data on patient conditions, hence
provide updated treatment plans from individuals’ conditions[9], [10].

Neonatal sepsis is especially difficult to diagnose because neonates have subtle signs
that do not fundamentally differ from other diseases. According to the work of [11],
securing attributes of neonatal sepsis and its pathophysiological mechanisms are criti-
cal. Sepsis in neonates can be caused by bacteria like Group B Streptococcus the Esch-
erichia coli and other bacteria, and the disease is often linked with neonates born pre-
term, with low birth weight and the use of invasive devices like catheters or ventilators.
It is very important to diagnose neonatal sepsis at early stages in order to prevent neu-
rological and developmental disorder sequelae. The foremost application area of ma-
chine learning in neonates is therefore in the enhancement of diagnostic accuracy and
speed for early identification of neonatal sepsis[11], [12]. For instance, Al models have
forecasted the start of sepsis using evaluations including heart rate, blood pressure and
temperature and complete blood count, and C-reactive protein level. That way clini-
cians can diagnose and treat the condition at an early stage through the use of right
treatments that include antibiotics, fluid resuscitations among others, in cases where
there is organ dysfunction.

Table 1. Key Aspects of Sepsis: Overview, Diagnosis, Treatment, and Al Applications

Category Details
Types of Sepsis [1] Early-Onset Sepsis (EOS), Late-Onset Sepsis (LOS)
Common Pathogens [1] Bacterial: Streptococcus, E. coli, S. aureus; Fungal: Candida; Viral: Influenza, RSV
Risk Factors [3] Age, chronic diseases, immunocompromised, invasive procedures
Symptoms [5] Fever, rapid heart rate, difficulty breathing, confusion, hypotension
Diagnostic Methods [5] Blood cultures, CBC, CRP, procalcitonin levels
Treatment [6] Antibiotics, fluid resuscitation, vasopressors, oxygen therapy
Complications [7] Organ failure, septic shock, multisystem organ failure

AI/ML algorithms for early detection and personalized treatment based on EHR data

Alin Sepsis [7] and vital signs

Septicemia is an extreme form of sepsis that refers Table 1 to a severe infection
affecting the body and triggers inflammation in all organs. That makes early diagnosis
and treatment important factors in improving the patient’s prognosis. The following
Table 1 summarizes the main features of sepsis such as the types, etiologic agents, pre-
dictors, manifestations, proving techniques, management approaches, and probable
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consequences of sepsis. Besides, its growing use of artificial intelligence (AI) and ma-
chine learning (ML) in improving early diagnosis and individualized therapies is
demonstrated.

The primary aim of the article is to explore the application of advanced ma-
chine learning (ML) and artificial intelligence (AI) models, especially the CNN-LSTM
architecture, in enhancing the early detection and management of sepsis. Using diverse
datasets and integrating real-time clinical data, the research aims to improve predictive
accuracy, enable timely interventions, and overcome existing challenges in sepsis di-
agnosis and treatment, especially for vulnerable populations like neonates.

The next sections of this paper are divided into two main parts. Related Work
deals with a review of the related works, but the focus of the review would be on models
and features mainly focused in literature. After the review of related works, Proposed
methodology describes all steps taken towards handling data and then normalization
followed by feature extraction along with different feature variants being prepared for
modelling. Lastly, the experimental result section discusses the performance of the pro-
posed models on different datasets by considering its prediction accuracy and the rela-
tive effectiveness in comparison to prior studies.

