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Abstract

Integrating artificial intelligence into healthcare presents an unprecedented opportunity to
address critical challenges in Intensive Care Units. The objective of this thesis is to create,
validate, and deploy Al models to increase safety through the development of early warning
systems for drug-drug interactions and predicting clinical decompensation of patients.

Our first objective is creation of a data lake involving multimodal data, which combines vital
signs, laboratory tests, treatment histories, patient files, and thermographic videos; not just
images. The combination of structured and unstructured data contained in the datasets offers
unmatched insight into intensive care unit patients, thereby enhancing the overall quality of
research. The datasets used for prediction and diagnostics are pre-processed through various
techniques like feature extraction, temporal alignment, etc.

The second Objective aims at the creation of actionable, predictive, and management tools for
sophisticated critical care of ICU patients. For example, ThermalShockNet, which was created
for pediatric ICU settings and utilizes thermal videos and patient vitals to identify subtle
physiological changes indicative of hemodynamic shock. This model uses data from thermal
frames and vital signs to make predictions. When combined using deep learning, these
predictions can reveal the onset of shock before it appears in a patient. ThermoGnose, a pipeline
developed specifically for the early prediction of hypothermia, uses non-linear features drawn
from patient monitoring data to estimate hypothermia onset and provide vital lead time for
clinical intervention. SIgnose predicts shock risk by analyzing vital sign trends. When combined,
this variety of approaches highlight how Al can address complex challenges in the ICU.

The third Objective was to improve drug safety in the ICU. For this, the Contralndicator tool
was created. NLP processes the treatment chart and line listing of drugs to find probable adverse
drug—drug interactions. The Contralndicator insights assist clinicians in minimizing the chance
of adverse reactions.

The end Objective was SafelCU, a modular and explainable Al-driven real-time platform for the
pediatric ICU. It brings together early warning systems along with safety and infection
surveillance modules, which include vital signs, thermal imaging, medication, and microbiology
results. At SafelCU, they help flag unusual Shock Index values in many ICUs. The
Contralndicator is on the lookout for drug interactions through the examination of ICU
prescriptions. AMRtrack monitors the emergence of antimicrobial resistance by processing

Vi



laboratory reports, mapping trend data, and informing infection control planning. When these
modules are together, real-time alerts, risk scores, and infection monitoring are delivered into the
ICU workflow.

Overall, this thesis provides a clinically oriented framework for using Al in ICUs. It shows how
models that can be multimodal, explainable, and deployable work together in real time to assist
clinical decision making in high-acuity clinical settings. These advances create a pathway to the
secure and scalable exploitation of Al in critical care and, eventually, precision medicine in
health care that are rich in data.
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Chapter-1

Introduction

1.1 Clinical Decision Support in the Intensive Care Environment

An Intensive Care Unit (ICU) is a clinical area where decisions made in real time can mean life
or death for children. Pediatric ICUs (PICUs) take care of children who require sophisticated
interventions and continuous monitoring due to rapid deterioration in their physiological
condition. During such high-stakes situations, large amounts of patient data are recorded in
Electronic Health Records (EHRs) by clinicians. This data includes the vitals, lab results,
medications, clinical notes, and others. However, the sheer volume and complexity of this data
can overwhelm decision-making, increasing the risk of delayed or suboptimal care. In addition,
the cost of healthcare is increasing at a rate higher than that of the gross domestic product (GDP).
U.S. health care spending grew 7.5 percent in 2023, reaching $4.9 trillion or $14,570 per person
(National Health Expenditures Data: Historical, 2024). In comparison, India’s total health
expenditure stood at only 3.8 percent of its GDP in 2021-22, with per capita expenditure (Figure
1.1), indicating the resource constraints and disparities in health system investments. Notably,
87.3 percent of India's Total Health Expenditure (THE) is directed toward current health
expenditure, while only 12.7 percent is allocated to capital expenditure (Maithani & Prasad
2025).

Total Health Expenditure (THE) per capita and as a share of GDP
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Figure 1.1 Total health expenditure per capita: Trends in THE per capita at constant prices and as a percentage of
GDP in India from 2013 to 2022. The chart highlights a gradual increase in per capita expenditure over time, with
fluctuations in THE as a share of GDP, reaching 3.8% in 2021-22

Due to the high complexity of data and limited resources in healthcare, there is a need for
Clinical Decision Support Systems (CDSS). These systems can support clinicians by generating
sophisticated, multidimensional data, resulting in better clinical decisions that are more accurate,
timely, and consistent. Especially in resource-limited environments like India, CDSS provides a
viable solution to improve the delivery of care, lessen the burden on providers, and enhance
patient outcomes.

Al can help CDSS to automate data interpretation (AI interprets data) and help in risk
stratification. Al can also help us in prediction. Models powered by Al can study huge amounts
of past and live patient data to spot trends, anticipate medical decline, and suggest proper
interventions. In simple terms, by including Al in the CDSS, it will not only produce accurate
diagnoses and decision-making but also be scalable for improving healthcare quality in various
climates.

1.2 Al for Decision Support in the High-Risk ICU Settings

Al is changing critical care medicine for the second time. Al is modifying decision support in
real-time in high-risk environments, such as ICUs. These circumstances yield multi-modal,
high-frequency data, from physiological waveforms and laboratory values to clinical notes and
imaging, that is well-suited for machine learning. For example, Al systems (especially deep
learning models) can synthesize these complex data streams to provide timely insights and
predict deterioration to guide therapy and ultimately improve patient outcomes.

Over recent years, the usage of Al for critical care has witnessed a huge advance. In the 1980s
and 1990s, early decision support systems such as MYCIN and INTERNIST were essentially
static - they were based on rule-based logic codified by clinical experts (Shortliffe, 1976). While
pioneering in intent, these systems were inflexible, not scalable, and incapable of evolving in

changing clinical settings. In the 2000s, there was a move towards statistical and machine
learning (ML) methods as EHRs and bedside monitors became more widespread. We trained
classical algorithms, logistic regression, support vector machines (SVMs), decision trees, and
random forests on structured datasets to predict mortality, ICU readmissions, and sepsis
(Obermeyer, Z., & Emanuel, E. J. . 2016). These are more scalable and interpretable models,
especially with feature importance.

The decade of the 2010s deep learning (DL) witnessed the introduction of recurrent neural
networks (RNNs), especially Long Short-Term Memory (LSTM) and Gated Recurrent Unit
(GRU) models, for temporally ordered ICU data. These architectures were influential in
predicting acute clinical events, such as shock, sepsis, or respiratory failure, that arise in clinical
settings several hours in advance (Choi et al.. 2016; Ghassemi et al.. 2015; Tomasev et al.. 2019).




At the same time, convolutional neural networks (CNNs) started being used for automated
analysis of chest x-rays, ultrasound, and thermography alongside clinical investigations.

More recently, transformer-based models, initially developed for natural language processing
(e.g., BERT, GPT), are being adapted for tabular, time-series, and multimodal biomedical data
(Acosta et al., 2022; Rasmy et al., 2021). These foundation models enable contextual reasoning
across multiple modalities, allowing for richer predictions that combine patient vitals,
medications, and clinical narratives.

Despite this progress, several limitations impede clinical adoption. First, most AI models are
trained for narrow, single-site tasks, which restricts their generalizability across different patient
populations, ICUs, and countries (Moor etal., 2023; Zhuang et al.. 2023). Second, deep learning
models often act as "black boxes" with limited interpretability, which hinders clinical trust and
transparency. Third, most studies rely on retrospective datasets, such as Medical Information
Mart for Intensive Care (MIMIC) or Electronic Intensive Care Unit (eICU), with few models
prospectively validated in live hospital environments (Topol. 2019). Also, before Al is deployed
in full-scale use, algorithmic bias, fairness, and human—Al interaction will require the solution of
ethical issues.

As Al is deployed beyond research and into the clinic, there is a new need for explainability,
validation in the real world, fairness auditing, and clinician-in-the-loop systems. The AI-CDSS
of the future should streamline into clinical work procedures, be adaptable across institutions,
and have interpretability for widespread uptake in the ICU.

1.3 Types of Data in ICU

The Intensive Care Unit (ICU) is one of the most data-intensive environments in modern
medicine, characterized by rapid intervention and high-stakes clinical decision-making. It creates
huge amounts of data streams that include many modes and happen at a high frequency, allowing
for Al-based decision support. The ICU data is heterogeneous, big, and of coarse temporal
granularity, thus rendering it particularly suitable for predictive analytics and machine learning
applications.

1. Physiological Time-Series Data

ICU monitors record vital signs, including heart rate (HR), respiratory rate (RR), arterial blood
pressure (ABP), oxygen saturation (SpO2), and core temperature, at a frequency of minutes or
seconds. These constant streams form the foundation of real-time monitoring of clinical
processes and the development of Early Warning Systems. Deep learning models have adopted
the use of recurrent neural networks (RNNs), long short-term memory (LSTM) networks, and
temporal convolutional networks (TCNs) to predict clinical decompensation, which includes
sepsis and shock (Shashikumar et al., 2017; Nemati et al., 2018). This has also been shown to




work in resource-limited settings through the SAFE-ICU initiative, which demonstrated
feasibility with low-cost thermographic data and time-series monitoring for early shock detection
and tele-diagnosis (Sethi et a,] ICEGOV).

2. Laboratory and Biochemical Data

Another source of structured data within the ICU comes from routine blood work, including
complete blood counts, metabolic panels, blood gas analyses, and infection markers. Evaluating
organ function, diagnosing sepsis, and informing treatment protocols all rely on these values.
When combined with time series data, these algorithms boost the accuracy of severity scores
such as APACHE-II, SOFA, and NEWS2. Recent works have used ensemble learning to
combine labs and vitals for high-fidelity mortality risk prediction and multiorgan dysfunction
prediction (Alaa et al., 2019).

3. Medication Administration Records

Software systems that capture physicians’ orders in a structured format, often embedded in an
electronic health record (EHR), are called computerized physician order entry (CPOE) systems.
CPOE systems and MARs have complete records for all drug administrations when and in what
dose, by what route. Drug safety surveillance relies heavily on such data useful for detecting
drug-drug interactions. The new module presented in this thesis is called Contralndicator, which
makes use of named entity recognition (NER) for extracting drugs and mapping their pairs with
existing curated pharmacological interaction databases. Recent studies have incorporated drug
administration trends, as well as pharmacokinetic data, to produce real-time toxicity warnings
(Hanf et al., 2022).

4. Unstructured Clinical Text

A significant portion of ICU data is stored in unstructured form, including physician progress
notes, discharge summaries, and radiology reports. Natural Language Processing (NLP) models,
particularly transformer-based architectures such as ClinicalBERT and BioGPT, have
demonstrated strong performance in extracting structured clinical information, including
diagnoses, symptoms, and medications, from free text (Alsentzer et al.. 2019; Luo et al., 2022).
This thesis employed the MED7 model to parse ICU prescriptions and support downstream
pharmacovigilance tasks.

5. Medical Imaging

Medical imaging plays a crucial role in ICU diagnostics, particularly in evaluating respiratory
and neurological conditions. Standard modalities include chest radiographs and computed
tomography (CT) scans. In recent years, thermal imaging has gained attention as a non-invasive
technique for assessing peripheral perfusion and detecting early signs of shock or hypothermia,



particularly in pediatric populations. Research has shown that thermal gradients, such as
center-to-peripheral temperature differences (CPD), can be informative biomarkers of
hemodynamic instability (Nagori et al.., 2022). Proposed on CNNs and LSTM-based pipeline to
analyze the features from thermal video frames and the vital sign trend for an early warning

system, showing neonatal thermal video containing rich features and multi-model fusion.
6. Microbiology Data

The culture results and profiles of antibiotics can microbiological data can be very useful to see
the infection with the help of the infection control committee in an ICU setup. As AMR is
becoming a bigger and bigger problem, there is a need to track these trends. Many systems have
been created to streamline the extraction and visualization of AST reports to guide empiric
therapy decisions and support antimicrobial stewardship. Studies that use hospital-wide
antibiograms show feasibility for the integration of resistance monitoring into clinical workflows
to enhance real-time decision support (Topol, 2020; Tacconelli et al., 2018).

7. Multicenter Benchmark Datasets

Datasets publicly available for intensive care units such as MIMIC-III, MIMIC-1V, and the
eICU Collaborative Research Database have become valuable resources for critical care
research. The databases contain de-identified, high-resolution, time-stamped clinical data from
diverse populations across multiple institutions, including vitals, laboratory results, medication
administration, and notes(Johnson et al., 2016; Pollard et al., 2018). Using them widely helps to
reproduce, validate externally, and benchmark the AI models. Many papers have used these

datasets to design and deploy prediction models for sepsis and mortality risk prediction along
with early warning systems, thus allowing researchers to examine the generalizability of their
models beyond local settings (Harutyunyan et al.. 2019; Shickel et al., 2019).

1.4 Problem Statement

In spite of the enormous increase in digital health data and advances in artificial intelligence
(Al), pediatric intensive care units (PICUs) still lack integrated real-time systems capable of
translating data into clinically useful actions. Current decision support tools primarily rely on
rules or narrow domains and have limited interpretability, poor generalisability across
institutions, and little capacity to harness the complete multimodal ICU data available (especially
time-series vitals, thermal images, treatment, and microbiology data).

The core research problem addressed in this thesis is:

To develop, validate and deploy AI models for capturing early warning signals for patient
deterioration and enabling treatment decision support pediatric ICU leveraging
multimodal data, with a specific focus on antimicrobial resistance.


https://www.nature.com/articles/s41598-019-38491-0

1.5 Development of Models

The development of Al models in critical care begins with high-value clinical targets and timely
decisions. As a consequence, timely decisions can have an important impact on outcomes. For
example, early prediction of sepsis, hypoxia, or drug-related adverse events, and often also
physiological data collection, will form the basis for these AI models, which will be designed to
help clinicians. The early models primarily used classical machine learning techniques like
logistic regression, decision trees, and random forests. Although interpretable, these methods
required heavy manual feature engineering and were sensitive to missing data or imbalanced data
(Obermeyer et al., 2016).

The transition to deep learning marked a paradigm shift. RNNs, LSTM, and GRU have
performed successfully in modeling temporal patterns present in ICU data. These architectures
were used successfully in the early detection of sepsis and respiratory failure and circulatory
collapse using raw vital sign streams (Choi et al.. 2016; Tomasev et al.. 2019).

A major milestone in this field was the creation of TREWScore, an early warning tool for septic
shock that used multivariate temporal features and probabilistic modelling to give real-time risk
scores with high discriminative power (Henry et al., 2015).

Newer multimodal architectures and transformer-based ClinicalBERT and BEHRT models
capable of integrating structured data with unstructured clinical narratives have come up (Rasmy
et al.. 2021, Acosta et al.. 2022). We've improved the contextual comprehension and scaling of
various healthcare data sets.

1.6 Validation of Models

Validating models will ensure that they are clinically relevant and fair. Using k-fold
cross-validation or train-test validation for internal validation is still common, but no longer
enough to be ready for deployment. Contemporary model validation encompasses.

e Temporal validation: Assesses the ability of a model to predict future unseen data. It is
important in ICUs where patient characteristics and diseases change continuously.

e Subgroup Validation: Model efficacy testing in subgroup of patients of different age
groups, gender, ethnicity etc. reveals disparities and biases in the predictive performance
(Khor et al., 2023).

e C(Calibration Assessment: “How closely do predicted losses or gains match
observations?” Not all accurate models are reliable, which may lead to adverse outcomes
(Van Calster et al., 2019).




Explainability is now a critical component of validation. Tools such as SHAP LIME and
Integrated Gradients can give clinicians an account of how input features are weighted by the
models (Lundberg et al., 2020).

1.7 Deployment of Models

Deployment aids in the transfer of knowledge from research to clinical utility. Using trained Al
systems in a hospital involves a high-level integration into hospital workflows, most often
through EHR systems or custom dashboards. Key considerations include.

e Real-time Responsiveness: Real-time responsiveness means that the model should
produce predictions fast enough to inform an immediate decision like in Intensive Care
Units which will have crucial implications.

o User Interface Design: Al outputs must be conveyed in a form that clinicians can easily
act on and interpret (e.g., visual explanations and confidence intervals).

e Compliance and Regulation: Deployable models must comply with the device
regulations that are often characterised by clearance from regulators like the US FDA. In
addition, it is necessary to comply with data privacy and security laws, such as HIPAA
and GDPR (Neupane et al.. 2025).

