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ABSTRACT: Background: Sepsis represents a critical life-threatening condition characterized by dysregulated host
response to infection, contributing significantly to intensive care unit mortality worldwide. Post-operative cardiac
surgery patients face elevated sepsis risk due to invasive procedures, prolonged mechanical ventilation, and
immunosuppression. Early physiological indicators often remain subtle and non-specific, challenging timely diagnosis
through conventional monitoring approaches.

Objective: This study develops and evaluates an artificial intelligence-driven early warning system combining Internet
of Things technology with machine learning algorithms for real-time sepsis detection in post-cardiac surgery patients.

Methods: The system integrates non-invasive wearable sensors measuring heart rate, heart rate variability, oxygen
saturation, and body temperature. An ESP8266 microcontroller processes physiological signals and transmits data
through WiFi connectivity. Machine learning algorithms establish patient-specific baseline profiles during post-
operative stabilization, employing statistical modeling and anomaly detection to identify deviations indicating sepsis
onset.

Results: Experimental prototype testing demonstrated detection accuracy of 94-96% with improved sensitivity and
specificity compared to threshold-based monitoring systems. The adaptive baseline approach reduced false alarm rates
while maintaining early detection capability. Real-time edge processing enabled response times under 2 seconds.

Conclusion: The proposed Al-driven monitoring system provides personalized, proactive sepsis detection with
significant improvements in accuracy and responsiveness. Integration of loT-based continuous monitoring with
adaptive machine learning offers promising advancement toward reducing ICU mortality through earlier clinical
intervention.

KEYWORDS: Sepsis, Artificial Intelligence, Internet of Things (IoT), Early Warning System, ICU Monitoring,
Machine Learning.

L. INTRODUCTION

Sepsis constitutes a medical emergency arising from the body's overwhelming inflammatory response to infection,
potentially leading to tissue damage, organ failure, and death. Despite advances in critical care medicine, sepsis
remains among the leading causes of mortality in intensive care units globally, with post-operative complications
accounting for substantial morbidity and healthcare costs. The World Health Organization recognizes sepsis as a global
health priority, emphasizing the critical need for early detection and intervention strategies.

Post-operative cardiac surgery patients represent a particularly vulnerable population for sepsis development. Cardiac
surgical procedures involve highly invasive interventions including sternotomy, cardiopulmonary bypass, prolonged
mechanical ventilation, and insertion of multiple intravascular catheters. These necessary medical interventions create
numerous pathways for bacterial entry while simultaneously triggering systemic inflammatory responses that closely
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mimic early sepsis manifestations. The physiological stress induced by major cardiac surgery activates inflammatory
cascades involving cytokine release, leukocyte activation, and endothelial dysfunction—responses that overlap
significantly with infection-related pathophysiology.

Traditional intensive care monitoring relies predominantly on periodic vital sign assessments, intermittent laboratory
testing, and clinical scoring systems such as Systemic Inflammatory Response Syndrome criteria and quick Sequential
Organ Failure Assessment scores. While these approaches provide structured evaluation frameworks, they possess
inherent limitations. Fixed threshold alarms do not account for individual patient variability, potentially missing subtle
early warning signs while generating excessive false positives that contribute to alarm fatigue among healthcare
personnel. Laboratory confirmation of infection through blood cultures or biomarker analysis requires processing time
ranging from several hours to days, during which patient deterioration may progress substantially.

The complexity of post-operative physiology demands more sophisticated monitoring approaches capable of
distinguishing normal surgical stress responses from pathological infection-related changes. Recent advances in sensor
technology, wireless communication, and artificial intelligence present opportunities to transform critical care
monitoring from reactive threshold-based systems to proactive predictive frameworks. Machine learning algorithms can
analyze complex multivariate physiological data streams, identifying subtle patterns and temporal trends that precede
overt clinical deterioration.

This research addresses the critical gap between conventional monitoring capabilities and clinical needs for early sepsis
detection in high-risk post-cardiac surgery populations. By integrating Internet of Things-enabled continuous
physiological monitoring with adaptive machine learning algorithms, we propose an intelligent early warning system
designed to detect sepsis-related deterioration before conventional clinical indicators become apparent. The system
learns individual patient baseline patterns during immediate post-operative stabilization and continuously compares
incoming physiological data against personalized reference profiles, triggering alerts when statistically significant
deviations occur.

II. MATERIALS AND METHODS

System Architecture

The proposed early warning system comprises four integrated modules: Sensor Data Acquisition, Processing Module,
Artificial Intelligence Analysis Module, and Alert Module. The modular architecture ensures scalability,
maintainability, and clinical adaptability.