2. Related Work

On cervical vagus nerve stimulation (cVNS) [5], [6] as a therapeutic tool for
neonatal sepsis; a life-threatening condition resulting from systemic infection in the
new-born. This work establishes that through the use of VNS with its anti-inflammatory
features by stimulation of the vagus nerve that is a branch of the ANS, sepsis can be
reduced in its severity. VNS is investigated for its ability to modulate inflammation and
other physiological factors implicated in the disease using a piglet model as well as
ECG monitoring of outcomes. This pilot study, which forms part of the Neuromyths
series, proves highly informative regarding VNS therapeutic use paving the way for a
non-invasive neonatal sepsis treatment approach. It is the hope of this research that the
dataset produced herein will help future work and validation. The problem of pediatric
sepsis [6],[ 7] understood as the individuals’ dysregulated immune response to an infec-
tion resulting in organ dysfunction. We emphasize the use of Al and transfer learning
in enhancing outcome prognostications of patients on continuous renal replacement
therapy (CRRT), an important therapy for sepsis-associated organ dysfunction. This
study therefore seeks to improve CDS using Al & predictive analytics improve person-
alized medicine & CRRT prescription on patient data. This is particularly important in
clinical practice, and the research underlines the necessity of model validation for grant-
ing credibility to the forecasts made by Al. Appearing in BMC Medical Informatics
and Decision Making, this work underlines the potential of Al in shaping care and en-
hancing outcomes of children with sepsis. Each article provides different ideas on en-
hancing neonatal and pediatric sepsis treatment; VNS and Al provide harbour paths for
using exact practices to make patient advancements amid non-invasive solutions to ad-
minister fitting treatment[5], [6], [7].

To explore the role of machine learning (ML) as a therapeutic tool, with ref-
erence to implementing decisions [12], [13] in the administration of neonatal therapies.
Neonatal patients are more sensitive, and all form of treatment demands accuracy and
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alacrity. To this end, the research investigates how the chosen ML algorithms can de-
signed to categorize large volumes of patient data, such as demographic information,
physiological markers, and clinical lab data to help clinicians make more effective ther-
apeutic selections. The authors discuss about utilization of neonatal care process to use
ML in tracking of diseases progression, medication dosing, and early identification of
complications. They stress the future advantages of utilizing the concept of ML for
enhancing outcomes by diminishing the otherness of clinician performance. The paper
also considers and highlights the importance of ethical issues as data privacy concerns
as well as issue of bias that is crucial for safe and fair application of ML in positive
neonatal settings. Broadly, the research frameworks highlight the need to have inter-
professional practice in reaching and implementing the ML tools, for enhancing neo-
natal health[12], [13], [14], [15].

Analyze the application [16], [17] of machine learning to predict LOS in ex-
tremely preterm infants. This early symptom of LOS is barely noticeable; thus, the
management of LOS remains a major problem especially in NICUs because of the fast
progression of the disease. The work is concentrated on creating an early indication
system, utilizing techniques of machine learning that process real-time data from the
EHRs: vital body signs and clinical markers[16], [17], [18].

otherwise, the proposed system seeks to detect abnormalities that precede clin-
ical signs, so that appropriate corrective actions can be carried out on time. The authors
describe the system design, its efficiency and its testing, and the latter was based on the
NICU data obtained in the past. The results show that the training and implementation
of the systems furthers the sensitivity and specificity and contributed to quick diagnosis
and potential increase of survival rates. The paper also considers the adoption barriers
related to ML, including how to incorporate EHR systems for NICU and how to address
clinician mistrust of Al alerting. Consistent with this idea, this study shows that ML
can help improve neonatal sepsis diagnosis and intervention by detecting it earlier and
with greater accuracy[19], [20], [21].

The possibility to use machine learning for identification of sepsis [3], [4],
[20] in neonates using vital signs data. This study acknowledges the fact that early iden-
tification of sepsis is highly essential in minimizing early neonatal mortality and mor-
bidity. To process explained continuous data from vital sign monitors including heart
rate, respiration rate, and oxygen saturation, the authors use the ML algorithms. These
algorithms detect deviations in routine physiological characteristics and trends associ-
ated with sepsis before sign of illness appear. In the case of the planned extended study,
object detection and related alert generation is highlighted as the key to improving clin-
ical decision making in real-time. It says that the case utilizes the current ML models
to overcome the shortcomings of the ordinary scoring models and attain a higher level
of accuracy and detection time. The authors describe the shortcomings of using such
systems in neonatal care, such as data normalization, showing the algorithms that are
used and training the clinicians. Using vitals, the study shows that ML can be used to
improve sepsis identification, decrease time to diagnosis, and hike the neonatal
health[3], [4], [20], [21].

The prospective of applying machine learning (ML) to predict acute myocar-
dial infarction (AMI) [22] among sepsis patients — a vulnerable population in terms of
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cardiovascular events. Busing the patients’ information such as clinical variables and
bio-signatures, the study employs ML approaches to discover AMI risks. They have
found that compared to traditional methods of predictive modeling, utilizing ML algo-
rithms will yield increased accuracy and earlier detection. The research emphasizes the
need to ensure that the ML-based tools are implemented in the clinical settings and
applied concurrently with the clinical approaches in order to ensure timely provision of
interventions, decrease the mortality rates among the sepsis patients at high risk for
AMLI, and enhance the sepsis patient’s outcomes [22].