Examples which have been able to establish credibility are Google Health’s sepsis prediction
engine and Stanford’s embedding of AI-CDSS (Clinical Decision Support System), both of
which enabled enhanced functioning (Johnson et al., 2023).

1.8 Multi-centric Validation of Models

Al systems must perform well beyond the environment of their initial deployment if they are to
be trustworthy. To ensure that a model works well on different datasets and to avoid it
interpreting something wrong, validation must take place multi-centrically.

This method became popular with publicly available ICU datasets like:

e MIMIC-III and MIMIC-IV: are critical care data sets of patients who were admitted in
the ICU at Beth Israel Deaconess Medical Center (Johnson et al.. 2016).

e eICU-CRD: A real-world multi-hospital dataset that helps in generalization (Pollard et
al., 2018) (Pollard et al., 2018).

Models like VentNet and DeepSOFA are assessed for scaling and fairness using cross-dataset,
multi-institutional validation strategies. VentNet, developed by (Shashikumar et al., 2021), was




prospectively validated on ICU data from 2 health systems, which were UC San Diego and
Massachusetts General Hospital. It showed excellent predictive performance (AUC > 0.88) even
in COVID-19 cohorts, and it did so without the need for local retraining. Likewise, DeepSOFA,
a deep learning model to predict illness severity over time, was validated across multiple hospital
systems to ensure it is robust in heterogeneous ICUs (Shickel et al., 2018). This shows a general
shift toward multi-center validation for trustworthy and fair clinical deployment in low-resource
or international settings, where retraining might not be feasible and data is scarce or hard to
come by.

1.9 Resource Considerations and the Way Ahead for Resource-Limited
Settings

Artificial Intelligence (Al) has the potential to positively impact outcomes in critical care
settings. These benefits could be particularly pronounced in low- and middle-income countries
(LMICs), where clinician-to-patient ratios are often inadequate, and access to advanced
diagnostics is limited. Yet, implementation in resource-limited settings faces several challenges:

1. Infrastructure Limitations: Many ICUs, especially in low-resource settings, face a lot of
infrastructural issues. They hardly have an uninterrupted power supply, high-performance
computers, internet, etc. Thus, it limits the deployment of cloud-based Al or
GPU-dependent Al like ChatGPT. Using models that can run offline, which can be
deployed at the edge, resulting in formats such as Open Neural Network Exchange
(ONNX) or TensorRT, can offer a practical alternative (Xu et al., 2025).

2. Data Quality and Standardization: Training and transfer of Al can be hindered by the
heterogeneity of EHR systems, inconsistent coding practices, and limited annotation
capacity (data quality and standardization). Standardized data collection frameworks,
such as HL7, FHIR, should invest in (Rajkomar et al., 2018). International data registries
can also help with model portability.

3. Human Resource Constraints: Having a human resource constraint means that the
clinicians should be trained in interpreting Al outputs. Also, the culture of the institution
towards automation can affect the adoption. Medical staff local involvement ensures the
CDSS is relevant, usable, and trusted.

4. Cost-Effectiveness and Sustainability: There should be a justification of their value in
low-resource settings. Models for early triage or infection control may have high impact
and low computational demands, making them ideal for deployment in tier-2 or rural

hospitals (Topol. 2019).



1.10 Foundation Models in Clinical Al

Foundation models, which are large-scale, pre-trained neural networks designed to generalize
across multiple downstream tasks, represent a significant leap forward in clinical Al. These
include language models (e.g., GPT, LLaMA, BioGPT) and vision-language and multimodal
transformers that can process various types of data (e.g., text, image, time series).

Advantages in Healthcare:

e Transferability: Foundation models like Med-BERT, trained on massive biomedical and
clinical corpora (e.g., MIMIC, PubMed, UMLS), can be fine-tuned with minimal labeled
data to deliver strong performance on downstream tasks, such as diagnosis prediction,
note summarization, or adverse event detection. For example, Rasmy et al. (2020)
demonstrated that pre-training on 28 million patient records and fine-tuning for as few as
300-500 samples could yield improvements of over 20% in AUC, achieving results
comparable to those of models trained on ten times more data. The impact of foundation
models on efficient and versatile low-resource learning in a wide range of clinical

applications.

e Multimodal Fusion: Models like Med-PaLM (and a multimodal derivative,
Med-PaLM M) as well as vision—language transformers such as BEiT-3 can reason over
mixed clinical data modalities, including structured inputs, free-text, medical imaging,
and even genomics, better capturing the complexity seen in ICUs (Singhal etal., 2023;
Wang etal.. 2022). For example, scientists evaluated Med-PALM on a benchmark called
MultiMedBench, which has 14 medical tasks like writing radiology reports, answering
medical questions, and interpreting genomic variants. Med-PALM consistently
outperformed specialist models. Also, in 40% of comparisons for interpreting chest
X-rays, clinicians preferred Med-PALM (Singhal etal.,2023). In the same way (Wang
etal.,2022) describe BEiT-3, a unified vision-language transformer, which has reached
state of the art across vision and vision-language benchmarks, exhibiting practical

general-purpose reasoning with (image, text) as input. We demonstrated the multimodal
foundation models (MFMs) potential for important ICU-relevant tasks, such as prognosis,
decompensation detection and multimodal interpretation, all of which would typically be
supported by much richer contexts.

o Context-Aware Reasoning: The models which are trained on large-scale biomedical in
the context of medicine i.e., PubMed, MIMIC, UMLS encode a wide-ranging medical
context, which makes them adapt on a few-shot basis or even zero-shot basis to novel
clinical tasks, thereby improving their interpretability, and generalization in
decision-making. Med-PaLLM 2 received a score of 86.5% on MedQA and produced
expert-level output. Similarly, GPT-4 attained a score of 86.7% on the USMLE,
indicating they both possess a great deal of knowledge within the medical domain (Qiu et



al.. 2024; Singhal et al., 2023). The Med-PaLM M was also fine-tuned on
MultiMedBench multimodal benchmark and showed a good capacity for clinical
reasoning over structured data, images, and genomics (Tu et al., 2023). The rich

context-aware inference given by these models is more than the task specific systems can
provide.

1.11 Limitations and Challenges of Al in the ICU
A. Limitations of Al in Critical Care
While the progress has been considerable, there are limitations to the usage of Al in ICUs:

e Data Quality and Heterogeneity: IICU datasets are notoriously inconsistent and
heterogeneous, mainly due to variations in institutional protocols, monitoring frequency,
data resolution, and EHR architecture. The different methods used to measure and assess
patients in ICUs make predictive models less reliable when applied to other ICUs. These
may fail to generalize because an ICU’s predictive model was trialed there. If the model
doesn't account for the heterogeneity across sites, it will learn site-specific artifacts and
not actual clinically meaningful patterns (Pei et al.. 2023).

e Temporal Drift and Non-Stationarity: Clinical Al models are trained on past data. Over
time, it is possible that the model performance goes down. If there is a shift in the
population of patients, disease prevalence, clinical practices, etc. the non-performance
happens due to the change in the target variable over time. This is known as drift or
concept shift or non-stationarity. Models could become outdated without continuous
reassessment and changes to the methods used in points of dispensation. There are many
works in the literature of machine learning to identify drift and adapt the model to ensure
stable performance (Lu et al., 2018).

e Label Noise and Ground Truth Uncertainty: Clinical outcomes (e.g. sepsis or shock)
may not be truly predictive as these labels are subject to a lot of interpretation and
varying coding practices, generating substantial label noise. Predictors that are trained on
imperfect ground truth can learn spurious or non-clinical associations that impede
prediction reliability. A scoping review investigating label noise in medical deep
learning showed that inter-observer variability, coding mistakes, and ambiguities in
labeling protocols often hamper the performance of models (Wei et al.. 2024). Further
research has demonstrated that medical image models that are trained with noisy labels
experience a measurable decline in calibration and accuracy (Karimi et al., 2020).

B. Failure of Al in ICU Settings

The ICU has seen the failures and underperforming trials of notable Al tools:
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e Al for diabetic retinopathy screening, though highly accurate in controlled laboratory
evaluation, faced real-world limitations during deployment in Thailand, including poor
image quality from low-light settings and inconsistent capture techniques, which led to a
significant percentage of ungradable scans in clinical practice (Ruamviboonsuk et al.,

2022).

e Al for Oncology: a well known model was criticized for unsafe or irrelevant

recommendations in real-world settings, primarily due to limited training data and a lack
of transparency (Strickland. 2019).

Often, the failure stems from a lack of context in the study, low involvement of the clinician, or
over-relying on the performance of the benchmark without operational testing.

C. Biases in Data and Algorithmic Fairness
Bias remains a core challenge:

e Demographic bias: Refers to the unequal performance of predictive models depending
upon ethnicity, gender, or age group when training data is unbalanced. For example, a
tool that predicts who will need health care issues was shown to underestimate the health
risks of Black patients (Obermeyer et al., 2019).

e Label bias: In simplest terms, what this means is that the use of a marker other than the
gold standard can introduce bias in the model. Moreover, when the surrogate marker has
systemic inequities, such as in coding or access to the healthcare system, it can result in
significant biases that do not reflect the true performance in the field.

To lessen bias, we can check stratified model evaluations, fairness-aware learning, and inclusive
data practices.

D. Human Factors and Clinical Integration
Human factors significantly influence model adoption:

e Trust and usability: Predictions from a black box without an explanation can undermine
faith. Studies show that explainability is vital to adoption, especially if predictions
conflict with clinician intuition (Tonekaboni et al.. 2019).

o Workflow integration: Al models that disrupt rather than complement existing ICU
workflows face resistance. It is critical to embed models within routine systems such as
EHR alerts, dashboards, or mobile apps.

e Training and awareness: If clinicians do not get trained about Al tools and best
practices, the tools may be misused or overused.
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E. Ethical and Regulatory Considerations
Bringing Al into the high-risk domain is fraught with ethical and legal challenges.

e Informed consent and autonomy:Al systems, if used to predict or triage a patient, call
into question what it means to consent to treatment, especially when the model is
working in the background (Gerke et al., 2020).

e Regulatory oversight: Few Al tools have received regulatory approval from the likes of
U.S. agencies like the FDA. Models that adapt to incoming data over time (e.g., continual
learning) pose regulatory challenges

e Liability: Legal liability is hazy in determining if the clinician or the system designer is
responsible.

1.12 What Does the Thesis Address

This thesis fills critical gaps in the use of artificial intelligence to deliver time-sensitive clinical
decision support in high-risk pediatric ICUs. While Al has demonstrated promise in retrospective
prediction and post-hoc analysis, its real-time, actionable deployment in the ICU, especially in
resource-constrained settings, remains limited. The work presented here seeks to move beyond
proof-of-concept models toward robust, interpretable, and clinically integrable systems.

The central focus of this thesis is on developing multimodal, explainable, and deployable Al
solutions for early detection, therapeutic guidance, and safety surveillance in pediatric critical
care. Through the integration of high-frequency time-series signals, thermal imaging,
unstructured clinical texts, and microbiological reports, the thesis builds novel machine learning
pipelines capable of anticipating clinical deterioration and adverse events with actionable lead
times.

Key challenges addressed include:

e Temporal prediction using multimodal data: Leveraging non-linear physiological patterns
and novel sensing modalities (e.g., thermal videos) to predict events like hypothermia or
shock.

e Data heterogeneity and generalizability: Addressing model robustness across datasets
through symbolic, non-linear, and foundation model-based approaches, and validating
performance across diverse cohorts.

e Drug safety in polypharmacy scenarios: Automating the detection of potential drug-drug
interactions using NLP pipelines applied to real-world ICU prescription data.
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e Infection control through AMR surveillance: Mining temporal antibiogram trends from
AST reports to support empirical therapy planning in ICUs

Ultimately, this thesis culminates in the development and integration of the SAFE-ICU platform.
This modular, real-time clinical Al system delivers predictive insights, risk stratification, DDI
alerts, and antimicrobial resistance trends directly to bedside providers. Unlike most prior work,
SAFE-ICU is not a single-task algorithm but a scalable infrastructure for clinically grounded,
context-aware Al, supporting end-to-end translation from research models to real-time decision
support.

This thesis thus addresses the translational frontier of AI in healthcare, where technical
performance must intersect with clinical relevance, usability, and ethical responsibility. It aims to
provide a replicable and deployable blueprint for the responsible implementation of Al in
pediatric ICUs, with implications for broader applications in global critical care.

1.13 Objectives and Structure of the Thesis

This dissertation elucidates the scope and applicability of leveraging multimodal data and
advanced analytics for the early detection of clinical deterioration in intensive care units. It
explains the development of novel predictive models, ThermoGnose, ThermalShockNet, and
SIgnose, which use continuous vitals and thermal imageries to predict hypothermia,
hemodynamic shock, and abnormal Shock Index with a key focus on accuracy, interpretability,
and greater lead-time utility. It assumes that our current classifier will be able to generalise well
across patients of diverse geographies, settings, and stages of disease. To justify this assumption,
we will use AIIMS data, MIMIC-III data ( USA dataset), and eICU data ( USA dataset) to test
SIgnose and address cross-institutional robustness. The thesis presents tools called
Contralndicator and AMRtrack, which can extract medications given in the ICU in real-time and
warn about likely drug interactions, and an automated method for AMR surveillance through
AST reports, respectively. Through its deployable clinical interface, SAFE-ICU, which is
user-centered, the modules are integrated to provide real-time risk forecasting, prescription safety
alerts, and AMR analytics.
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Figure 1.2: The primary objective of this thesis is to design, develop, and evaluate an integrated Al-powered
decision support platform, SAFE-ICU, for use in Pediatric Intensive Care Units. This platform addresses critical
clinical safety domains, including deterioration prediction, pharmacovigilance, and antimicrobial stewardship.

Chapter 2 of this dissertation provides a background and an overview of related works. It reviews
the current landscape of Al in critical care, with emphasis on time-series modeling, drug safety
analytics, natural language processing in clinical settings, and antimicrobial resistance
surveillance. It also surveys literature on generalizability challenges and transformer-based
methods for clinical data.

Chapter 3 outlines the construction of the SAFE-ICU data lake and data warehouse by
integrating multimodal clinical data streams from a pediatric ICU setting. This includes raw and
processed data from bedside monitors (vitals), laboratory test systems, microbiology reports,
prescription charts, and thermal imaging videos. The chapter details the ingestion pipelines, data
cleaning procedures, timestamp synchronization, and standardized storage strategies. It
emphasizes preprocessing workflows for both structured and unstructured inputs, forming the
foundation for the downstream Al modeling and real-time analytics in subsequent chapters.

Chapter 4 presents the development and evaluation of three key models. ThermoGnose
(hypothermia prediction), ThermalShockNet (shock forecasting via thermal imaging and vitals),
and Slgnose (abnormal Shock Index classification across datasets). This chapter details dataset
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preparation, temporal feature engineering, LLM-based experiments, and cross-dataset validation
of predictive performance.

Chapter 5 describes the drug safety and interaction analysis in the ICU for real-time potential
DDI (pDDI) detection using the MED7 NER model. It includes statistical analyses of pediatric
ICU prescriptions, interaction severity stratification, and a discussion of integration with DDI
knowledge bases.

Chapter 6 explains the full platform integration of the predictive, drug safety, and AMR modules
into the deployable SAFE-ICU dashboard. This chapter also covers the AMR visualization
system built from AST reports and discusses system-level design considerations for usability and
scalability.

Chapter 7 summarizes the thesis contributions and limitations. It also proposes future extensions,
including LLM-driven polypharmacy modeling, multilingual adaptation of the NLP pipeline, and
clinical deployment pathways for SAFE-ICU in real-world hospital environments.
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Chapter-2
Background and Related Work

2.1 Introduction: Opportunities and Challenges for Al in ICUs

Artificial Intelligence has emerged as a transformative force in healthcare, particularly within
high-acuity environments such as ICUs. These settings generate vast quantities of multimodal
data from continuous physiological signals and laboratory diagnostics to EHRs, medical
imaging, and free-text clinical notes. This data-rich context has catalyzed the development of
advanced Al systems designed to predict adverse outcomes, optimize treatment regimens, and
support real-time clinical decision-making.