Component Specification Function

MAX30102 Sensor Heart rate, SpO2 measurement Elll)c:icigiitll;ysmograp hy-based vital
ADS8232 ECG Module 3-lead ECG acquisition Cardiac rhythm and HRV analysis
DS18B20 Sensor Temperature measurement Body temperature monitoring
ESP8266 Microcontroller 32-bit processing, WiFi Data processing and transmission
SH1106 OLED Display 128x64 pixel resolution Local data visualization

Buzzer Alert Audio notification Immediate alarm generation
Power Supply 5V regulated power System power management

Table 1: Hardware components and specifications
Sensor Data Acquisition

The sensor module continuously captures physiological parameters through non-invasive wearable devices positioned
for optimal signal quality and patient comfort.
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MAX30102 Pulse Oximeter: This integrated optical sensor measures heart rate and peripheral oxygen saturation using
dual wavelength photoplethysmography. Red and infrared light-emitting diodes illuminate subcutaneous capillary beds
while a photodetector measures transmitted light intensity variations corresponding to arterial pulsations. The sensor
communicates via I12C protocol, providing real-time heart rate in beats per minute and SpO: percentage values.

AD8232 ECG Module: A single-lead electrocardiography amplifier captures cardiac electrical activity with integrated
lead-off detection. The module amplifies, filters, and digitizes ECG signals, enabling heart rate variability calculation
through R-R interval analysis. Lead-off detection prevents false readings when electrode contact is compromised.

DS18B20 Temperature Sensor: A digital temperature sensor provides accurate body temperature measurements with
0.5°C accuracy across the clinically relevant range. The one-wire digital interface simplifies integration while ensuring
reliable readings.

DATA PROCESSING AND COMMUNICATION

The ESP8266 microcontroller serves as the central processing unit, executing embedded firmware for sensor
interfacing, signal conditioning, and wireless data transmission. The device reads sensor outputs at 2-second intervals,
applying digital filtering algorithms to remove noise and motion artifacts. Processed physiological parameters are
formatted into JSON-structured data packets and transmitted to the cloud-based analysis server via WiFi connectivity.
Local processing capabilities include real-time heart rate variability calculation from ECG R-wave peak detection,
SpO: validation based on signal quality metrics, and preliminary threshold checks for immediate critical value
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detection. The embedded system maintains a circular buffer for ECG waveform storage, enabling real-time graphical
display on the OLED screen.working prototype

PATIENT — ECG Sensor =) | ESP8266

Heart rate sensor

/ Local Alerts

.. | oLED pisplay

N

Temperature ¥V v

Sensor

A
Al Analysis | ll I Web Dashboard

Online Trend
Analysis

3.1 Block Diagram of Al-Driven Early Warning System for Sepsis Deterioration in Post-Operative Cardiac Surgery
Patients

Artificial Intelligence Analysis

The Al analysis module implements a two-phase approach: baseline learning followed by continuous anomaly
detection.
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Phase 1: Baseline Learning

During the initial post-operative period (typically 6-12 hours following ICU admission), the system collects
physiological data to establish patient-specific baseline profiles. Statistical parameters calculated include:

¢ Mean and standard deviation for heart rate, SpO:, and temperature

» Heart rate variability metrics including SDNN (standard deviation of NN intervals)

» Temporal trend characteristics using moving average windows

 Circadian variation patterns for temperature regulation

Phase 2: Anomaly Detection
Real-time physiological data undergoes continuous comparison against established baseline parameters using statistical
deviation analysis. The system calculates standardized z-scores for each monitored parameter:
X—H
o

Z =

where x represents the current measurement, 4 denotes the baseline mean, and o indicates the baseline standard
deviation.
Anomaly detection employs a multi-parameter risk scoring algorithm:

n

Risk Score = Z w; - f(z)
i=1

where w; represents parameter-specific weighting factors and f(z;) denotes a threshold function returning values based
on deviation magnitude.

The system generates alerts when risk scores exceed predefined thresholds or when multiple parameters demonstrate
simultaneous moderate deviations, indicating potential systemic deterioration rather than isolated measurement
variations.

l Cardio Deterioration Alert |

Clinical Observation & Data Collection
* Vital Signs (Fever, Tachycardia)
* Post-Operative Inflammation

i

| Baseline Algorithm |

i

[ Anomaly Detection |

Sepsis
Detected Early?

Yes (But Over-Sensitive)

Missed Early Diagnosis | Initiate Early Sepsis Protocol |
[ Rapid Sepsis Progression ] | Start Antibiotics & Fluid Resuscitation |
—b] Sepsis Detected Early? !
Implement Proactive Monitoring Sy [ Yes (But Over-Sensitive) ]

* Early Detection Algorithms
* Intelligent Predictive Models |

!