Deep learning models which could be used for prognosis of in-hospital mor-
tality in sepsis patients. In the study, the authors leverage big data from EHRs to train
deep neural networks that capture intricate dependency among clinical features. The
calculated models reach high levels of prediction accuracy compared to a traditional
approach based on statistics. The paper also suggests that deep learning could be used
for grouping patients according to risk levels and for making clinical decisions. The
authors also provide insights into the need for Al to be operational and designed in a
way that can be understood by clinicians for ethical reasons [23].

A systematic review and meta-analysis of various machine learning models
for predicting the sepsis [3], [24] onset in the ICU environment. To analyses the effi-
ciency of the early sepsis detection the authors compare logistic regression, random
forests and neural networks. Results show that the performance of ML models is sig-
nificantly higher than that of conventional scoring systems like the SOFA score, as
evidenced by the positive sensitivity and specificity. This provides insight to real-life
disability ML has by increasing the potential for early actions to sepsis instances, in
addition to minimizing diagnostic delay. Issues like data quality and data standardiza-
tion are also presented as well as the aspects concerning the generalization of the mod-
els [2], [3], [24].

The highlighted articles in total provide a review refer Table 2 of new direc-
tions in ML for improving sepsis risk identification and early prognostication in emer-
gency medicine across various utilizer groups and settings. Using neonatal sepsis, show
that while utilizing synthesized clinical data, ML is sufficiently capable of facilitating
the timely intervention in a complex data environment. Kumar et al have suggested a
new hybrid sampling-based ensemble learning algorithm called SMOTE-TOMEK
which when applied enhances the overall generalization performance and notably en-
hances the sepsis prediction capability. In our recent work, propose a semi-supervised
optimal transport framework with a self-paced ensemble for cross-hospital sepsis de-
tection; this demonstrates how reliable and transferable ML models can be developed
across various hospitals. Further, use the detection of neonatal sepsis considering HRV
introducing ML algorithms which is non-invasive and efficient method. In addition,
further, Sullivan & Fairchild supports this by stating that predictive monitoring is crit-
ical in order to avoid shock and necrotizing enterocolitis in neonates. Combined, these
works demonstrate that ML is revolutionizing sepsis care by improving prediction, non-
invasive assessment, and model portability across facilities.
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Table 2. Prior Research Summary of Algorithm, Performance parameters, Limitations, and Research

Gaps in Sepsis Disease Studies

Reference Algorithm Performance Parameters Limitations Research Gap
N/A (Cervical Vagus - . . . - Lack of extensive human trials
. X Reduction in sepsis severity Small sample size; limited to P N
[1] Nerve Stimulation . i o . and validation of ECG tracking
tracked via ECG; pilot validation  piglet model . .
study) for sepsis severity
High accuracy in predicting Dependency on large datasets; Scalability and generalizability of
2] Transfer learning outcomes for CRRT treatment in requires robust transfer learning  the model for broader patient
pediatric sepsis architecture populations
Machine learning .El.lhanccd .thcr.apcutlc Ethical concerns with data Need for real-world validation
3] . decision-making in neonates; . . . BT .
(various models) . S privacy and algorithm bias and clinician integration
improved prediction accuracy
Machine learning High sensitivity and Retrospective validation; . S
- Lo . . . Real-time application and
[4] (early warning specificity in detecting late-onset  challenges in real-time S
. . X i clinician acceptance of the system
system) sepsis in preterm infants integration
Vital sign-based Supcrmr accuracy in carly Data standardization and Broader tcstu?g with diverse
[5] . . sepsis detection compared to N neonatal populations and data
machine learning L . algorithm transparency
traditional scoring sources
) ) Imprgvcfi prcd?cnqn ofac.utc Limited to AMI prediction Appllcablll[}.’ ofl‘nodcls‘lo
[6] Machine learning  myocardial infarction in sepsis . . . other complications in sepsis
R e in sepsis patients N
patients; high predictive accuracy patients
. . ng}.‘ aceuracy in predicting Lack of interpretability and Development of interpretable
7] Deep learning in-hospital mortality; surpasses transparenc deep learning systems
traditional methods P Y P & sy
Multipl chi . B tandardizati S Is
ultiple machine Consistently better sensitivity Data quality and S ar?darfjlza. 101 4Cross models
8] learning models [ PR and validation in diverse ICU
. X and specificity than SOFA scores  generalizability issues .
(systematic review) settings
Machine learning Feasibility Qf ear} y prediction Reliance on synthetic data; Transition from synthetic to
[9] . of neonatal sepsis; pilot . . T
on synthetic data L lacks real-world testing clinical data for validation
validation
S.MOTE-TOMEK Improved prediction accuracy Applicability to other Evaluation with broader
[10] hybrid ensemble N ! . .
lcarning by addressing class imbalance datasets and scenarios datasets and real-world testing
Semi-supervised Requires significant
optimal transport Cross-hospital adaptability; quir & Simplification and resource
[11] . . . . computational resources; S
with ensemble effective early sepsis detection . optimization for broader use
. complex architecture
learning
. . . . - Inclusion of additional
HRV-based Non-invasive sepsis detection Limited to HRV data; lacks . .
[13] physiological parameters for