Several foundational models have demonstrated the efficacy of Al in this domain. For example,
ClinicalBERT and BEHRT (Rasmy et al., 2021) achieved state-of-the-art performance in
mortality prediction and sepsis detection by fusing structured EHR data with unstructured
clinical narratives. Likewise, models such as BEHRT+ and Med-BERT have shown the
effectiveness of contextual pretraining on longitudinal patient records, especially in handling
temporally misaligned data.

Despite these advances, real-world clinical adoption remains limited. A key barrier is the
disconnect between retrospective performance and deployment in dynamic hospital settings.
(Acosta et al., 2022) proposed interpretable transformer-based models for ICU forecasting but
emphasized the challenge of integrating these tools into live workflows. A similar gap was
evident in the work by Sendak et al. (2020), who underscored the organizational and workflow
barriers that prevent Al systems from scaling beyond pilot programs.

One of the few deployed systems, the TREWS, studied by Katharine E. et al., demonstrated that
provider trust, timing of alerts, and UI design are critical for clinician adoption. These human
factors are just as crucial as model accuracy. Similarly, Lekadir et al. (2023) provided a

framework for measuring trustworthiness in clinical Al, emphasizing the need for transparency,
robustness to shift, and participatory design with end-users.

In terms of intervention-focused Al, the Optimal Vasopressin Initiation in Septic Shock (OVISS)
study (Kalimouttou et al., 2023) stands out. It applied reinforcement learning (RL) to optimize
vasopressor initiation in septic shock, demonstrating clinically meaningful improvements. Liu et
al. (2021) similarly applied RL to dose titration tasks, highlighting the promise of Al in dynamic
treatment planning, especially under uncertainty.
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Studies have also addressed the challenge of generalization. Burdick et al. (2020) conducted a
multicenter evaluation of Al-based sepsis prediction, revealing substantial performance
variability across sites and EHR systems. In response, Guo et al. (2022) proposed domain
adaptation techniques that adjust for dataset-specific shifts, a method now commonly used to
enhance model portability.

The importance of multimodal data fusion has been addressed in several recent publications.
Soenksen et al. (2022) proposed a design framework for multimodal clinical Al, integrating vital
signs, laboratory results, text, and imaging to enhance predictive robustness. Lijian et al. (2024)
introduced MedViLaM, which demonstrates strong generalizability and explainability across
diverse medical tasks by integrating clinical text and imaging using a single set of model
weights.

Finally, the issue of equity and fairness in Al has received growing attention. Obermevyer et al.
(2019) exposed racial bias in commercial health algorithms, prompting a wave of research into
subgroup validation and fairness-aware training. Recent research has demonstrated that ICU Al
systems can exhibit significant performance disparities across various socioeconomic and
demographic groups, including age, race, ethnicity, and insurance status, highlighting the ethical
imperative for comprehensive fairness audits. Expert consensus and emerging studies underscore
the importance of making subgroup performance validation an integral part of conditional model
deployment, particularly in high-stakes ICU environments (Josephson et al., 2023; van Schaik et
al., 2022).

To bridge these challenges, technical, translational, and ethical, this thesis introduces SAFE-ICU:
a real-time, modular, open-source Al platform for ICU monitoring and early intervention.
SAFE-ICU builds upon the lessons from these pivotal studies by emphasizing explainability,
generalizability, equity, and clinician-centered usability. SAFE-ICU represents a significant
advancement toward truly translational and trustworthy clinical Al.

2.1.1 Clinical Al for Prediction and Monitoring

The use of ML in ICUs has expanded dramatically over the past decade, propelled by access to
large EHR datasets such as MIMIC-III, eICU-CRD, and institutional registries. These data have
been used to develop early warning systems for sepsis, shock, hypoxia, acute kidney injury, and
mortality.

TomaSev et al. (2019) demonstrated one of the earliest and most cited applications of deep
learning in critical care by forecasting acute kidney injury 48 hours in advance using longitudinal
EHR data. Their model, trained on over 700,000 encounters, set a benchmark for
deployment-ready predictive systems.
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Rasmy et al. (2021) introduced Clinical BERT and BEHRT, which fused structured EHR inputs
and unstructured clinical notes using transformer architectures. These models significantly
outperformed traditional embeddings in mortality and comorbidity prediction tasks, highlighting
the importance of contextual awareness.

Zhang et al. (2022) proposed a self-supervised contrastive pretraining method to improve ICU
time-series representation. Their method enhanced performance across multiple downstream
tasks even with minimal labels, an insight that SAFE-ICU builds upon through modular design
and transferability.

Acosta et al. (2022) extended this direction by presenting a multimodal transformer model that

integrated structured data, free-text, and medical imaging for holistic clinical forecasting. Their
emphasis on interpretability and real-time compatibility directly informs SAFE-ICU’s approach
to integrating vitals, prescriptions, thermal imaging, and microbiology into a deployable
platform.

2.1.2 Reinforcement Learning for Treatment Optimization

Beyond predictive tasks, RL has been explored for guiding dynamic treatment decisions. The
OVISS study (Kalimouttou et al., 2023) by Kalimouttou et al. applied RL to determine the
optimal vasopressor initiation timing in septic shock, achieving superior simulation outcomes
compared to clinician-guided baselines.

Zhang et al. (2024) similarly used deep Q-networks to personalize norepinephrine titration in
ICU patients. Their model responded dynamically to evolving patient states, indicating that
policy learning could enhance treatment precision in complex care environments.

These studies represent a shift from passive risk prediction to actionable decision-support, an
approach that SAFE-ICU incorporates through real-time inference modules designed to close the
loop between prediction and action.

2.1.3 Integration of Al in Clinical Workflows

The TREWS early warning system (Katharine E. et al.. 2023) remains a landmark deployment of
real-time sepsis detection in practice. Their study on adoption behaviors revealed that clinicians’
perceptions of system accuracy, timing, and workflow fit were crucial for sustained use.

Austrian et al. (2018) conducted a pragmatic retrospective evaluation showing that real-time Al
alerts reduced time-to-antibiotic and ICU length of stay. Complementing this, a
cluster-randomized controlled trial of a deterioration alerting system confirmed improved
outcomes, thus providing rare evidence for clinical impact beyond accuracy metrics.
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Such findings inform SAFE-ICU’s clinician-in-the-loop design philosophy, emphasizing
transparency, usability, and modularity to promote adoption in diverse ICU settings.

2.1.4 Opportunity for building generalizable models

Recent studies have demonstrated that deep learning models for sepsis prediction often
experience significant performance degradation when transferred across clinical sites due to
differences in data distributions and institutional protocols.

Moor et al. (2023) conducted a retrospective, multi-site international validation of a deep
learning model, finding that even well-performing models trained on one site generalize poorly
to others. Similarly, Rockenschaub et al. (2023) highlighted the challenges of transitioning from
single-hospital to multi-center applications, emphasizing the need for enhancing generalizability
in ICU adverse event prediction through better design and training across diverse datasets. These
findings reinforce the rationale behind frameworks like SAFE-ICU, which train models on
datasets such as MIMIC, eICU, and custom-labeled institutional data to improve robustness in
real-world settings.

Acosta et al. (2022) proposed a unified framework for multimodal clinical Al, integrating
structured signals, imaging, and unstructured narratives to improve robustness and
interpretability. SAFE-ICU mirrors this approach with its multi-sensor integration and dashboard
design aligned to ICU workflows.

Henry et al. (2015) followed up their TREW Score model with probabilistic temporal modeling
and human-in-the-loop feedback, concluding that explainability and human alignment enhance
both trust and clinical impact principles deeply embedded in the SAFE-ICU ecosystem.

2.1.5 Adverse Drug Reactions and Prescribing Safety

Polypharmacy is ubiquitous in ICUs and increases the risk of adverse drug events due to harmful
DDIs. Deep learning approaches, such as DeepDDI (Ryu et al., 2018), model DDIs using
pharmacological features and achieve high predictive accuracy. Tan et al. (2024) further
developed EHR-based models that combined patient context with drug ontology data to highlight
high-risk medication combinations.

In practice, DDI alert systems have struggled with alert fatigue due to a lack of specificity. Vo et
al. (2022) emphasized the need for explainable and context-sensitive DDI warnings, especially in
critical care.

In this thesis, the chapter on Contralndicator module in SAFE-ICU is an attempt to address
these challenges by integrating NER-extracted medication data with rule-based severity
mappings to deliver targeted, real-time prescribing alerts.
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2.1.6 Antimicrobial Resistance (AMR) Surveillance and Clinical Decision Support

Timely empirical therapy in ICU sepsis care is increasingly undermined by antimicrobial
resistance. Rawson et al. (2024) identified AMR-aware Al as a frontier in personalized treatment
of infectious diseases. Lim et al. (2020) created one of the first AMR surveillance dashboards
operational in LMICs, visualizing pathogen-drug resistance patterns for therapy guidance.

Hardan et al. (2024) developed a deep learning model that integrates structured data, time-series
vital signs, and clinical notes from MIMIC-IV to predict antimicrobial resistance in near
real-time. The model achieves high accuracy across various pathogens and demonstrates the
feasibility of embedded, offline-compatible resistance prediction, eliminating the need for a
centralized data repository. Truong et al. (2021) provide guidance affirming the benefits of
unit-specific antibiogram reporting, particularly in ICUs, emphasizing better therapy alignment
and stewardship outcomes.

In this thesis, the AMRTrack module in SAFE-ICU extends these ideas by offering clinicians
interactive, time-stamped visualizations of resistance trends linked to empirical therapy
recommendations. It is designed for real-time use in high-burden, low-resource environments.

2.2 Data-Centric Challenges in ICU Al

2.2.1 Data Heterogeneity and Interoperability

e One of the most pervasive challenges in applying Al to ICU data is the heterogeneity of
sources, structures, and semantics inherent in clinical data. Intensive care units generate a
voluminous, multimodal data stream that includes structured vital signs, laboratory
results, unstructured clinician notes, drug prescriptions, microbiology reports, and
medical images. Each data stream is acquired at different frequencies and adheres to
inconsistent documentation standards, even within a single hospital system (Johnson et
al., 2016; Goldstein et al., 2017). For example, while high-frequency vitals may be
recorded every second, laboratory reports are updated intermittently, and clinical notes
are often typed retrospectively.

e These inconsistencies become more pronounced when comparing datasets across
institutions or geographies. The MIMIC-III and eICU Collaborative Research Database
(Pollard et al., 2018) exemplify this divergence: although both are large, de-identified
ICU datasets from the United States, they differ significantly in variable naming
conventions, measurement units, and temporal resolution. Moreover, even though
interoperability frameworks such as HL7 and FHIR exist, their adoption is sporadic, and
mappings between systems often require manual harmonization.
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e In this context, the SAFE-ICU platform addresses these limitations through a robust data
engineering pipeline that standardizes input from multiple modalities and harmonizes
semantically equivalent variables. A dedicated preprocessing module converts real-world
EHR fields into a unified schema that feeds the Al models, ensuring consistency across
training, validation, and deployment environments.

2.2.2 Bias and Underrepresentation in Clinical Data

Bias in medical Al emerges from both the structure of healthcare systems and the choices made
during data curation and model development. Algorithms trained on data that underrepresent
specific populations, such as pediatric patients, elderly individuals, or racial minorities, are prone
to systemic inaccuracies when applied to these groups. This is especially critical in intensive
care, where physiological baselines, treatment protocols, and responses to medication vary across
age, gender, and ethnicity.

A landmark study by Obermeyer et al. (2019) highlighted this issue by revealing that a widely
used commercial algorithm designed to allocate healthcare services underestimated the needs of
Black patients. The algorithm used historical healthcare costs as a proxy for health needs,
implicitly encoding systemic disparities into its predictions. This form of proxy bias can lead to
skewed resource allocation and exacerbate healthcare disparities.

The SAFE-ICU platform incorporates mechanisms to assess and mitigate such biases.
Subgroup-specific performance metrics are computed for all predictive models, including those
focused on pediatric patients and low-resource settings. Additionally, fairness-aware validation
pipelines are employed to detect disparate performance across demographic strata, and
re-weighting or re-sampling strategies are applied where disparities are identified.

2.2.3 Temporal Data Drift and Informative Missingness

In dynamic clinical environments such as ICUs, data distributions are not stationary. This
phenomenon, known as data drift, arises from shifts in patient demographics, evolving clinical
practices, changes in diagnostic criteria, or even upgrades in monitoring infrastructure and
hospital workflows (Subbaswamy & Saria, 2020; Finlayson et al., 2021). Models trained on a
static historical dataset may perform poorly when exposed to new data from a different temporal
window or healthcare setting. For instance, a predictive model trained during a pre-pandemic era
may fail to generalize to data collected during COVID-19 due to systemic changes in care
protocols, medication usage, and disease profiles.

Compounding this problem is the issue of missing data, which is not always random in ICUs.
Traditional statistical models often assume that data are Missing Completely at Random
(MCAR) or Missing at Random (MAR), allowing standard imputation techniques to be used.
However, ICU data are frequently Missing Not at Random (MNAR). For example, a lab test may
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be absent not due to a random error but because a physician made a conscious decision not to
order it, perhaps because the patient appeared clinically stable. In such cases, the missingness
itself is an informative signal. Failing to consider this aspect can lead to biased imputation and
downstream model inaccuracies.

Recent approaches address these issues using time-aware imputation techniques and generative
modeling. Models like GRU-D (Gated Recurrent Unit with Decay) incorporate masking and
decay terms to model how long it has been since the last observation and how the absence of data
influences predictions (Che et al.. 2018). In addition, variational autoencoders and GAN-based
frameworks have been applied to learn the latent distribution of time-series data, thereby

enabling more realistic imputations and simulations.

Kalman Filters, particularly in their recursive Bayesian formulation, provide an efficient method
for imputing missing values in linear time series while accounting for measurement noise and
underlying temporal dynamics (Welch & Bishop, 2006). SAFE-ICU integrates Kalman-based
smoothing for high-resolution signals, such as heart rate and temperature, providing clinically
plausible imputations that align with physiological continuity.

The SAFE-ICU platform incorporates these time-aware imputation methods in its preprocessing
pipelines and leverages informative missingness in its feature engineering step. This ensures that
temporal gaps in ICU monitoring, far from being discarded, are used to enhance model
performance and interpretability.

2.2.4 Small Sample Size and Domain Scarcity in Pediatric ICUs

Another critical bottleneck in building robust AI models for pediatric critical care is the limited
volume of high-quality, labeled data. Compared to adult ICUs, pediatric and neonatal intensive
care units (PICUs/NICUs) manage smaller patient populations, each with highly variable
physiological baselines, age-dependent pharmacodynamics, and rapidly changing clinical
profiles. This data sparsity limits the statistical power of classical models and increases the risk
of overfitting in complex neural networks.

Traditional techniques such as data augmentation and bootstrapping are often inadequate in
these contexts. Emerging methods, such as transfer learning where knowledge from adult ICU
datasets is adapted to pediatric contexts, and synthetic data generation using time-series
Generative Adversarial Networks (GANs) or Variational Autoencoders (VAEs), are proving to be
promising. For instance, recent studies have utilized recurrent GANs to generate realistic heart
rate and respiratory rate signals, thereby enhancing the diversity of training sets while
maintaining biological plausibility.

The SAFE-ICU platform leverages transfer learning from larger datasets (e.g., MIMIC-III) while
tuning and validating models specifically on pediatric ICU data from India.
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2.3 Model-Centric Challenges

As Al in critical care moves from theory to implementation, attention must shift from "can the
model predict accurately?" to "can the model be trusted, interpreted, updated, and sustained in a
live clinical context?" While deep learning models have demonstrated superior performance on
benchmark datasets, the real-world ICU setting introduces several model-related challenges,
including opacity, fragility, drift, and generalizability.

2.3.1 Black-Box Behavior and Lack of Interpretability

Deep models, especially CNNs, RNNs, and transformers, have become standard in ICU
prediction tasks due to their ability to learn from raw, high-dimensional data. However, their
opaque decision boundaries hinder interpretability, raising a barrier to clinical acceptance.

e C(linical Risk: In high-stakes environments, such as ICUs, clinicians require transparent
reasoning. Black-box predictions without causal pathways or rationale are ethically and
operationally problematic (Rudin, 2019).

e Interpretability Tools:
o SHAP (Lundberg & Lee. 2017): Assigns feature-level contributions to individual
predictions using Shapley values from cooperative game theory.

o LIME: Perturbs input data to approximate local decision boundaries using
interpretable models (Ribeiro et al., 2016).

o Attention Maps: Used in transformer-based models and CNNs to visualize feature
importance over time or space.