Continuous Real-Time Risk Assessment —»I Alarm Fatigue J
Early Sepsis Identification

Excessive False Alarms |

[——-—-—>l Monitoring Inefficiency |

I Improved Patient Outcomes J

End

3.2 Working flow of Sepsis Deterioration sepsis detection
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Alert Generation and Visualization

The alert module provides multi-modal notifications through local and remote channels. The OLED display presents
real-time physiological values alongside risk status indicators (Low/Medium/High). An integrated buzzer activates
during high-risk conditions, providing immediate audible alerts to bedside caregivers.

A web-based dashboard interface enables remote monitoring with graphical trend visualization, historical data review,
and alert status tracking. The dashboard updates in real-time, displaying current vital signs, ECG waveforms, and color-
coded risk assessments. Healthcare providers can access the system through secure network connections, enabling
continuous oversight without physical presence in the ICU.

Validation Methodology

System validation employed simulated physiological datasets representing post-cardiac surgery patient profiles.
Baseline parameters were derived from published clinical data characterizing normal post-operative recovery patterns.
Sepsis scenarios incorporated gradual deterioration patterns including progressive tachycardia, oxygen desaturation,
temperature elevation, and heart rate variability reduction.

Performance metrics evaluated included:

« Detection accuracy: Proportion of correctly identified sepsis and non-sepsis states

» Sensitivity: True positive rate for sepsis detection

» Specificity: True negative rate for non-sepsis conditions

» False alarm rate: Frequency of inappropriate alerts during stable conditions

» Response time: Latency between physiological change and alert generation

III. RESULTS

System Performance
Validation testing using simulated post-operative physiological data demonstrated robust detection performance across
multiple evaluation metrics. The Al-driven early warning system achieved overall accuracy ranging from 94% to 96%

in distinguishsepsis-related deterioration from normal post-operative recovery patter
Patient 1 High Risk (S5-8)
126 = 87 103.1~ 8

" Live Simulated ECG (Erratic)

Table 2: System performance metrics from validation testing

Performance Metric Value

Overall Accuracy 94-96%
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Sensitivity (True Positive Rate) 92-95%

Specificity (True Negative Rate) 93-97%

False Alarm Rate 3-5%
Average Response Time <2 seconds
Detection Lead Time 2-6 hours before conventional indicators

Baseline Cloud based Al driven system monitoring and collects the patient’s data outputs

Learning Effectiveness

Patient-specific baseline establishment during the post-operative stabilization period proved critical for accurate
anomaly detection. The adaptive approach demonstrated superior performance compared to fixed threshold systems,
particularly in distinguishing normal surgical stress responses from pathological deterioration. Personalized baseline
modeling reduced false positives by approximately 40% compared to conventional monitoring approaches while
maintaining high sensitivity for true sepsis episodes.

Real-Time Processing Capability

Edge processing using the ESP8266 microcontroller achieved average response times under 2 seconds from sensor
reading to alert generation. This rapid processing enables timely clinical intervention while minimizing dependence on
cloud connectivity. Local processing also enhances system reliability by maintaining core functionality during network
interruptions.

Alert System Validation

Multi-modal alert mechanisms provided effective notifications across diverse scenarios. The integrated buzzer
successfully generated immediate audible alerts during high-risk conditions, while the web dashboard enabled
continuous remote monitoring. Healthcare providers reported that the risk-stratified presentation (Low/Medium/High)
facilitated rapid clinical assessment and decision-making.

IV. DISCUSSION

This study demonstrates the feasibility and potential effectiveness of Al-driven continuous monitoring for early sepsis
detection in post-cardiac surgery patients. The integration of non-invasive wearable sensors, real-time edge processing,
and adaptive machine learning algorithms addresses several critical limitations of conventional ICU monitoring
systems.

Clinical Significance

Early sepsis detection remains paramount for improving patient outcomes, as intervention timing directly impacts
mortality rates. Each hour of delay in appropriate antibiotic administration correlates with increased mortality risk,
emphasizing the critical importance of rapid identification systems. The proposed system's ability to detect
physiological deterioration 2-6 hours before conventional clinical indicators become apparent could enable earlier
therapeutic interventions, potentially reducing progression to septic shock and multi-organ failure.

The personalized baseline approach represents a significant advancement over fixed-threshold monitoring systems.
Post-operative cardiac surgery patients exhibit substantial inter-individual variability in physiological parameters due to
differences in surgical complexity, pre-existing conditions, and recovery trajectories. Static alarm thresholds fail to
account for this variability, generating excessive false alarms during benign fluctuations while potentially missing
subtle changes in patients with atypical baseline characteristics. Patient-specific baseline modeling adapts to individual
physiology, improving both sensitivity and specificity.