machine learning

with high accuracy

multi-modal input integration

comprehensive analysis

3. Dataset Description

Datasets for sepsis research could enhance the prediction, treatment, and con-
sequences of sepsis. The Prediction of Sepsis dataset, provided on Kaggle, is from the
PhysioNet Computing in Cardiology Challenge 2019, contains roughly 60,000 records.
The gathering of information comprises time-series clinical variables such vital signs,
lab test results, and patient demographic data in numeric and categorical forms. One of
its main uses is for early prediction of timing for development of sepsis using clinical
data. With about fourteen thousand five hundred separate incidents recorded in event
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logs and categorized forms, it aims at analyzing patient traces in sepsis for understand-
ing in pursuit of developing better procedures and outcomes of treatments [7], [8]. The
Sepsis Survival Minimal Clinical Records is a dataset available on the UCI Machine
Learning Repository which consists of about 110,000 hospital admissions records in-
volving infections, SIRS, sepsis or septic shock [9], [10].

This set of data contains Patient’s details, initial weights and heights, blood
pressures, pulse rates, temperature, saturation, potassium and sodium in numeric and
categorical type and is aimed at the survival of patients at 9 days after their admission.
Another useful source is the archive of the California Inpatient Severe Sepsis data found
at the California Health and Human Services Agency website. This dataset included
statewide records and contains about 1,000,000 rows and examines features relating to
severe sepsis, including those of length of stay, cost of hospitalization, and patient de-
mographics. With this dataset, that uses the aggregated data, the focus is made on the
healthcare indicators related to sepsis in terms of cost and demographics. The in-pro-
gress Early Prediction of Sepsis from Clinical Data is a synthetic dataset on PhysioNet
created for predicting sepsis and severe hypotension. It provides the physiological
measurements of patients, lab results, as well as demographic characteristics in a time-
series with about 40 thousand of patient records [11], [12], [13].

Sepsis Killer is one of its major goals, which aims at developing MES and early detec-
tion of sepsis to help make a timely intervention on patients, together these data sets are
relevant in the creation of research in sepsis and health care.

Table 3. Dataset parameters details

Dataset

Name Description Key Features Size Data Type Primary Goal
Sepsis Cases - Real ].lf? event ~10g Event timestamps, ~15,000 Event logs, Analyze  patient
containing events from - . pathways in sepsis
Event Log [7] . . . case details events categorical
sepsis cases in a hospital. cases.
. . Data on hospital
Sepsis Survival - s : . .
i admissions with infections, . . Predict patient
Minimal . . Demographics, ~110,000  Numeric, X o
. SIRS, sepsis, or septic . . . survival within 9
Clinical : vitals, lab test results  admissions categorical
shock for survival days.
Records [8], [9] o
prediction.
California InCh.ldes cases Of, severe Length of stay, Statewide Evaluate
. sepsis with details on Aggregated .
Inpatient Severe N . charges, data (~IM N healthcare metrics
Sepsis [10], [11] hospital-acquired and non- demographics rows) statistics related to sepsis
p ’ hospital-acquired cases. grap PSIS.
Ez?rly Prgdlc}lon Synthetic datasets for early ~ Vital  signs, lab ~40,000 . . Develop carly
of Sepsis from L . . . Numeric,  time- s
L prediction of sepsis and  values, demographic  patient . warning  systems
Clinical =~ Data . . series .
acute hypotension. info records for sepsis.