While these tools provide post hoc explanations, they often lack robustness under distributional
shift and may mislead when the underlying model logic changes subtly.

2.3.2 Model Drift and Updating in Clinical Environments

Even well-performing models decay over time due to concept drift (change in the relationship
between inputs and outputs) or covariate drift (change in the distribution of input features). For
example, changes in patient demographics, treatment protocols, or monitoring devices can subtly
degrade performance (Widmer & Kubat, 1996; Gama et al., 2014).

Types of Drift:

e Gradual Drift: Slow changes in patient population or clinical guidelines.

e Sudden Drift: Shocks like COVID-19, which instantly change data distributions.
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e Recurring Drift: Seasonal variations in illness (e.g., influenza).
Drift Detection and Adaptation Techniques:

e Statistical Monitoring: ADWIN, Page-Hinkley tests, and Kolmogorov—Smirnov tests for
detecting shifts.

e Model-based Adaptation:

o Ensemble Learning: Use of multiple models trained on different temporal
windows.

o0 Online Learning: Continuously updates model weights as new data arrives.

o Meta-Learning: Learns how to adapt across different environments and datasets.

2.3.3 Fragility and Adversarial Sensitivity

Recent studies have shown that even state-of-the-art medical models are vulnerable to
adversarial perturbations, often imperceptible input changes that can dramatically alter output

predictions (Finlayson et al., 2019).

e Sensor Sensitivity: ICU sensors are prone to artifacts (e.g., loose leads, motion noise). A
model sensitive to these artifacts may produce erratic or unsafe outputs.

e Robustness Evaluation:
o Saliency Maps and Occlusion Tests assess which features dominate predictions.

o Noise-Injection Testing and Sensitivity Analysis help determine how input
fluctuations affect outcomes.

2.3.4 Overfitting and Lack of Generalization

High-capacity models often tend to overfit to the unique characteristics of the training data,
especially when trained on single-center or small datasets. This overfitting results in inflated
internal validation metrics that do not accurately reflect the model's generalizability.
Consequently, such models exhibit poor performance when applied to external datasets and carry
a significant risk of failure in real-world clinical settings.

Strategies for mitigation include:
e Data Augmentation (e.g., time-warping, window slicing).

e Regularization techniques (e.g., dropout, weight decay).
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e (Cross-institution training and testing (as done in SIgnose across SAFE-ICU, MIMIC-III,
and eICU).

e Transfer Learning and Fine-Tuning on small but local datasets.

2.3.5 Model Complexity vs. Clinical Utility

There is an inherent trade-off between model performance and clinical usability. Although
complex models may achieve higher AUCs and predictive accuracy, they often demand greater
computational resources, larger volumes of training data, and specialized infrastructure. These
requirements can hinder their practical deployment, particularly in resource-constrained clinical
settings.

Clinicians, in contrast, often prefer simpler models that offer reasonable accuracy with high
interpretability.

Table 2.1 Summary table of model-centric challenges and SAFE-ICU solutions.

Challenge

Implications

SAFE-ICU Mitigation

Lack of Interpretability

Clinician mistrust,
regulatory barriers

SHAP explanations, rule-based logic,
feature-based models

Drift and Concept Shift

Performance decay, unsafe
outputs

Drift monitoring, retraining thresholds,
ensemble models

Fragility/Adversarial Inputs

Patient safety risk, erratic
behavior

Noise filtering, SHAP variance
analysis, Kalman smoothing

Overfitting to Local Data

Failure in external settings

Multicenter validation, regularization,
transfer learning

Model-Clinical Usability
Tradeoff

Low adoption of
high-performance tools

Modular hybrid design, user-driven
model selection

2.4 Validation and Evaluation Challenges

The credibility of AI models in critical care hinges not only on their performance metrics in
retrospective datasets but also on how well they generalize, align with clinical ground truths, and
perform under real-world operational constraints. The pathway from lab-grade evaluation to live
deployment is fraught with barriers that must be methodically addressed. This section outlines
these limitations and explains how SAFE-ICU addresses them systematically.
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2.4.1 Single-Center Overfitting and Lack of External Validation

Al models in ICU research are often trained and evaluated on data from a single center,
frequently on well-curated public datasets such as MIMIC-III. While such datasets provide a
foundation, they do not capture the variability in patient demographics, sensor resolution, EHR
practices, or therapeutic regimens seen across institutions and regions (Johnson et al., 2016;
Harutyunyan et al., 2019). Consequently:

e Models may overfit to the idiosyncrasies of one dataset.

o Reported performance (e.g., AUROC, precision, recall) may not replicate in other
environments.

e Generalization failure can undermine safety and clinician trust when deployed.

2.4.2 Ambiguity in Clinical Ground Truths

Establishing ground truth in critical care is notoriously challenging, as labels for conditions such
as sepsis, shock, or hypothermia are often unreliable. These labels may be subjective, relying on
clinical notes or physician discretion; retrospectively assigned, typically based on ICD-10 codes;
or temporally misaligned, with significant delays between the actual onset of the condition and
its documentation.

For instance, a shock diagnosis may occur hours after the physiological onset, introducing label
leakage or temporal bias. Furthermore, definitions evolve, e.g., Sepsis-1 vs. Sepsis-3 (Singer et
al.. 2016), leading to inconsistencies across datasets. These factors contribute to label noise,
which degrades the performance of supervised models, while uncertainty in event timing further
distorts the reliability of lead-time-based prediction models.

2.4.3 Lack of Prospective and Real-Time Evaluation

The vast majority of Al models in healthcare are evaluated offline using test-train splits of
retrospective data, which fail to capture the complexities of real-world deployment. Such
evaluations do not simulate scenarios involving delayed or missing inputs in real-time,
human-Al interaction and override behavior, or the effects of alert fatigue and clinician
desensitization. One of the few exceptions is Sendak et al. (2020), who evaluated a real-time
sepsis predictor and found that live performance often lagged behind retrospective estimates due
to clinician distrust and environmental noise.

2.4.4 Evaluation Metrics Beyond Accuracy

Commonly reported metrics, such as AUROC, AUPRC, and Fl-score, are valuable but
insufficient for evaluating clinical utility. They fail to account for:
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e Timeliness: How early is the risk predicted before it is clinically recognized?

e Actionability: Can clinicians take any action based on the prediction?

e Outcome Influence: Does the model reduce mortality, ICU length of stay, or intervention

delay?

Emerging evaluation strategies include:

o Lead Time Evaluation: Number of hours between model flag and actual deterioration.

e Decision Curve Analysis: Weighing true positives against false positives at different

threshold levels.

e Clinical Utility Metrics: Days in ICU, adverse event rates, and rate of unnecessary

interventions.

2.4.5 Interpretability and Clinician Validation

Validation must go beyond numerical performance to include interpretability validation:

e Do the features driving predictions align with clinical intuition?

e (an clinicians anticipate or confirm model decisions based on their expertise and

experience?

Table 2.2 Summary table validation challenges and SAFE-ICU solutions

Challenge

Impact

SAFE-ICU Mitigation

Single-center

Poor generalization

Cross-institution training/validation:

overfitting SAFE-ICU, MIMIC, eICU
Ground truth Label noise, leakage Physiological thresholds, consensus-based
ambiguity annotation

Lack of real-time
validation

Alert fatigue, lower live
performance

Live dashboard deployment, clinician
feedback integration

Limited clinical utility
metrics

Disconnect between
prediction and outcomes

Lead-time tracking, decision curve analysis,
and post-alert patient monitoring

Interpretability
validation

Misalignment with clinical
heuristics

SHAP visualizations, clinician feature review
studies
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2.5 Deployment and Operationalization Challenges

The deployment of Al models in critical care extends far beyond technical performance; it
requires seamless integration with clinical workflows, adherence to regulatory compliance,
readiness of infrastructure, and sustained monitoring. Despite academic enthusiasm, the chasm
between prototype and practice remains wide. This section explores the barriers to
operationalization and the structural innovations adopted in the SAFE-ICU platform.

2.5.1 Infrastructure and EHR Integration

Most healthcare Al prototypes remain research tools, disconnected from hospital infrastructure.
Deployment requires real-time integration with EHR systems (e.g., Cerner, Epic), Laboratory
Information Systems (LIS), Picture Archiving and Communication Systems (PACS), and bedside
monitors. Standards such as HL7 and FHIR aim to facilitate interoperability, but they are not
universally adopted or consistently implemented.

Key technical and organizational challenges include:

e Lack of standardization in data schemas and timestamps.
e Hospital IT departments’ reluctance to deploy third-party tools due to cybersecurity risks.

e Difficulty in ensuring uptime and latency control for real-time use cases.

2.5.2 Resource Constraints in Low-Resource Settings

Many Al tools are developed with the assumption of access to high-performance GPUs, reliable
network connectivity, and dedicated machine learning operations (MLOps) teams. However,
these assumptions often do not hold in LMICs or even in rural hospitals within high-income
nations. In such settings, servers may lack sufficient random access memory (RAM) or
computational power, internet connectivity may be intermittent, rendering cloud-dependent
systems unreliable, and clinicians may have limited bandwidth to monitor, interpret, or manage
Al-generated alerts.

2.5.3 Post-Deployment Maintenance (MLOps)

Al models must be continuously monitored post-deployment. This includes tracking input drift,
updating model weights, logging failures, and revalidating outputs, collectively referred to as
MLOps. However, healthcare lacks the same level of DevOps maturity found in commercial
software development.

Without structured MLOps:
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e Models may silently degrade in performance due to concept drift.
e Bugs or infrastructure outages can compromise patient safety.

e Regulatory non-compliance becomes a risk as model behavior changes over time.

2.5.4 Legal and Regulatory Challenges

Al systems in healthcare are increasingly subject to regulatory oversight. In the U.S., the FDA
has released draft guidelines for "Software as a Medical Device" (SaMD), emphasizing
explainability, transparency, and lifecycle risk management throughout the device's development
and use. In the EU, the MDR framework requires CE certification for software impacting clinical
decisions.

Challenges include:

e Vague definitions of “decision support” vs. “decision making.”
o Regulatory Grey Zones for Continuously Learning Systems.

e Lack of standard reporting for model validation and updates.

2.5.5 Clinician Usability and Human-Centered Design

Even technically sound models fail if clinicians reject them due to poor UI/UX, interruptive
alerts, or lack of perceived value. Human factors such as trust, cognitive load, and decision
accountability must be integrated into system design.

Table 2.3 Summary Table for deployment barriers and SAFE-ICU innovations

Barrier Impact SAFE-ICU Innovation

Resource limits in Unsustainable computation or Edge-optimized models, on-premise
LMICs cloud dependency deployments, low-latency design

Lack of MLOps Silent degradation, audit risk Continuous monitoring, drift alerts, and
pipelines retraining support

Regulatory ambiguity Delays in approval or risk of CONSORT-AI/TRIPOD-AI alignment,

non-compliance explainability features
Clinician resistance Low adoption, override of Co-designed Ul, role-based alerts, and
predictions real-time annotation tools

2.6 Real-World Evaluation Metrics
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Even the most technically sophisticated Al models must ultimately be judged by their clinical
utility, economic value, safety, and adoption in real-world settings. Traditional metrics, such as
AUROC or Fl-score, provide only a partial picture of effectiveness. In this section, we expand
the evaluation lens to include patient outcomes, cost-effectiveness, human factors, and regulatory
readiness, key aspects for translating Al into sustainable clinical tools.

2.6.1 Clinical Effectiveness and Patient Outcomes

Most ICU-focused Al literature reports internal validation metrics, such as accuracy, AUROC,
precision-recall, or calibration. However, these metrics are insufficient to assess the real clinical
benefit, especially in high-stakes domains such as intensive care. What truly matters is:

e Lead time: How far in advance can a condition like shock or sepsis be predicted?
e Intervention impact: Did the model enable earlier or better intervention?

e Patient-level outcomes: Did it reduce ICU length of stay, mortality, or readmission?

Studies such as Topol (2019) and Sendak et al. (2020) advocate for the inclusion of clinically
meaningful endpoints in evaluations.

2.6.2 Economic Evaluation and Cost-Benefit Analysis

Despite Al’s potential to reduce costs through early interventions and efficient resource use, very
few studies offer robust economic evaluations. Methods such as:

e Cost-utility analysis (using QALY's or DALY3S),
e Decision curve analysis,

e Budget impact models

2.6.3 Safety and Risk Management

Al deployment in healthcare must proactively account for potential failure modes, such as false
positives that contribute to alarm fatigue or false negatives that may delay critical interventions.
Risk assessment should be conducted along multiple axes, including error propagation;
particularly in modular systems where one component's mistake can cascade through the
pipeline; clinical override behavior, which reflects how frequently clinicians reject or ignore Al
alerts; and the broader legal and ethical consequences of relying on automated decision support
in high-stakes environments.

2.6.4 Capacity, Training, and Organizational Readiness
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The success of an Al deployment is tied to organizational capacity: are clinicians trained to use
the tool? Is there support staff for maintenance? Are workflows adapted to act on Al insights?

Studies show that failure to address sociotechnical readiness often leads to non-adoption or even
adverse events, despite the presence of technically valid models (Greenhalgh et al., 2017; Vayena
etal., 2018).

2.6.5 Regulatory Evaluation Readiness

Institutions and developers must document models using standardized reporting frameworks
such as:

e Consolidated Standards of Reporting Trials in Artificial Intelligence (CONSORT-AI) for
clinical trials involving Al

e Transparent Reporting of a multivariable prediction model for Individual Prognosis or
Diagnosis in Artificial Intelligence (TRIPOD-AI) for predictive model development and

validation

Table 2.4 Summary table of real-world evaluation dimensions

Evaluation Dimension

Traditional Metric

Real-World Metric

SAFE-ICU Feature

Clinical Performance

AUROC, F1-score

Lead time, reduced
mortality, ICU-free
days

Predictive horizons,
alert-to-action tracking

Economic Value N/A Cost reduction, Modular deployment, log
QALYs, resource collection
utilization

Safety Precision/Recall Harm risk, override Override logging,
rates, alert fatigue SHAP-based

interpretability

Capacity & Training Not addressed Training completion, Interactive training suite,
alert adherence clinician co-design

Regulatory Preparedness | Informal CONSORT-A], Structured model

documentation SPIRIT-AI IRB documentation, ethical

readiness audits
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2.7 Research Gaps and Thesis Contributions

The rapid proliferation of Al tools in healthcare has led to a wide array of predictive, diagnostic,
and surveillance models. However, a closer examination of the existing literature and deployed
technologies reveals critical gaps that limit the translational impact of these systems in ICUs,
particularly in pediatric settings. This section synthesizes the key limitations across the reviewed
domains and positions the SAFE-ICU platform as a response to those gaps.

2.7.1 Identified Research Gaps

1.

Lack of Generalizable Models

Most Al systems in ICU settings are trained on single-center data, which limits their
transferability. Differences in patient demographics, clinical practices, and data capture
protocols across hospitals exacerbate this.

Siloed, Single-Task Models
Existing systems are typically focused on narrow problems (e.g., predicting sepsis or
identifying DDIs) and lack interoperability across tasks.

Limited Multimodal Integration
Few Al systems leverage the full spectrum of ICU data, structured vitals, unstructured
notes, imaging, and microbiology reports, despite their combined diagnostic power.

Poor Interpretability of Deep Models
Clinician trust is hindered by black-box predictions with little explanation, especially in
deep learning frameworks used for time-series or image-based prediction.

Inadequate Real-Time Usability
Most systems are retrospective and not embedded into live workflows, making them
impractical for daily clinical decision support.

Underuse of LLMs for Structured and Multimodal ICU Data
While NLP has been transformative in processing unstructured data, large language
models (LLMs) remain underexplored for structured time-series encoding.

Sparse Evaluation of Economic Impact
The cost-effectiveness, resource utilization, and economic feasibility of Al tools are
rarely addressed, particularly in low-resource settings.