Technological Advantages

The ToT-based architecture provides continuous monitoring capability without requiring intrusive catheter-based
measurements. Non-invasive sensors enhance patient comfort while reducing infection risks associated with invasive
monitoring devices. Wireless connectivity enables data transmission to centralized monitoring stations, supporting
efficient utilization of limited ICU nursing resources through remote oversight capabilities.
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Edge processing using embedded microcontrollers offers several operational benefits. Local data analysis reduces
latency compared to cloud-dependent systems while decreasing network bandwidth requirements. Embedded
intelligence enables continued monitoring during network outages, enhancing system reliability in critical care
environments where continuous monitoring is essential.

Limitations and Challenges

Several limitations warrant consideration when interpreting these results. Validation employed simulated physiological
data rather than prospective clinical trials with actual patients. While simulation provides controlled evaluation
conditions, real-world implementation faces additional challenges including motion artifacts, electrode displacement,
and signal quality variations. Clinical validation with diverse patient populations remains necessary to establish
generalizability and clinical utility.

The current system monitors four primary physiological parameters. Comprehensive sepsis assessment traditionally
incorporates additional indicators including blood pressure, respiratory rate, and laboratory biomarkers such as lactate
and procalcitonin levels. Future system iterations should integrate additional data sources to enhance diagnostic
accuracy and reduce false positive rates.

Machine learning model interpretability represents an ongoing challenge in clinical Al applications. Healthcare
providers require transparent decision-making processes to trust and effectively utilize automated warning systems.
Future development should incorporate explainable Al techniques that clarify which physiological changes triggered
specific alerts, supporting clinical reasoning and appropriate response selection.

Comparison with Existing Systems

Recent studies investigating Al-based sepsis prediction have demonstrated promising results using electronic health
record data and advanced machine learning algorithms. These approaches typically achieve AUC values ranging from
0.79 to 0.96, comparable to the performance observed in this study. However, many published systems rely on
retrospective data analysis and have not demonstrated real-time implementation feasibility.The proposed system's
emphasis on lightweight edge processing distinguishes it from cloud-dependent architecture requiring continuous high-
bandwidth connectivity. This design choice prioritizes system reliability and response speed, critical factors for life-
threatening conditions requiring immediate intervention.

V. FUTURE DIRECTIONS

Several research directions could enhance system capabilities and clinical utility:

» Integration with hospital electronic health record systems for comprehensive patient data incorporation

« Expansion of monitored parameters including blood pressure, respiratory rate, and capnography

« Development of predictive algorithms forecasting deterioration trajectories rather than only detecting current
abnormalities

« Implementation of federated learning approaches enabling model improvement across multiple hospitals while
preserving patient privacy

» Prospective clinical trials evaluating impact on patient outcomes, ICU length of stay, and healthcare costs

Clinical Implementation Considerations

Successful clinical implementation requires addressing several practical considerations beyond technical performance.
Healthcare providers must receive training on system interpretation, appropriate response protocols, and integration
with existing clinical workflows. Alert fatigue remains a persistent challenge in critical care environments; therefore,
alert threshold optimization balancing sensitivity with specificity is essential. Regular algorithm retraining using
institution-specific data may enhance performance by adapting to local patient demographics and clinical practices.

Regulatory approval processes for clinical decision support systems vary across jurisdictions, requiring demonstration
of safety, effectiveness, and quality management systems. The proposed system would likely be classified as a clinical
decision support tool, necessitating appropriate regulatory pathways depending on deployment location and clinical
claims.
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VI. CONCLUSION

This research presents an Al-driven early warning system combining loT-based continuous physiological monitoring
with adaptive machine learning for sepsis detection in post-operative cardiac surgery patients. The system demonstrated
high accuracy (94-96%) in distinguishing sepsis-related deterioration from normal post-operative recovery patterns,
with significant improvements in false alarm reduction compared to conventional threshold-based monitoring
approaches.

Patient-specific baseline learning during post-operative stabilization enabled personalized monitoring adapted to
individual physiological characteristics, addressing a critical limitation of fixed-threshold systems. Real-time edge
processing using embedded microcontrollers achieved response times under 2 seconds while maintaining operational
independence from cloud connectivity, enhancing reliability for critical care applications.

The proposed system represents a promising advancement toward proactive, personalized critical care monitoring.
Early detection capabilities could enable timelier clinical interventions, potentially reducing progression to severe
sepsis and improving patient outcomes. However, prospective clinical trials remain essential to validate effectiveness in
real-world ICU environments and quantify impact on mortality, morbidity, and healthcare resource utilization.

As healthcare systems increasingly adopt artificial intelligence and Internet of Things technologies, intelligent
monitoring systems offering continuous, non-invasive, and personalized patient assessment may become integral
components of critical care practice. Continued multidisciplinary collaboration between biomedical engineers,
clinicians, and data scientists will be essential to translate technological innovations into clinically valuable tools that
enhance patient safety and outcomes.
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