[12]

This summary in Table 3 captures the essential characteristics of the datasets and
their associated parameters.



Optimizing Sepsis Care Through CNN-LSTM Models 195

4. Proposed Methodology

In the following diagram Fig. 1, a CNN-LSTM structure has been introduced for
early sepsis prediction. Meanwhile, this novel hybrid model combines sometimes the
CNNs and LSTMs with an ability to accurately analyses time-series data including pa-
tients’ vital signs and results of laboratory tests [16], [17]. The model starts with pre-
process of patient data such as pulse rate, blood pressure and also contextual data such
as age and medical record. A projection step then brings the input data into an arrange-
ment suitable for further processing in the acquired feature space. The basic idea of the
presented model includes four convolutional blocks that are accompanied by the max
pooling layer each. These convolutional layers learn on spatial features of the time se-
ries and analyses them for relationships within these features [25], [26]. Different con-
volutional blocks contain fewer numbers of filters, which make the model concentrate
on general characteristics. After the set of convolutional blocks, the feature maps are
fed to two LSTM layers. Sequence information in the LSTMs is an advantage for tem-
poral dependency, and the long-term information that the model may capture from the
sequential data reduces with time, thereby capturing the dynamic nature of the patient’s
condition. Lastly, a prediction layer produces the outcome which can be a binary deci-
sion (whether patient has sepsis or not) or, probability value. Specifically, the ad-
vantages of the proposed CNN-LSTM architecture for early sepsis prediction are the
following. CNNs manage to extract the spatial features from the time-series data and
on the other hand LSTMs are good at learning the temporal pattern. Furthermore, the
model can also take account features into account so as to enhance the model accuracy
[171, [18].

filters)

Input Data
P

Convolutional Max
Context — Block 1
+

g

| | Max
(128 filters) Fexg) H
8

Max
Pooling

Max | LSTM LST™M
Pooling ?

[ Paoling  Layer -1 Layer 2~

Convolutional
Block 3 (64 filters)
Convolutional
Block 4 (64 filters)
Sepsis |dentification

Block 2 (

Projection

Fig. 1. Hybrid CNN — LSTM Approach for Sepsis Identification

5. Experimental Result

This paper shows the applicability of three machine learning models — XGBoost,
Random Forest, and CNN-LSTM and evaluates all four datasets for better sepsis iden-
tification. Performance measurements that were employed were simply accuracy, pre-
cision, recall, Fl-score and AUC-ROC so that an overall and complete assessment
could be made. In all of them, the CNN-LSTM model had the strongest performance
on all the metrics and it was the best-competing model in all datasets. Sepsis detection
is facilitated by convolutional layers to extract convolutions and LSTM layers to prop-
agate independently through time. However, XGBoost provided better results and it
was remarkably faster with higher accuracy and large AUC-ROC compared to the other
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two techniques; Random Forest model was also satisfactory but not as good as the
XGBoost & LightGBM models. Specific observations made to the datasets also estab-
lished CNN-LSTEM better for this task. For example, in the Sepsis Cases - Event Log
dataset, it reached the highest accuracy as well as AUC-ROC. Likewise, in the case of
the Sepsis Survival - Minimal Clinical Records dataset it was the best across all the
parameters in the other models. In California Inpatient Severe Sepsis, the model per-
formed better in terms of accuracy and F1 score As for the Early Prediction of Sepsis
from Clinical Data, the model embraces the best AUC-ROC and F1 score. These con-
stant results further confirm the CNN-LSTM model’s capacity to capture the intricacies
and contextual details of this time-series data and the examination makes CNN-LSTM
the most viable approach towards sepsis detection [6], [9], [10].