2.7.2 SAFE-ICU: Contributions and Solutions

This thesis contributes to the advancement of trustworthy, clinically relevant Al by developing
the SAFE-ICU platform, a modular, open-source, and real-time deployable solution designed for
bedside integration in Pediatric ICUs. It emphasizes translational impact, bridging the gap
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between research prototypes and real-world clinical utility. By ensuring accessibility and
availability in low-resource settings, incorporating explainability mechanisms such as SHAP and
rule-based alerts, and validating across diverse datasets, the platform promotes both
generalizability and clinician trust. The system is designed with a plug-and-play architecture that
enables modular deployment, allowing hospitals to select and customize components according
to their specific needs. Moreover, by integrating multimodal data streams (vitals, prescriptions,
microbiology) and aligning predictions with clinical workflows, SAFE-ICU
demonstrates a significant step toward scalable and sustainable Al-driven critical care. Specific
innovations and translational contributions are summarized below:

imaging,

Table 2.5 Addressing Existing Research Gaps Through SAFE-ICU

Research Gap SAFE-ICU Solution

Generalization across Multi-institutional training and validation on MIMIC-III, eICU, and

institutions

SAFE-ICU; cross-dataset AUC and lead-time analysis

Task interoperability

Modular design integrating ThermoGnose (hypothermia), SIgnose (shock
index), Contralndicator (drug safety), and AMR surveillance

Multimodal data fusion

Integration of time-series vitals, typed prescriptions, thermal imaging, and
microbiology AST reports

Interpretability

SHAP-based attribution in ThermoGnose and Slgnose; alerts of DDI in
Contralndicator; interpretable dashboards

Real-time deployment

Lightweight RESTful APIs for real-time prediction; clinician-facing
interfaces with live updates and feedback logging

Structured data modeling
with LLMs

Prompt-based LLaMA embeddings used to encode vitals and predict
shock, benchmarked against traditional ML and deep learning models

Economic and resource
feasibility

Supports local edge deployment without cloud dependence; module-wise
activation to minimize hardware and staffing burdens
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Chapter- 3

Construction of the SAFE-ICU Data Lake and Data Warehouse:
Multimodal Integration and Preprocessing

3.1 Introduction

A robust, comprehensive, and interoperable data foundation is essential for building effective
clinical Al systems. The SAFE-ICU platform relies on an integrated multimodal data lake
curated from real-world ICU environments, with a particular focus on pediatric critical care in
resource-constrained settings. This chapter presents the systematic construction of the
SAFE-ICU data lake, detailing the acquisition, integration, preprocessing, and quality assurance
workflows that underpin all subsequent predictive and decision-support modules.

The objective was to create a unified representation of ICU patients by harmonizing structured
data (e.g., vital signs, labs, prescriptions) and unstructured content (e.g., clinical notes, thermal
imaging) into a machine-readable format. The resulting data infrastructure supports a diverse
array of downstream tasks, including hemodynamic shock prediction, drug interaction analysis,
AMR surveillance, and live ICU monitoring.

3.2 Data Sources and Modalities

The SAFE-ICU data lake aggregates data from multiple clinical subsystems within the ICU
(Figure 3.1), each contributing a different aspect of the patient's clinical trajectory:

[.  Vitals and Monitoring Data: Collected continuously from bedside monitors, including
heart rate, respiratory rate, temperature, SpO:, and blood pressure. Sampling frequencies
range from 1 Hz to 0.1 Hz, depending on the parameter and monitoring equipment.

II.  Laboratory Results: Periodically recorded hematological and biochemical parameters,
including white blood cell count, creatinine, lactate, C-reactive protein (CRP),
hemoglobin, and others relevant for sepsis and organ dysfunction diagnosis.

III.  Prescription and Medication Data: Extracted from the treatment chart and digital
prescription systems. Includes drug name, dosage, frequency, route of administration, and
timing information. These are processed via NLP for NER, summarization, and
contextual encoding.
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IV.  Thermal Imaging Videos: Non-contact thermal recordings acquired using FLIR-based
devices placed near ICU beds. These videos are primarily used in the ThermalShockNet
module for predicting shock risk.

V. Microbiology Reports: Structured outputs of AST, including organism identified,
sample type, drug tested, and resistance phenotype.

B CLINICAL DATA
SOURCES

Treatment J\f @ AMR Thermal

Charts Vital Signs Lab Reports Records Videos
Ro DATA INTEGRATION
\/ [5
\/
Structured Unstructured
Data Data

A\ /2
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%R,

Feature Time
Engineering Synchronization

l
=

Integrated
ICU Dataset

Figure 3.1 Data Sources and Modalities in the SAFE-ICU Data Lake.

3.3 Data Ingestion and Storage Architecture

The SAFE-ICU data lake is built to robustly ingest, normalize, and store heterogeneous data
modalities originating from disparate ICU information systems. To accommodate the real-world
structure and semantics of clinical data, each modality undergoes a customized ingestion pipeline
that ensures fidelity, temporal alignment, and semantic harmonization. Below is a breakdown of
each data stream and its associated ingestion pipeline.
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3.3.1. Vitals and Monitoring Data

In the SAFE-ICU system, physiological vitals such as HR, RR, SpO:, systolic/diastolic blood
pressure (NIBP), and temperature (T1, T2) are continuously monitored and streamed from ICU
bedside devices. These monitors are integrated through a Central Monitoring System (CMS) that
acts as the intermediate data collection layer within the ICU’s network infrastructure.

Step 1: Data Transfer from Monitors to CMS (Local Intranet)

Each ICU bed is equipped with a high-frequency patient monitor that continuously captures and
streams vitals. The monitors are connected over a local area network (LAN) to a centralized
CMS server that collects and displays this information in real time for clinicians.

Step 2: Pulling Vitals from CMS using the SAFE-ICU Client-Server Pipeline

To access and organize this data for modeling, a custom client-server pipeline was developed:
e The client periodically pulls both unsolicited at 15s and solicited files from the CMS
Daily Binary Dump from CMS

e Fach day, the CMS logs unsolicited HL7-encoded messages into a flat binary file that
aggregates readings from all ICU beds.

Raw Format: vitals data appears as high-frequency time-stamped rows where each row
corresponds to a measurement from sensors (e.g., heart rate, respiratory rate, temperature, blood
pressure).
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Raw Format Illustration
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Figure 3.2 Raw Format Illustration of ICU Vital Signs Data.

e e e W e
—— = TR A AN SN AANAT

|
Il
[l
I
I
I
I
I
I
I
1
7|

3.3.1.1 Vitals Data Preprocessing: Unsolicited CMS Data Stream

To transform the unsolicited bedside monitor data into a usable form, a custom R-based
preprocessing pipeline was developed to extract vital signs from unstructured HL7-like logs
generated by the CMS. These raw data streams, received in 15-second intervals across all ICU
beds, are parsed to identify key metadata, including patient identifiers, timestamps, and vital sign
measurements (e.g., heart rate, respiratory rate, SpO:, temperature, and blood pressure). The
script applies a series of regex-based filters to isolate relevant OBX segments, dynamically
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generates structured data frames for each patient, and removes artifacts, missing values, or
formatting inconsistencies. The final output is a cleaned, timestamp-aligned “.csv” file per
patient, ready for integration into the SAFE-ICU data lake, where it can be used for modeling,
visualization, or real-time monitoring tasks.

Cleaned Vital Illustration
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Figure 3.3 Cleaned and Structured Vitals Format from SAFE-ICU Pipeline.

3.3.2. Laboratory Test Results

Laboratory test results are ingested from the hospital's Laboratory Information System (LIS),
typically available in structured formats such as HL7 messages. Each record includes patient
identifiers, test names (e.g., creatinine, lactate, CRP), values, units, and reference ranges, along
with the date and time of sample collection. During preprocessing, test names are standardized
by mapping them to codes to ensure consistency across sites and over time. The pipeline aligns
lab timestamps with other patient data streams to maintain temporal coherence, applies
domain-specific outlier detection rules, and imputes missing values where clinically appropriate
using test-wise interpolation strategies. The cleaned data are stored in a relational database
indexed by patient ID and test category, making it readily accessible for modeling and
longitudinal trend analysis in the SAFE-ICU data lake.
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Figure 3.4 Raw Format Example of Laboratory Test
3.3.3. Prescription and Medication Data

Prescription and medication data in the SAFE-ICU pipeline are sourced from daily nursing
treatment charts, which are maintained by attending doctors in Microsoft Word documents.
These documents typically include semi-structured, shorthand notations such as “Rx: Inj. PCM
170mg IV BD x 5 days,” often lacking standardized formatting.

To ensure consistent data capture, a scheduled Python-based backup script extracts and stores
updated treatment charts for each patient at specific time of the day. These Word files are then
parsed using the “Docx-2-txt” module to convert unstructured content into plain text, making it
amenable to natural language processing. Subsequent preprocessing includes sentence
segmentation, tokenization, and NER using ClinicalBERT to identify drug names, dosages,
administration routes, and frequencies.
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Name:J: ’ Age: 5years I Sex: Female l‘BedL | l UHID: [
DIAGNOSIS: Acute Meningoencephalitis with raised ICP JADEM
Consuiants: L ]7: JR.: ,7 I
= (| —
Weight 17 kg
TFR 80 %
TPV 1080 ml
IVF 550 ml
IVM 530 ml
Glucose 27.5gm
GIR 1.12 mg/kg/min
Feeds NPO
K 1.94 meq/kg/day
Na 5.0 meqg/kg/day
Feeds: NPO
lonotropes:

.STOP Inj Nor- Adrenaline

IVF: Inj IVF DHS (3 ml KG: 100 ml IVF) @ 23 ml per hour (552 ml)

Antimicrobials(230 ml):
1. Inj. Acyclovir 340 mg in 25 ml 5 % De over 3 hour Q 8 hrly (20mg/kg/day) (75 ml) (D7)
2. Inj Meropenem 700 mg in 15 ml NS for 1 hour & hourly (45 ml) (D7)
3. Inj Vancomycin 350 mg in 50 ml 5% De over 1 hour 6 hourly (80 ml) (D7)
4. Inj Azithromycin 170 mg in 50 ml NS IV over 60 min q 24 hrly ( D4) (50ml)
Miscellaneous: (280 ml)
Stop Inj Midazolam
Stop Inj Fentanyl
Inj Phenytoin 85 mg in 20 ml NS over 60 min q 12 hourly (6 8mg/kg/day) (40 ml)
Inj Valproate 170 mg in 20 ml NS over 60 min g 12 hourly (6 20mg/kg/day) (40 ml)
STOP Inj 3% NacCl
Inj PCM 170 mg IV 6 hourly

S BN

hour and then rest at 40ml/ hour (200 ml)

Nursing and suppartive care:

Input output monitoring g2h

Temperature monitoring q2h

R&S monitoring q 6 hourly

Clustering of procedures, Asepsis to be maintained

Eye care, moisel e/d 2 q 2 hrly, lacrigel ointment apply locally q 12 hrly

BN e

Figure 3.5 Raw Format Example of Prescription and Medication Data.

This enriched and structured prescription data are then aligned with patient timelines and made
available for further summarization, drug interaction checking, and integration into downstream

predictive modeling modules within the SAFE-ICU ecosystem.

IVIG 5% total 200 ml at 20ml IV over 30 mins followed by 20 ml IV over 30 mins next 30 ml in 1
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Name Age Sex Bed UHID Date Diagnosis Treatment Chart | Drugs

3 years Female Systemic onset sJIA / MAS - itol / Mi ! yl/
8 monthsFemale Down syndrome / LRTI / VSD / severe PAH / = Vancomycin
pneumonia
6 years Female i i TB/ ia / shock - Mannitol / Linezolid / Omeprazole / Imipenem
11 years Male Acute febrile / under i = Vancomycin / Doxycycline / Midazolam / Fentanyl
15 days Male Term / AGA / HE | / MODS / shock / sepsis - None
6 monthsMale VSD / CCF / pneumonia - ine / ine / P!

Figure 3.6 Structured Output of Prescription Data After NLP Processing.

3.3.4. Thermal Imaging Videos

Thermal imaging in the SAFE-ICU data pipeline serves as a non-contact modality for capturing
surface temperature distributions, facilitating clinical inference, particularly in the prediction of
shock risk. Videos were acquired using the Seek Thermal Compact (UW-AAA) camera, which
features a thermal sensor resolution of 206x156 pixels and supports output resolutions of up to
480x640 pixels at 15 frames per second (fps). The camera operated in the “Iron Theme” mode to
enhance thermal contrast. It was mounted at standardized distances depending on bed size: a
median (IQR) of 2.08 +£0.15 meters for long beds and 1.52 +0.26 meters for small beds. The
ICU environment was maintained at a thermally stable 25°C, and calibration was routinely
performed to ensure that the camera’s readings matched those of external probes and
thermometers, thereby ensuring clinical-grade accuracy.
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Figure 3.7 Thermal Video Frame Captured for ICU Patient Monitoring.

To ensure patient privacy and consistency, a standard operating procedure (SOP) was developed
and strictly followed. The thermal camera only captures infrared radiation and cannot reveal
facial or identifying features, thereby maintaining anonymity. Before video acquisition, all
personnel followed ICU hygiene protocols, including donning appropriate protective gear. The
camera, mounted on a wall-mounted hanger holding a smartphone interface, was positioned in
the presence of nursing staff to avoid patient disturbance. Each video captured the whole body of
the patient in a supine position using a consistent color scale. Metadata such as patient UHID,
bed number, date, and time were logged in Excel sheets and utilized for structured storage.

Thermal videos were recorded multiple times per patient on different ICU days and under
various conditions. This longitudinal, heterogeneous capture strategy ensured that variation in
shock status over time could be analyzed without introducing biases related to fixed patient
attributes, such as age or sex. Following capture, all video files were securely transferred to a
centralized server daily and stored in patient-specific folders for downstream analysis. These
videos are later processed and utilized in the ThermalShockNet module for clinical modeling and
multimodal prediction in SAFE-ICU.

3.3.5. Microbiology Reports

Microbiology and AST data in the SAFE-ICU system are acquired in a structured tabular format
from the hospital's LIS or microbiology lab exports. These datasets include key clinical variables
such as Organism Name, Sample Type (e.g., blood, urine, tracheal aspirate), Antibiotic Tested,
Sensitivity Result (e.g., Sensitive, Intermediate, Resistant), and Test Date. To ensure consistency
and usability across datasets, a reference dictionary of organism names and antimicrobial
compounds is maintained and updated on a monthly basis. This dictionary is used to map all
entries to their standardized forms, supporting robust downstream analysis and temporal
comparisons.
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Figure 3.8 Raw Format of Microbiology Reports from the ICU Laboratory System.

The complete data are stored across two files: patients.csv, which includes metadata such as
patient ID, demographics, and hospitalization details; and test.csv, which holds the complete
AST test records for each isolate. These two files are linked using patient identifiers and
timestamped test events, enabling the construction of longitudinal antibiograms and resistance
trend analyses. This modular structure allows real-time visualization and supports
decision-making tools in SAFE-ICU’s AMRTrack module, enhancing infection control and
empirical therapy planning.
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Table 3.1 Summary Table of Multimodal Clinical Data

Vital Signals

Duration 2016-2024
Unique Patients 1,174
Median Patient Hours 23.99
Laboratory Test Results

Duration 2015-2024
Unique Patients 212,301
Total Samples 1099
Prescription and Medication Data

Duration 2016-2024
Unique Patients 1416

Total Samples 13375
Thermal Imaging Videos

Duration 2019-2020
Unique Patients 466

Total Samples 120
Microbiology Reports

Duration 2015-2025
Unique Patients 1157

Total Samples 545
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Chapter- 4

Predictive Modeling in Intensive Care

4.1 Early prediction of hypothermia in pediatric intensive care units using
machine learning

4.1.1 Introduction

Hypothermia is a major complication associated with sepsis in the ICUs and is especially in
children (Rumbus et al., 2017). Hypothermia is a situation when the human body temperature is
below 35°C (95°F) (Eears. 2011). It arises when the human body loses more heat compared to
what it produces, thus leading to a drop in the core body temperature. There may be some
warning signs such as Shivering, Confusion, and Slurred speech, whereas, in the worst scenario,
this may eventually lead to organ failure and may also cause death. In resource-limited
situations, hypothermia is increasingly identified as a major cause of newborn illness and
mortality (Ibrahim et al., 2021). Also, children are more vulnerable to hypothermia than adults
because children have a larger body surface area in proportion to their bodily weight, allowing
them to lose heat more quickly (Singer, 2021).