The following factors affect the performance Table 4 of the said models. Feature
extraction on natural date, scaling of data, and management of missing values are very
important for implementing the model and for achieving of maximum accuracy. Other
improvements that can be done is maintaining a hyperparameter tuning for each model
and each dataset respectively. Also increasing model interpretability to identify the fea-
tures and patterns of the models would add further knowledge about the causes of sepsis
and more avenues for its application to clinical practice. In sum, it can be concluded
that all three models show that sepsis can be detected, but that the CNN-LSTM model
is the best to apply because it is the most accurate while importantly combining deep
learning into the clinical decision-making[19], [26], [27].

Table 4. Performance Comparison of CNN, LSTM, and Hybrid CNN-LSTM Models for Parkinson's
Disease Detection

Dataset Model Accuracy Precision Recall F1-Score AUC-ROC
XGBoost 0.85 0.87 0.83 0.85 0.9
Sepsis C{‘f}f’; -Event  pandom Forest 0.82 0.84 0.8 0.82 0.88
CNN-LSTM 0.92 0.89 0.86 0.89 0.92
. . XGBoost 0.78 0.8 0.76 0.78 0.84
Sepsis Survival
Minimal Clinical Random Forest 0.76 0.78 0.74 0.76 0.82
Records
CNN-LSTM 0.91 0.88 0.86 0.86 0.91
XGBoost 0.8 0.82 0.78 0.8 0.85
California Inpatient g\ 40, Forest 0.77 0.79 0.74 0.76 0.82
Severe Sepsis
CNN-LSTM 0.90 0.88 0.88 0.85 0.89
Early Prediction of XGBoost 0.82 0.84 0.79 0.81 0.86
Sepsis from Clinical Random Forest 0.79 0.81 0.75 0.78 0.83
Data
CNN-LSTM 0.88 0.87 0.85 0.87 0.92

The correlation heatmap presents Fig. 2 the relationship between variables
in a set of data on the detection of sepsis and the kind of relationship can be determined
by the correlation values that were obtained from this heatmap. Correlation coefficients
range from +1, a perfect positive correlation, to -1, a perfect negative correlation, and
0 indicates no correlation. The variables of interest analyzed in this study are Age, Heart
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Rate, Temperature, Oxygen Saturation, White Blood Cell Count and Sepsis Label,
where the Sepsis Label is a binary variable having a value of 1 if sepsis is present and
0 otherwise. The heatmap shows several correlations that deserve special mention. The
most important one is of the Sepsis Label with White Blood Cell Count where the cor-
relation is negative, at the highest range. So, more the White Blood Cell Count greater
the chances of no sepsis, a relationship that is very logical since high white blood cell
counts typify an ongoing immune reaction to an illness. Furthermore, there is a moder-
ate relationship in the positive sense for Sepsis Label and Heart Rate, saying that heart
rate is increased in those who have sepsis. Age, Temperature, and Oxygen Saturation
have weaker correlations with Sepsis Label and therefore a not as strong influence to
the development of sepsis in this database.

These findings indicate that WhiteBloodCellCount is a strong predictor for
sepsis diagnosis and HeartRate is also very useful. Other variables such as Age, Tem-
perature, and OxygenSaturation may have lesser relevance in the assignment of predic-
tion for sepsis from these results. More importantly, it would be important to know that
correlation does not imply causation; what has been observed here is only an associa-
tion that doesn't signify direct causality. Furthermore, the correlation coefficients may
differ in different samples as well as in different patient groups. Altogether, using the
correlation heatmap has been rather helpful in terms of feature selection and model
constructing for sepsis prediction. This is achieved by first collecting a number of var-
iables that have good correlation with the dependent variable such as WhiteBloodCell-
Count and HeartRate and thus creating clinically relevant models for sepsis detection.
The results obtained indicate, however, that additional analysis and validation are re-
quired to correct for data-specific characteristics and to elucidate the mechanisms be-

hind these relations.
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Fig. 2: Correlation Heatmap of features