The pathophysiology of Hypothermia involves cold diuresis, which can result in loss of fluid,
culminating in the risk of hypovolemia (Brown et al.. 2012). The treatment for this circulatory
malfunction involves medication with vasopressors. Repeated and prolonged usage of these
medications may result in worsened outcomes (Martin et al., 2015; Vincent et al., 2018). A

regulated rewarming is recommended in hypothermia; however, a quick rewarming can result in
a shift in electrolyte balance of the body, resulting in arrhythmias and cardiac arrest (Dietrichs et
al., 2020), Therefore, a decision support system for an early assessment is required for regulating
the rewarming cycles.

In critically ill patients, the temperature is not only an important clinical indication of illness
severity but is also an independent predictor of morbidity and mortality. Hypothermia may be a
significant and modifiable factor linked to a higher risk of death in critically ill individuals. Close
monitoring and regulation of body temperature to minimize extremes are especially vital in
severely ill patients (Faulds and Meekings, 2013). Also, preventive measures must be taken to

avoid the grueling consequences of hypothermia (Paal et al., 2018). A poor prognosis can
increase the risk of Hypothermia occurrence and associated complications. Thus, to avoid
delayed identification, Hypothermia monitoring needs to be advanced with the use of artificial
intelligence. Al is already transforming medicine, where algorithms have been surpassing the
clinical accuracy of disease prediction in the ICU (Bohr and Memarzadeh, 2020). However, none
of the studies, to our knowledge, have developed Hypothermia prediction models despite the
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higher association of mortality with hypothermia (Fatteh et al.. 2021). Early detection using
predictive modeling of hypothermia can save lives.

Artificial intelligence algorithms, such as machine learning, can automatically rebuild
associations between variables and response values from big data and enhance the interpretation
of conventional techniques, such as support vector machines, random forest algorithms, and
regression techniques in pinpointing crucial predictors (Jiang et al., 2017).

The abundance of continuous monitor data is complemented by applicable data from the EHR or
the increasingly widespread wireless wearable devices that assess physiologic signals (Rush et
al.. 2019). The analytic tools of machine learning can both help the workflow of reading vital

signs and provide insights into data patterns and complexities beyond the perceptual capacity of
the average human clinical observer (Chen and Asch, 2017; Obermeyer and Lee, 2017). In
data-rich situations, ML algorithms excel at analysing complicated signals (Krumholz, 2014;
Tomasev et al., 2019).

Disease categorization and prediction models can be improved using machine learning
techniques. These methods might be beneficial in the clinic for automatically identifying
individuals with extremely morbid illnesses who could benefit from intensive risk factor
treatment (Ross et al.. 2016). In earlier research, machine learning and statistical modeling

techniques were used to address the issues related to sepsis detection and care management
(Henry et al., 2015). Several researchers employed machine learning algorithms to identify those
who were most likely to die from sepsis (Gultepe et al., 2014; Al-Ansari et al., 2025; Taylor et
al., 2016).

This research developed a real-time hypothermia prediction model using physiological vitals
time-series data and ML techniques. We defined the onset of hypothermia as a time point when
the core body temperature is < 35 °C. We tested a battery of machine learning models and
selected the best one for the prospective validation in our pediatric ICU. Timely prediction and
intervention are essential to prevent severe complications and improve patient outcomes. This
chapter delves into the application of machine learning models for predicting hypothermia, with
a focus on pediatric ICU settings.

"Clinical Use-Case:

ThermoGnose is designed as an early warning support tool for bedside clinicians in
the pediatric ICU. The model operates in a continuous monitoring context to identify
patients at risk of developing hypothermia within the next 30 minutes to 4 hours,
enabling timely preventive interventions such as thermal support optimization or
closer temperature surveillance. The output is intended to augment clinical judgment
rather than trigger automated clinical actions."
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4.1.2 Methods
4.1.2.1 Study data and pre-processing

The ICU data stated in this investigation work were gathered from the Paediatric ICU at AIIMS.
The patient’s non-public information was not required amid information warehousing,
additionally, there was no modification that drained the patient’s care, Consequently, the Ethics
committee of the medical institute allowed assent for this investigation (IEC/NP-211/08.05.2015)
(Sethi et al.. 2017). No data was discarded during this process as the data was not segregated.
The pediatric ICU consists of eight beds, including infant beds. Phenotype deeply, capture
reliably, enable decisions, and use a systematic approach are the four principles that constitute
the Sepsis Advanced Forecasting Engine for the ICU’s system. The SafelCU data warehoused
between the months of January 2019 to January 2020 contained 193 ICU stays (884 days) from a
total of 148 patients. Additionally, the ICU data collected from the month of February 2020 to
November 2020 were used for prospective validation.

4.1.2.1.1 Physiological vitals records

Health Level 7 Standards-based querying of the multi-parameter CMS MindrayTM monitors was
extracted using in-house software. Physiological vitals data, i.e., RR, Sys-bp, Dia-bp, HR, SpO.,
and temperature records, were used. T1 and T2 temperature probes were used for the abdomen
and foot, respectively. The HL7 format data obtained from the monitoring station was stored on
the server. The data were parsed into analyzable tabular forms and pre-processed for analysis and
model building. Notification messages generated by Pushbullet™ and RPushbullet have been
dispatched to the Android phones in case of data loss, i.e., on the off chance that there’s any
interference in the data streaming.

4.1.2.1.2 Treatment-charts

The in-house doctors maintain a proper note of the treatments in a Word document. The backup
of these files was planned at a few settled hours each day. The parsing of text files was done
using the Docx-2-txt Python module, and then it was converted into a tabular form to make it
easier to use for text mining.

4.1.2.2 Imputation

Pre-processed Safe-ICU stay data were imputed using Kalman Smoothing utilizing the structural
time-series (StructTS) model using the imputeTS package in R (Moritz and Bartz-Beielstein,
2017).
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4.1.2.3 Data Preprocessing and cohort-generation
4.1.2.3.1 Cohort construction

The cohort was constructed using the SafelCU data with a case-crossover design (Navidi, 1998),
whereas multiple instances were taken from each subject at 30 min to 4 hours ahead of the onset.
All patients with continuous vitals monitoring for greater than 4.2 hours of their stay in the ICU
were included for cohort construction. The exclusion criteria included the following. 1) Patients
with <4.2 hours of ICU stay, 2) patients with non-availability of temperature monitoring within
the observation window, or 3) patients with non-availability of age and gender, 4) patients
already in hypothermia within the first 4 hours of admission based upon temperature recordings
5) patients with missing data in >10% of the observation period.

4.1.2.3.2 Data pre-processing and scoring

Temperature (T1), Sys-bp, SpO:, RR, and HR were utilized as the physiological predictors.
Minimal pre-processing of the vitals data was done. Data imputed using the Kalman filter was
used for further modeling on the patients eligible for the development cohort. Each timestamp of
the vitals time series at a 15-s resolution was evaluated, and binary labels for hypothermia
(yes/no) were assigned to 30-min time epochs. The onset time of hypothermia was taken as the
start time of an epoch when the median binary label of T1 value was less than 35 (Musi et al.

2021) (Figure 4.1). Observational windows of length 256 min were taken 30 min to 4 h ahead of
the onset time.
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Figure 4.1 Physiological variables for prediction of Hypothermia in pediatric-ICU

Non-linear time series feature extraction and selection. A set of 3,939 TS features time-series
features (TS features) consisting of linear and nonlinear physiological features, say
Wavelet-transform coefficients, discriminative power, Fourier-transform coefficients, statistics,
and other complex features, had been extracted utilizing the “tsfresh” Python package (Christ et
al., 2018). Further, the Boruta feature selection algorithm was utilized to carry out the variable
selection. Boruta uses a top-down approach to find important characteristics, comparing the
value of original attributes to the importance achievable at random, calculating using their
permuted duplicates, and gradually removing unnecessary information. TS features are
explainable and also capture physiological domain understanding, as opposed to black-box
features utilizing deep learning. Variable selection was performed using the Boruta algorithm
with OOB, which was optimized using grid search for their n-features and n-tree combination,
carried out in R.

4.1.2.4 Model Development and Evaluation

The development cohort consisted of patients who developed Hypothermia within the
subsequent 4 hours of the index time. The outcome variable is Hypothermia status within the
subsequent 4 hours as described by Hypothermia Binary labels. Five-fold cross-validation sets
were built, and hyperparameter tuning was performed to attain the best performance on the
validation set utilizing grid search. We have named our pipeline as ThermoGnose and have

49



incorporated it in the figure and text (Figure 4.2). To overcome the problem of class imbalance,
we undersampled the majority class for training the models (Bach et al.. 2019). The AUROC,
Precision, and Recall were assessed in the test set. A comparison of model performance was
used as an indicator for different lead times. Normalization of TS features was done by the
z-score computation. Random-Forest (Breiman, 2001), Adaboost (Hastie et al., 2009), Gradient
boosting machine (GBM) (Chen and Guestrin, 2016), and the SVM (Noble, 2006).

SAFE ICU DATABASE)

Temperature(T1), Systolic
Arterial Blood-Pressure,
Oxygen Saturation, Respiratory

Rate, and heart rate

5]
o0 = Inclusion and Exclusion
E 1S Criteria for Cohort
- 5 construction
8=
° =
2 —
s 8
-
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=
R} O f;;\
i~
)
[=]>1
Labels Pre-processing
and Scoring
~—

Five-fold cross | validation sets-patients wise

~

3

Feature Selection
:Boruta Algorithm

>
Selected Features training data Normalization

]

_I-

S

Training 60% validatipn 20%

Testing20%

T

T T I T
Xgboost Adaboost _Random Forest SVM

T A

Non-linear times series
(NLTS) feature

extraction :
Tsfresh

Model Selection Rationale:

Tree-based ensemble models and support vector machines were selected for
ThermoGnose due to their ability to effectively handle high-dimensional, non-linear
time-series features extracted using tsfresh. These models offer robustness to
multicollinearity, interpretability through feature importance analysis, and strong
performance in settings with limited sample sizes. Deep learning architectures were
not prioritized for this task, as the primary objective was to leverage explainable
physiological features rather than black-box representations.

Temporal Integrity of Evaluation:

of
’L F1 threshold on validation set ]

Model Evaluation :-AUROC, Precision,
and Recall

Figure 4.2 Overview of ThermoGnose pipeline

All prediction windows were constructed using a lead-time-based design, with
observations strictly preceding hypothermia onset. Patient-level partitioning ensured no
overlap between training, validation, and test data, and random splitting across time was
not used, thereby preventing look-ahead bias.
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4.1.2.5 Shapley additive exPlanations value analysis for model interpretability

SHAP is a method that assigns significant weight to each feature using game-theory principles
(Lundberg and Lee, 2017). The SHAP values are utilized to describe how features affect the
model prediction. Each feature's SHAP value allocation for all test sets was determined. On the
test sets, the top 20 essential features and their relationship with SHAP values are plotted.

4.1.3 Results
4.1.3.1 Data Characteristics

The cohort consisted of 193 ICU stays with 2723 multiple episodes of hypothermia. Although
Pneumonia (24.2%), Shock (23.4%), and Sepsis (19.7%) were the most frequent diagnoses in our
cohort, there was a diverse representation of other diagnoses such as Congestive Heart Failure,
Tuberculosis, Liver Failure, etc. Further, the relatively high prevalence (28%) of Hypothermia in
this cohort reflects the necessity of early preventive measures in the pediatric ICU. The
temperature, RR, and SpO: were found to be significantly different 1 hour before the onset of
Hypothermic and non-hypothermic events (Table 4.1). It is evident that the median temperature
of the hypothermic subject was 1.17 °C lower than the non-hypothermic subject 1 hour before its
onset, p-value = 0.0001, while the respiratory rate was lower in the hypothermia by 1.62 bps,
p-value 0.0005. Further, we note that the length of stay (LOS) is associated with the length of
stay in hypothermia. A 10-minute increase in Hypothermia duration can increase the LOS by 68
minutes (0.0038) on a wide range of patients with comorbidities. This conclusion from our
observational design of ThermoGnose will form the basis of an interventional design to directly

assess the impact of the model on clinical decision-making and hard outcomes such as mortality
and LOS.

Table 4.1 Characteristics of Safel CU-cohort observational window captured (30min-4 hours) earlier than
Hypothermia. Unless otherwise stated, all values are mean (SD), *significance level at p-value >= 0.01, W
represents Wilcoxon rank-sum test (non-parametric), which is utilized once the normality assumption has been
tested. The Chi-squared test of proportions is denoted by the letter C in the table.

Variable Hypothermia Non-Hypothermia |P-Value
Mean(sd) Mean(sd) (Significance, p-value<0.01)
Age (months) 50.63 (52.12) 40.67 (51.15) 1.75x107"% (W)
Arterial-Diastolic BP (DBP), mm |86.8 (6.67) 87.2 (6.43) 0.0592 (W)
Hg
Heart rate, per minute 129.69 (8.55) 129.84 (8.15) 0.9836 (W)
Respiratory rate, per minute 31.45 (5.35) 33.07 (5.5) 0.0005*(W)
Oxygen Saturation 93.37(3.1) 92.71 (3.31) 0.01269 (W)
Temperature 36.36 (0.51) 37.53 (0.8) 0.0001*(W)
Gender (F%) 43.6% 32.2% 0.0018*(C)
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Figure 4.3 Length of stay is associated with the length of stay with hypothermia
4.1.3.2 Model performance on Time-series features

A total of 726 time-series features were found to be statistically noteworthy for variable
significance z-scores in the Boruta feature selection analysis for 30 min to 4 hours different lead
times. Out of the Gradient boosting classifier, Adaboost, Random Forest, and support vector
machine (SVM) models trained upon these TS-features, the Gradient boosting classifier
performed best (Figure 4.4 A, B) with an AUROC of 85% (SD = 1.6) and a precision of 59.2%
(SD = 8.8) for a 30-min lead time before the onset of hypothermia (Figure 4.4 D. E). The
Average AUROC of 74.28 (SD = 2.26) and AUPRC 0f 47.56% (SD = 4.4) were achieved for (30
min to 4 hours) ahead of prediction, with 79.88% (SD = 9.62) of all hypothermia events
identified 4 h ahead of their onset. As expected, the model showed a decline in model
performance at higher lead times, such as AUROC of 77.2% (SD = 2.3) and precision of 41.34%
(SD = 4.8) for 4 h ahead of Hypothermia onset. The findings of all proposed models for
predicting hypothermia/non-hypothermia based on physiological factors are presented in Table
4.1. The best model performance indicator (Figure 4.4 C) with an AUROC of 84.2% (SD =
2.1%) is in the age group of “0-5" years. Whereas it slightly decreased in the age group “10-15”
years and “5-10” years with an AUROC of 82.3% (SD = 2.9%) and 77.2% (SD = 5.8%),
respectively.
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Table 4.2 Shows the results of the proposed models for predicting hypothermia/non-hypothermia based on
physiological variables. The Time Pt. column shows the hours that passed after the observation was taken and the
findings were recorded. Models used are XGboost, RF - Random Forest, Adaboost, and SVM - Support Vector
Machine. Metrics used for the prediction are as follows: H/NH - Number of Hypothermia/Non-Hypothermia
sequences present, AUPRC - Area Under Precision-Recall Curve, PPV - Positive predictive value, AUROC - Area
Under Receiver Operating Characteristics, D - Detection, NPV - Negative predictive value, and P - Prediction