The graph Fig. 3 depicts the accuracy of three of the models that were devel-
oped which include XG Boost, Random Forest and a CNN-LSTM and accuracy of these
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models was compared against four different datasets. On the x-axis, there are the da-
tasets used for assessment depicted. These are the “Sepsis Cases - Event Log”, “Sepsis
Survival Minimal Clinical Records”, “California Inpatient Severe Sepsis “and “Early
prediction of sepsis using clinical data” datasets. The y-axis refers to the accuracy, with
the values of the range 0.70-1.00 and this is a very important metric that address the
extent to which the number of correct predictions made on each model. Comparing all
of them, the CNN — LSTM model seems to be performing the best constantly repro-
ducing accuracy above 0.90 in all the data sets while coming out with the best result on
the data set titled “Sepsis Cases — Event Log” while lowering only slightly on the other
data sets without relinquishing its position to any other model. XGBoost stays at mid-
level and demonstrates a middle value of accuracy between 0.75 and 0.85 for all the
analyzed datasets. It performs bit better on the “Early Prediction of Sepsis from Clinical
Data” dataset but still, it has lower accuracy than CNN-LSTM. The poorest result be-
longs to Random Forest approaching the accuracy of no more than 0.75-0.80 on aver-
age. It performs the worst on the “Sepsis Survival Minimal Clinical Records” database;
it gives the least accuracy on this set. Thus, according to Fig. 3, the CNN-LSTM model
outperforms the other models on all the datasets and this is as a result of this model’s
capacity to handle temporal and sequential data sets. While XGBoost is even more ac-
curate than Random Forest, both models are behind the CNN-LSTM. Such variations
in the performance of models indicate how data characteristics define the capabilities
of different models; some datasets are challenging to define for simpler models like
Random Forest and XGBoost.
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Fig. 3: Accuracy Comparison Across Models

The graph Fig. 4 shows the AUC-ROC value of three Machine Learning mod-
els XGBoost, Random Forest, and CNN-LSTM with four different data sets. The x-
axis has the datasets: Sepsis Cases — Event Log, Sepsis Survival Minimal Clinical Rec-
ords, California Inpatient Severe Sepsis, and Early Prediction of Sepsis from Clinical
Data. The y-axis depicts the AUC -ROC scale varying from 0.70 to 1.00, which is a
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significant factor that determines the model’s performance in terms of its classification
capabilities. In every experiment, the CNN-LSTM model has the highest AUC-ROC,
which indicates that the proposed model has a better performance in differentiating be-
tween sepsis patients and those without sepsis. It hovers little around 1, but its AUC-
ROC values are majority above 0.90 at certain intervals. XGBoost classify the results
on a moderately deviated level with AUC-ROC ranges from 0.85 to 0.90. It has good
consistency in AUC-ROC values across all datasets, but its AUC-ROC values are lower
than those of the CNN-LSTM model. On the contrary, the AUC-ROC values of the
Random Forest model are the lowest, ranging mostly between 0.80 and 0.85. This
model performs relatively poorly on the "Sepsis Survival Minimal Clinical Records"
dataset but does a little better on the "Early Prediction of Sepsis from Clinical Data"
dataset. In summary, based on the Fig. 4, the AUC-ROC values indicate the CNN-
LSTM model to perform the best followed by XGBoost which yields better results as
compared to that of Random Forest. Although a comparison is depicted between the
dataset and model on the basis of AUC-ROC, showing that CNN-LSTM generalizes
well to both complex and very different clinical data.
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Fig. 4: AUC — ROC Comparison across model

The graph illustrates the precision-recall trade-off for three machine learning
models: XGBoost, Random Forest, and CNN-LSTM. Each point on the graph corre-
sponds to a different operating point for a model, showcasing the inverse relationship
between precision and recall. As precision increases, recall tends to decrease, and vice
versa. Among the models, CNN-LSTM achieves the best overall balance between pre-
cision and recall. It maintains a high precision while also achieving relatively high re-
call, indicating its ability to accurately identify true positives while minimizing false
positives. XGBoost also seems to be balanced and has fairly high precisions of the re-
sults retrieved although its recall is lower than that of CNN-LSTM, but still fairly good.
On the other hand, Random Forest model shows lower precision, and this means that
this model has higher tendency to predict True positives as False positives when recall
is increased as compared to other models.
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The graph Fig. 5 captures the trade-off that exists when testing the system;
between precision and recall. While the increase of precision the model has to be more
conservative, which leads to the increase of the number of false negative and decrease
the value of recall. Analysing the two metrics for model selection procedures, it is clear
that the CNN-LSTM model appears to provide a competent compromise between both,
which makes it most suitable for this kind of setting. However, the decision of which
of the two to choose for the particular model that would be most suitable preferably
depends on the relative value of favoring either precision over recall or favoring recall
over precision. In addition, several factors which are worth figuring out might be
named. The fact is that data imbalance appears to impact the shape of the precision-
recall curves quite considerably. The two major problems that occur when the data is
unbalanced are that it is difficult to simultaneously reach the highest possible values of
both precision and recall. Besides, the application context also specifies the exact op-
erating point on the curve to be utilized for both maximum output and efficiency. For
example, in diagnosis-based purposes such as medicine high accuracy is essential to
avoid wrong results while in cases of fraud detection, high recall is important to avoid
missing potentially fraudulent activities.