Time Pt. | AUPRC | AUROC |Accuracy | Sensitivity | Specificity | PPV NPV | F1 Threshold | Model
Mean (SE) Mean
30min(p) | 68.8(6.6) | 85(1.6) [ 78.7(4.7) [ 70.7(9.7) | 81.5(9.1) |59.2(8.8)|88.9(2.6) 0.6 XGboost
lhr (P) | 49.3(4.1) | 79.7(1.9) | 66.6(5.6) | 82.5(10.3) | 61.3(10.2) | 41.4(3.9) | 92(2.8) 0.42 XGboost
2hr (P) | 38.8(5.9) | 75.6(4) | 58.4(9.8) | 90.2(8.5) | 49.7(14.3) | 34.2(6.9) | 95.3(2.5) 0.38 XGboost
3hr (P) 44(2) 72.1(1.5) | 65.7(3.3) | 67.1(8.5) | 65.2(7.3) [40.3(2.7)[85.3(2.1) 0.51 XGboost
4hr (P) | 36.9(3.6) | 73.7(2.3) | 55(4.7) | 88.9(11.1) | 45.4(8.8) |31.6(1.9)|94.4(4.5) 0.33 XGboost
30min(p) | 66.7(6.4) | 84.5(1.4) [ 51.9(2.3) | 46.5(4.7) | 53.8(4.6) | 26.6(3) |73.7(2.9) 0.53 RF
lhr (P) | 51.8(3.6) | 80.6(2) |69.2(5.2) | 80.6(10.4) | 65.1(9.9) |43.3(2.9)|91.8(2.9) 0.46 RF
2br (P) | 38.4(5.6) | 74.8(3.4) | 62.8(6) | 77.9(5.3) | 58.5(8.8) |34.7(5.2)|90.6(1.2) 0.48 RF
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3hr (P) | 45.2(2.1) | 74(1.5) 64.4(7) | 71.7(12.8) | 61.7(13.7) | 40.3(3.5) | 87(3.5) 0.49 RF
4hr (P) 37.1(2.3) | 72.7(1.9) | 60.3(4.7) | 75.7(14.8) | 55.7(9.7) |32.6(1.8)89.8(3.6) 0.47 RF
Adaboos
30min(p) | 67.4(6.7) | 84.3(1.7) | 77.7(2.8) | 74.5(4.2) | 78.7(4.4) | 56(5.4) 189.6(1.3) 0.63 t
Adaboos
lhr (P) | 48.2(2.3) | 78.8(2.1) | 70.2(1.3) | 75.9(4.1) | 68.3(1.9) |43.6(2.8)|89.8(1.5) 0.64 t
Adaboos
2hr (P) 37.8(6.1) | 74.5(4.1) | 64.9(4.1) | 74(2.6) 62.3(4.8) |35.5(5.3)189.6(1.8) 0.67 t
Adaboos
3hr (P) | 43.8(1.2) | 71.7(0.8) | 68.9(1.8) | 55.4(4.7) | 73.6(2.5) |42.2(2.4)|82.6(1.7) 0.72 t
Adaboos
4hr (P) 35.5(2.8) | 72.3(1.8) | 64.1(0.8) | 71.5(7) 62(2.5) |[34.7(1.4)| 88.6(2) 0.7 t
30min(p) | 62.6(6.9) | 81.9(2) | 74.6(4.6) | 73.1(3.6) 75.2(7) [52.1(8.3) | 88.6(2.2) 0.51 SVM
1hr (P) 41(4.2) | 69.6(2.8) | 60.9(7.1) | 68.2(13.9) | 57.9(13.8) | 35(3.3) |85.5(1.9) 0.48 SVM
2hr (P) 31.2(3.3) | 65.9(2.4) | 54.8(2.7) | 74.3(2.2) | 49.4(3.8) | 29(3.2) | 87.3(2) 0.45 SVM
3hr (P) | 41.3(1.7) | 68.6(2.1) | 61.6(4.4) | 65.7(9.2) | 60.2(8.3) |36.7(3.4)|83.6(2.8) 0.47 SVM
4hr (P) 32.7(2.3) | 66.5(1.9) | 50.4(9.2) | 78.3(12.6) | 42.4(15.4) | 28.3(2.7) | 87.9(1.7) 0.46 SVM

4.1.3.3 Model Interpretability Analysis

The best model captured interpretable and clinically meaningful features such as minimum
temperature, age of the patient, mean of absolute change in temperature, and fast Fourier
transform coefficients of respiratory rate (Table 4.3) as the top predictors for future Hypothermia
(Figure 4.5). Detailed plots of top individual predictors for future Hypothermia are available in
Figure 4.6. A detailed description of each of the top nonlinear feature predictors for future
Hypothermia is available in Non-linear Feature Description.

Table 4.3 Important non-linear features

SI.No. |Nonlinear Feature |Definition
1. Absolute Energy Returns the time series' absolute energy

Conti Wavelet . . . . .
) T;r;:;:)lr(;ls WEC | A time-scale illustration of a signal is proposed by CWT. The length of

) Coefficients the examined signal will aid in dynamically detecting nonlinearities
Fast Fourier . . . . .
. The Fourier coefficients for the one-dimensional discrete FT are
3. Transformation . . .
. calculated using the Fourier transform algorithm

Coefficient

4. Lag At lag=0, a complete correlation will exist for every time series. The
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correlation value will drop as the time series shifts
5. Mean The mean of x will be returned by this feature
. The least value among the given collection of values is the minimal
6. Minimum
number
7 Quantil The q quantile of x is calculated. Where the quantile divides the sample
. uantilc . . .
into equal-sized adjacent subgroups
8. Sum The sum of the time series values will be calculated
9 Sum of re-occurring | This feature will return the total of all time-series data points that
) data points appear more than once
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Figure 4.5 Detailed plots of individual top predictors for future Hypothermia
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Non-linear Feature Description

e Abs_energy (x)
This option returns the time series' absolute energy, which is determined as the sum of
squared values. The feature is calculated using only one argument, x(NumPy.ndarray),
which represents the time series. The feature's floating-point value is then returned.
n
E=Y xiz
i=1
e cwt_coefficients(x, param)
The Continuous Wavelet Transform (cwt) depicts a signal's time scale. The length of the
signal under investigation will aid in dynamically detecting nonlinearities. Signal
non-linearities are thus exposed in a time bi-frequency domain, which also takes into
account non-stationarity. The continuous wavelet transforms for the Ricker Wavelet, or
the Mexican Hat Wavelet, are calculated using this characteristic. It has two input
parameters: x and param. The time series that calculates the feature is x(NumPy.ndarray).
And the param (list) comprises the following dictionaries: "widths": x, "coeft": y, and

n n

w'": z, according to the dictionaries. Where x is an int array, and y and z are integer
types.

This function calculates three parameters, such as widths, coeff, and w. This feature
collects all of the distinct widths into a single array and then calculates the single CWT
for each array chosen. And finally, the values for different coefficients and widths are
returned.

This is defined

2
X

2

2 — (1 — x—z)e 2! , where a is considered the width of the wavelet function.
a

\3ar’

o fft coefficient(x, param)

The Fourier coefficients for the one-dimensional discrete Fourier transform are calculated
using the Fourier transform algorithm. FT shows all the frequency components and their
strength contained in any signal. That is, Fourier analysis is nothing but the extraction of
a series of cosines and sines, which, when superimposed, will produce a function. It
takes two parameters, x and the param. Where x(NumPy. ndarray) is the time series used
to generate the feature, and param(list) is a list of dictionaries, such as "coeff": x and
"attr": s. Here, x is an integer type and should be greater than or equal to zero, and the ‘s’
is a string type and in [“real”, “imag”, “abs”, “angle”].

The resulting coefficients are complex, and this feature can output the imaginary
(attr="imag"), real (attr="real"), angle in degrees (attr="angle"), and absolute value
(attr="abs").
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mean(x)

Mean is considered a mathematical average of all numbers, and sometimes it is even
termed as the arithmetic mean. To calculate the mean, the sum of all the numbers will be
divided by the total count of numbers in a set. This feature will return the mean of x.
Where x (NumPy.ndarray) is the time series parameter to calculate the feature. It has the
floating-point return type.

quantile(x, q)

The q quantile of x is calculated with this feature. When the quantile divides the sample
into equal-sized adjacent subgroups, the sample is divided into equal-sized adjacent
subgroups. In this case, the value of x exceeds q percent of the ordered values from x. It
requires the input of two parameters, x and q. Where x (numpy.ndarray) is the feature's
time series parameter, and q (float) is the quantile to be calculated. Its return type is
floating-point.

c3(x, lag)

It demonstrates how closely the time series resembles itself. As the values are compared,
a perfect correlation will be found for the all-time series at lag=0. The correlation value
will drop as the time series shifts. If the time series solely contains random values, the
correlation will only exist at lag=0, with no correlation elsewhere.

It requires two inputs: x and lag. Where x (numpy.ndarray) is the time series parameter
used to calculate the feature, and lag (int) is the lag utilized in the feature calculation. It
returns a value of the floating type.

This function will calculate the value
n—2lag

2 ) . 2.2
—2lag 'Zo X, otag Xiviagi Which will be, L™ (X"). L(X). X]
1=

sum_of reoccurring_data points(x)

This feature returns the total of all time-series data points that appear several times. It has
only one parameter, x(numpy.ndarray), which is used to compute the feature. It returns
the feature's floating-point value.

sum_values(x)

The sum of the time series values will be calculated with this function. It has the time
series argument x(numpy.ndarray), which is used to calculate the feature. And the value's
return type is bool.

min_values(x)
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The smallest value in a set of values is called the minimum number. That is, it is either
less than or equal to all of the other data values in the collection. The minimum value is a
unique value by definition, but in practice, the minimum value might be repeated in the
set. The last location of a minimum value of x will be returned by this feature. The length
of x will be used to compute this position. To calculate the feature, it uses a single time
series parameter x(numpy.ndarray). This feature's floating-point value will be returned.

Temperature Minimum  0.361 © e e T e N S
Temperature FFT coefficients return imaginary part(29) 0.308 [ = o SRl e S
Patient age 0.292 e a———— LR
Temperature autoregressive(max lag 10) 0.197 g =~ - _}
Temperature FFT coefficients return absolute value(86) 0.154 S - T o T ol
Temperature FFT coefficients return absolute value(99) 0.154 o emcam—w— e il
Temperature FFT coefficients return real value(71) 0.149 g >

Temperature time reversal asymmetry statistic(lag 2) 0.146

Temperature FFT coefficients return imaginary part(48) 0.132

Temperature mean of the absolute change(higher quantile 0.2, lower quantile 0.1) 0.125
Temperature FFT coefficients return real value(66) 0.119

Temperature FFT coefficients return imaginary part(72) 0.115
Temperature FFT coefficients return imaginary part(63) 0.114
Temperature FFT coefficients return imaginary part(93) 0.109

Temperature FFT coefficients return angle (9) 0.108

Temperature FFT coefficients return imaginary part(35) 0.107

Respiratory Rate FFT coefficients return angle (23) 0.105

Temperature mean of the absolute change(higher quantile 1.0,lower quantile 0.0) 0.098

Temperature sum of all values(more than once)  0.097

Temperature mean of the absolute change(higher quantile 1.0,lower quantile 0.4) 0.097
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Figure 4.6 SHAP values of the top 20 Nonlinear features (descending order) generated from the five-fold test set on
pediatric data

4.1.3.4 Prospective Validation of Model

Gradient boosting classifier performed best with an AUROC of 79.8% and a precision of 53%
for a 30-minute lead time before the onset of Hypothermia, whereas an AUROC of 69.6% and a
precision of 38.52% for a (30-minute-4-hour) lead time, prospective validation of Hypothermia
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(Figure 4.7A. B). The findings of prospective validation of a model for predicting
hypothermia/non-hypothermia based on physiological factors are presented in Table 3.4.
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Figure 4.7 Prospective Validation of Model. A) Average AUROC performance for the xgboost model with lead times
or times before for prospective validation of Hypothermia in the next 30 min to 4 h (B) AUROC and AUPRC
performance for the xgboost model with lead times or times for prospective validation of Hypothermia in the next 30
minto4 h

Table 4.4 Results of the prospective validation of a model for predicting hypothermia/non-hypothermia based on
physiological variables

Time Pt. AUROC AUPRC | Accuracy | Sensitivity | Specificity PPV NPV Model
Mean
30min(p) 79.8 57.7 74.6 67 71.5 53 86.1 XGboost
1hr (P) 72.9 46.9 58 87.8 46.3 39.1 90.6 XGboost
2hr (P) 68.2 38.9 53.5 90.5 39.1 36.7 91.3 XGboost
3hr (P) 66.2 39.2 50.2 79.4 39.1 33.1 83.3 XGboost
4hr (P) 60.8 31.8 45 87.3 29.9 30.7 86.9 XGboost

4.1.4 Discussion

Hypothermia in severe cases can result in mortality; studies have suggested that hypothermic
subjects have a significantly higher rate of mortality when compared to non-hypothermic
subjects (Kiekkas et al., 2018). Early decision-making can mitigate the risk of hypothermia and
associated outcomes, yet none of the studies have attempted to predict hypothermia. This work
presents a first-of-its-kind Hypothermia prediction model in pediatric patients. We leverage a
SafelICU (Sethi et al., 2017) resource of the PICU patients database to build a real-time ML
model for the prediction of hypothermia. Our ThermoGnose pipeline predicted the Hypothermia
event with an AUC of 85% 30 min ahead of its onset and with an average AUC of 77.6% for 30
min to 4 h ahead of onset. An early therapy decision can help ICU management to initiate
therapy, such as rewarming, to mitigate the risk of hypothermia (Giesbrecht, 2001). The
GBM-model performed best at 30 min lead-time, and the performance declined during the higher
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lead times, however, a 30-min window can provide sufficient time for early therapy such as
rewarming (Mendrala et al.. 2021). Our pipeline produced equal and superior results for the
prospective validation, where an AUC of 69.6% was achieved for a lead-time of 30 min to 4 h.
We also evaluated the interpretability of our models. Since artificial intelligence models suffer
from black-box prediction, we kept our approach interpretable using SHAP analysis, which
suggests the influence of each predictor on the model output (Lundberg and Lee, 2017). Our
analysis suggests that the minimum temperature in a 420-minute window is the best predictor of
future risk of hypothermia (Figure 4.6).

Since our main aim was to reduce the delay in early identification, we kept our choice of
predictors to the readily available physiological vitals. These allowed us to make real-time
predictions as we have installed in-house software to collect real-time vital data from the bedside
at 15s resolution. Many studies in the intensive care unit suffer from generalizability issues due
to the large number of predictor variables required to make predictions and the complexity of the
data integration (Wellner et al., 2017). Studies have shown the potential of physiological vital
signs for real-time prediction of sepsis. Minimal models have shown good potential for
generalizability. We have, therefore, used only five physiological vitals available at the bedside
in our models.

Early risk prediction of hypothermia is critical as it can act as a surrogate marker for
prognostication of cold diuresis-related hypovolemia (Brown et al., 2012), and early assessment
can be helpful for regulating the rewarming cycles (Martin et al., 2015; Vincent et al., 2018) and
reducing the LOS. We found out that the LOS is associated with the length of stay with
hypothermia (Figure 4.3). Therefore, reducing hypothermia by proactive management can help
reduce LOS. Thus, our prediction model can be useful from a wider perspective for clinical
practice.

Prediction of hypothermia can reduce the risk of adverse outcomes and mortality in intensive
care patients. Early warning systems can help in early treatment and therapy decisions for
hypothermia. Our prediction models trained on the cohorts extracted from three million patient
hours of data have shown the potential of prospective validation AUC of 79.8% on patients with
a wide range of comorbidities; thus, our prediction models have the potential to improve patient
care and save lives. The current study and the model, being observational, are not geared to
evaluate the impact on clinical decision-making, which remains the main limitation of our work.
However, therapeutic decisions for hypothermia are expected to be less complex, such as the use
of warmers and fluids; thus, the current model lays the basis for future studies for assessing the
clinical impact and outcomes in hypothermic patients based upon ThermoGnose predictions.
Importantly, despite continuous monitoring of temperature, the most straightforward vital,
predicting hypothermia, has remained unaddressed, and ThermoGnose provides a starting point
for enabling clinical decisions to prevent and proactively treat hypothermia in the pediatric ICUs.

60



4.2 Early Prediction of Hemodynamic Shock in Pediatric Intensive Care Units
With Deep Learning on Thermal Videos

4.2.1 Introduction

Hemodynamic shock is an acute and initially reversible condition that can act as an early signal
to future end-organ failure (Herget-Rosenthal et al., 2008). It manifests due to inadequate blood
perfusion than what is essentially required. Such a condition could cause tissue malfunction,
leading to rapid organ deterioration, which can eventually result in death. The mortality rate due
to delay in detection and treatment of such shock is as high as 34% in ICU patients admitted in
developing countries (Divatia et al.. 2016). Thus, proactive monitoring and therapy of
hemodynamic shock can prevent the risk of impending organ failure and mortality (Rivers et al.