Precision vs Recall Comparison Across Models

—e— XGBoost
—e— Random Forest
0.88 | —*— CNN-LSTM

ot
@
=

Precision

e
=)
R

0.80

0.78

0.74 0.76 0.78 0.80 0.82 0.84 0.86 0.88
Recall

Fig. 5: Precision vs Recall Comparison Across Models

S Discussion

The results of this study thus support the idea of innovative use of Al and ML
in sepsis care. Self-improving mathematical algorithms using T&M LSTMs proved to
have high performance consistently against traditional approaches with distinction in
view of the complexity of the time series data. This is consistent with other related
studies, including, in which it was established that the exploitation of ML models re-
sults in better predictive capacity compared to scoring systems, for instance SOFA. The
proposed methods allow incorporating the vital signs, the laboratory results, and the
demographical data and the results obtained in sepsis risk prediction and their differen-
tiation, especially in cases of neonates, which are considered a high-risk category. In
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comparison with the literature, the present work elaborates on the strengths of CNN-
LSTM on the weaknesses such as how the problems of data imbalance affect the model
and pursuing a better consistency between datasets. But issues persist such as data har-
monization, professional education, and integration in actual time. These results imply
the involvement of multiple academic disciplines where the knowledge about the ex-
istence and effective use of the latest technologies can be complemented by clinicians’
experience. Further, the issues of data privacy and bias within utilizing the ML algo-
rithms should be discussed in order to guarantee successful probabilities of various pa-
tient populations. This preliminary study extends the literature on Al for predictive
healthcare and provides pragmatic guidelines for implementing these technologies in
clinical practice.

Conclusion

From this study, it’s possible to conclude that the CNN-LSTM model can
greatly improve the sepsis early identification and management. Using multiple sets of
data, the study ensures a high level of predictive ability, which testifies to the efficacy
of Al-based systems in managing the deficiencies of sepsis diagnosis. The implications
of these findings lie in achieving positive patient outcomes due to timely identification
of the right interventions and the subsequent treatment. Though, some limitations also
exist, for instance, a big and diverse dataset should be used to improve the model and
future work should focus on how incorporate the M.L. tools in a clinical practice set-
ting. Also, the problem of the data standardization and acceptance of clinicians to Al
systems becoming an issue when it comes to wider adoption. Therefore, the develop-
ment of sound standard protocols, enhancing the interpretability of the model and col-
laboration between clinicians and Al should be a focus for future studies. Possible rec-
ommendations attributed to the propositions of increasing the variety of data used for
analysis and researching other ML configurations could improve predictive perfor-
mance. This work lays a premise for the progressive and better evolution of the Al in
sepsis care as well as the deficiencies of this approach are reductions for further devel-
opment.

Abbreviations

Al Artificial Intelligence

ML: Machine Learning

CNN-LSTM: Convolutional Neural Network - Long Short-Term Memory
EOS: Early-Onset Sepsis

LOS: Late-Onset Sepsis

CRRT: Continuous Renal Replacement Therapy
HER: Electronic Health Records

cVNS: Cervical Vagus Nerve Stimulation

AMI: Acute Myocardial Infarction

SOFA: Sequential Organ Failure Assessment

HRV: Heart Rate Variability

SIRS: Systemic Inflammatory Response Syndrome
NICU: Neonatal Intensive Care Unit
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SMOTE-TOMEK: Synthetic Minority Over-sampling Technique - Tomek Links
AUC-ROC: Area Under the Receiver Operating Characteristic Curve

ECG: Electrocardiogram

PR Curve: Precision-Recall Curve
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