2001; Early Goal-Directed Therapy Collaborative Group of Zhejiang Province, 2010; Vincent

and De Backer, 2013). However, delayed or insufficient monitoring can increase the risk of
hemodynamic shock. Modern ICUs are equipped with a large number of sensors that generate
humongous amounts of data, besides a large number of clinical investigations. ICU clinicians
and nursing staff are exposed to this large quantity of data on a real-time basis. The overall
burnout can go as high as 80.5%, which can contribute to delayed or insufficient care
(Rotenstein, 2018). Moreover, the resource-limited areas have a higher risk of shock ignorance
mainly due to a lack of technological advancement and a low doctor-to-patient ratio (Bagcchi,
2015). Most of the methods dealing with the shock in current times are invasive or require
repeated contact, making the patient prone to hospital-acquired infections. The noninvasive
ways, such as Noninvasive Blood Pressure monitoring and Ultrasonography, are not continuous
but require contact with the delicate skin of infants, which is infection-prone too (Oranges et al.,
2015). Techniques such as ECG and photoplethysmography (PPG) (Liu et al., 2020; Nachman et
al.. 2020) can also provide cardiovascular parameters such as the respiratory rate and heart rate
in a noninvasive and wireless way to serve as important factors for shock monitoring. However,
their contact-based approach can prove to be distressing and epidermal damaging for the fragile
skin of neonatal patients (Barbosa Pereira et al., 2018). Thus, the use of Al and frugal

open-source technologies such as low-cost noncontact thermal monitoring can be effective for
shock management.

We have created a body thermal imaging data cohort for the pediatric population under the Safe
ICU initiative, which warehouses 1.5 million hours of physiological vital data, laboratory
investigation, treatment charts, doctors' and nurses' investigation charts (Sethi et al., 2017). We
have used these data to build an automated hemodynamic monitoring and prediction of the future
onset of the hemodynamic shock pipeline. Nowadays, noninvasive vital monitoring measures
have been gaining popularity because of their feasibility. Measures such as quantified capillary
refill time (Q-CRT) and peripheral perfusion index (PPI) are being used for hemodynamic
monitoring as noninvasive and transmitted light-based methods for assessing peripheral
perfusion (Falotico et al., 2020). Vitals such as respiration and heartbeat have been known to be
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measured noninvasively using a twin-core fiber (TCF)-based sensor (Tan et al.. 2019). Some
studies have been successful in tracking SpO2 using broadband lighting and an RGB camera
(Guazzi et al., 2015). Balakrishnan et al. (2013) take just an RGB video as input and are able to
detect heart rate and beat lengths by monitoring the subtle head movements. Heart rate can also
be measured through videos using DeepPhys (Chen and McDuff, 2018) and Eulerian video
magnification (EVM) combined with wavelet transformation (Eroesel et al.. 2020).

Thermal imaging, another nonintrusive and noncontact modality, is now increasingly being used
in medical literature to extract the temperature information from the body and used for studies
such as breast cancer detection (Ng. 2009; Mambou et al.. 2018) and even diabetes mellitus (type
1) detection (Selvarani and Suresh. 2019). Thermography of the skin surfaces to study blood
flow, cardiac pulse, and breath rate (Pavlidis et al.. 2007) is being used as a basis for broader
works such as preliminary hypertension assessment (Thiruvengadam and Mariamichael, 2018).
Thermography of the human hand and foot skin surfaces has also been used to study blood flow
using spectral filtering (Sagaidachnyi et al.. 2017). A similar use of the thermography sensor has
been proposed to make the disease activity detection in rheumatoid arthritis patients (Pauk et al.
2019). Lately, thermal imaging has also been used to detect the respiratory rate of humans (Liu et

al.. 2019). For instance, in cardiorespiratory signal monitoring, Barbosa Pereira et al. (2018) use

thermal fluctuations beneath the nostrils for measuring the respiratory cycle. Since human bodies
can be considered black bodies with an emissivity value of the skin close to 0.98
(Bagavathiappan et al., 2009), the infrared energy, and hence temperature information, can be
suitably tapped by IR detectors such as Thermovision-550 (Thiruvengadam and Mariamichael,
2018), MWIR-Pheonix-FLIR (ELIR Systems. 2016), and SeekThermal®(Seek Thermal, 2022)
easily available in the market. Even though some of the aforementioned techniques might incur a
higher cost due to the nature of the thermal imaging sensors used, our study uses a simple
SeekThermal smartphone camera attachment, which can feasibly be used to capture the thermal
context of the body. During hemodynamic instability, redistribution of blood occurs, which

causes a temperature difference in the center and periphery of the body, which acts as one of the
first possible indicators of the advent of shock (Lima and Bakker, 2005; Lima et al.. 2009; van
Genderen et al., 2012; Ortiz-Dosal et al., 2014). Our study leverages this temperature difference,
that is, Centre-to-Peripheral Difference (CPD) (Bourcier et al., 2016; Houwink et al., 2016), to
study hemodynamic shock with the abdomen as the center and feet as peripheral regions (Lima
and Bakker, 2005; Hasanin et al., 2017). The difference observed is more in the case of a shock
than of a no-shock (Lima and Bakker, 2005; Nagori et al., 2019). We chose SeekThermal®
Camera for our study as it has affordable, minimal hardware architecture and can be easily
mounted on a smartphone. CPD has been exploited along with some vitals and the use of
machine learning methods such as Histogram of Oriented Gradients features with Random Forest
classifier for detection and prediction of shock with a single snapshot of an image at a time point
(Nagori et al.. 2019), but a single image snapshot would present only limited information as it
may be an outlier caused by random fluctuation. This may reduce the robustness and reliability
of the model output. In addition, using the handcrafted features for machine learning algorithms
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might cost us time. To expand upon the study, we aim to reduce the manual tasks performed to
calculate the features using deep learning methods and work on the continuous time-series data,
improving the efficacy of detection and prediction.

In this study, we developed a future risk prediction model (Figure 4.8) using continuously
streamed videos of body infrared patterns and state-of-the-art computer vision (CV) and DL
techniques. Thus, the aim of our work was to build an automated, minimal-contact pipeline for
proactive hemodynamic monitoring. Automated detection and prediction will help prevent the
adverse outcomes related to hemodynamic instability. Hence, the impact this problem creates and
the scope of extending the solution make this study worthwhile in saving the lives of many
pediatric patients.
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Video frames extraction Preprocessing:Classification, Deep Learning Based Time Series Sequence

and examination | | Multiple Person Detection | | Segmentation, Classification into
CPD Extraction 4 Shock/Non-Shock

Figure 4.8 Shock prediction pipeline. The summary of the shock pipeline shows the steps from video frame
extraction to shock prediction. Step 1 comprises sampling videos to extract frames. Step 2 classifies frames into
covered or uncovered, while also finding the presence of multiple people in the frame and masking them to avoid
confusion. The masked images are then input to the ResUNet-based segmentation model, and CPD is hence
extracted. The series of CPDs is then passed through a time-series sequence classifier, and finally, the predictions are
made for shock for the next 6 h

"Clinical Use-Case:

The thermal video—based shock prediction model is designed for non-contact,
continuous physiological monitoring in the pediatric ICU. By detecting early
thermal signatures associated with circulatory compromise, the system aims to
provide advance alerts to clinicians for further assessment and monitoring
escalation. The model is intended as a supplementary monitoring modality and does
not function as an autonomous alarm or diagnostic system."

4.2.2 Methods

For this study, we carried out thermal monitoring as a part of the SafelCU (Sethi et al.. 2017)
warehouse. We constructed an automated CPD extraction pipeline by body part segmentation on
thermal videos using deep-learning models. Each time-point was labeled for shock and
non-shock using an age-specific shock-index (Acker et al., 2017). The time-series data of the

63



extracted CPD signals, combined with the heart rate and the labels, were preprocessed for a
case-control cohort design. We constructed cohorts at 0 h for detection and 1-6 h lead-time for
prediction tasks. We then used multivariate LSTM (Hochreiter and Schmidhuber, 1997) models
to detect and predict the future onset of the shock. We finally evaluated the performance metrics
of the models using a 10-fold cross-validation method.

4.2.2.1 Data Collection and Study Design
SafelCU Framework

All the data reported in this research were collected from the Pediatric ICU of AIIMS, New
Delhi, a tertiary care hospital in India. There were eight beds, including neonatal beds, in the
pediatric ICU. We set up our servers to collect the real-time physiological vitals periodic data.
Vitals (heart rate, respiratory rate, and blood pressure) were routinely monitored using electronic
sensors; that is, the heart rate was measured by ECG sensors, blood pressure was measured using
arterial catheters, and respiratory rate and oxygen saturation were measured using pulse oximeter
probes. Socket programming (network protocol) based on in-house software applications was
used to extract the data from the Mindray™ CMS. However, with the exception of heart rate, our
study does not require these contact-based vitals for shock prediction, thus making the study
minimal contact. We also warehoused laboratory investigations, daily doctor and nurse notes,
treatment charts, and thermal imaging.

Ethical Approval and Patient Consent

The study was carried out with the approval of the PICU of AIIMS, New Delhi, India. Since
thermal images only capture infrared radiation, these did not reveal the patient’s identity, and the
study did not involve any contact or change in routine patient care. Hence, a waiver of consent
was sought and granted by the Institute Ethics Committee (Ref. No IEC/NP-211/08.05.2015,
AA-2/09.02.2017). All experiments were performed in accordance with relevant guidelines and
regulations as approved by the ethics committee.

Cohort Based on Binary Shock Index

The SAFE-ICU described earlier has warehoused over 1.5 million patient hours of monitoring
data from the PICU. It is used to extract the time-stamped vital data for the patients at 0—6 h
heart rate and blood pressure recordings. The SI was calculated as the ratio of the median heart
rate and median arterial systolic blood pressure, considered the gold standard for BP
measurement in critical care settings (Pittman et al., 2004; Lehman et al.. 2013). SI was
computed over the median of moving sequential windows of 30 data points at a resolution of 15
s. Shock-index pediatric age-adjusted (SIPA) is used to compute shock/no-shock age-specific
binarized outcomes for each patient (Acker et al., 2017).
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Thermal Imaging

Seek Thermal Compact (UW-AAA) with a resolution of 480*640 was used to capture thermal
videos at 15 fps on iron theme settings. The camera, having a thermal sensor of 206*156 pixels,
was kept at a median (IQR) distance of 2.0828 m (0.1524) for long beds and 1.524 m (0.2665)
for small beds. The ICU room temperature was maintained at 25°C. Temperature calibration was
performed by matching the imager temperature with other known sources. The temperature from
the thermal camera was found to be accurate with temperature measurements from other sources,
such as temperature probes and thermometers. Standard thermal video capturing and operating
procedures were followed in order to ensure minimal disturbances by the extraneous factors, say,
patient positioning, device handling, etc. (SOP). Thermal cameras only capture infrared radiation
so as to make sure that the study does not reveal the patient’s identity. The camera was placed
properly and at a good distance from the patient so that there was neither direct contact involved
nor any change in patient routine care. The thermal videos were captured in a standard color
scale, guaranteeing that the full body of infants was visible. Thermal videos of every single
patient were collected at different time points on different days. Thus, each patient possibly has
different values for shock status, which in turn eliminates bias due to the patient’s propensity
characteristics, say gender, age, etc. Thermal artifacts were a lesser concern as we were
calculating the relative gradient of temperature instead of the absolute temperature. Vital data
with respect to the time-stamp of the videos were extracted from the data warehouse at 15-s
intervals (SAFE-ICU) (Sethi et al., 2017). A comparison was made between the shock and
non-shock groups using either the Wilcoxon rank-sum test or two-tailed Student’s t-test after
testing for normality by the D'Agostino-Pearson normality test using GraphPad Prism version
6.00, GraphPad Software, La Jolla, California, USA.

Standard operating protocol (SOP) for capturing thermal videos

1. Before entering the ICU, make sure that one has to wear shoe covers, a scrub, and a
disposable gown.

2. Need to connect the Seek Thermal Camera to the available Smartphone and then open the
Seek Thermal app.

3. Ensure that the Seek Thermal app is set to a high-resolution setting and to an “Iron Theme”
before capturing videos. A wall mount hanger is used to hold a smartphone. The Seek Thermal
Camera is placed at a good distance from the bed and at a certain height in order to make sure
that patients on the bed are not disturbed.

4. For each patient recorded in this session, the following steps were followed:

e Making the patient comfortable is the most important part. The camera was placed
properly and at a good distance from the patient so that there was no direct contact
involved, nor any change in patient routine care

e In the presence of a nurse, a smartphone is hung using a wall mount hanger
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o MSExcel sheets are used for data collection. Data such as UHID, bed number, date, and

time of the patients on this session were recorded for identification purposes
After capturing videos, the mobile hanger is removed safely, and the data is saved on a
server, on a daily basis, into an identified folder with the patient’s UHID, bed

information, and date

"Privacy Considerations for Thermal Video Data:

e All video data used in this study were captured using long-wave infrared thermal
imaging, which records emitted heat patterns rather than visible-spectrum facial or
anatomical features. As a result, the acquired thermal videos are inherently
non-identifiable and do not permit recognition of individual patients. No RGB or
visible-light images were collected or stored. This modality ensures patient privacy by
design while enabling extraction of physiological thermal signatures relevant to model

development.

4.2.2.2 Classification Into Covered and Uncovered

The patients in the ICU are kept under observation for a long duration. Being a very critical area,
the patients are kept covered by a blanket most of the time, which is removed only for a short

period, generally when a nurse/doctor comes to provide care. A ResNet-152 (He et al..
architecture was trained using the PyTorch (Paszke et al.. 2019) framework in Python 3 (Python

2016)
thon

Software Foundation, 2018) to classify each frame into covered and uncovered, i.e., abdomen
and feet are visible (Figure 4.9). To train the data, images were augmented and normalized by
their mean and variance, especially extracted to suit the thermal data. The model was finally

implemented on videos sampled at 1 fps.
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Figure 4.9 Hemodynamic shock prediction with Deep Learning on Thermal Videos. Illustration of the pipeline
followed for the detection and prediction of shock and no-shock. Each frame of the video was examined for
uncovered/covered. The uncovered frames were then filtered for the presence of people other than the patient
present in the frame. The frame was finally passed from the segmentation and CPD extraction model, further
collecting the sequences used for LSTM time-series classification. The time sequences had CPD and heart rate as
features, and an appropriate window length of 256 s was chosen. Since the data were highly imbalanced, the
SMOTE upsampling method was used in training the LSTM model. The detection and prediction of shock were
carried out at 0 h and for the next 6 h, respectively.

4.2.2.3 Multiple Person Detection

In the ICUs, caregivers providing care to the patient might come into the field of the camera
mounted over the bed. For the CPD extraction task, bounding-box detection of multiple persons
was used to filter out this additional presence so as not to confuse the algorithm. To avoid loss of
crucial data where the caregiver and patient may be in the same frame, the bounding box
corresponding to the larger area, that is, the patient, was kept, and the rest was masked. This
region of interest was used for CPD extraction. For training purposes, a variety of images of the
patient alone and along with the caretaker were manually annotated with bounding boxes using
Yolo-Annotation-Tool-New (Murugavel. 2019) and augmented with linear transformations and
Gaussian noise and passed through YOLOv3 (Redmon and Farhadi, 2018) based on Darknet-53
with a confidence threshold of 0.4.

The architecture had to be retrained from scratch as thermal data is very different from the
COCO dataset, used in the original YOLOvV3 manuscript. The YOLOv3’s output was the
dimensions and position of the predicted bounding boxes, detecting the people present in the
frame, the correctness of which was verified through the Intersection over Union (IoU) metric by
calculating the ratio of overlapping of the predicted and ground truth bounding boxes with their
union area.

4.2.2.4 Segmentation and CPD Extraction From Abdomen and Feet

Nagori et al. proved that the probability of shock depends directly on CPD. For this study, the
abdomen was taken as the center, and the periphery was the foot. Images were annotated
manually pixel-wise using the js-annotator-tool. The target maps contained three one-hot
encoded layers corresponding to the abdomen, feet, and background. The input images were
normalized with mean and variance, especially extracted from the distribution of the dataset in
use. Appropriate image padding was carried out to ensure that the aspect ratio of images remains
the same in case of any change in the input dimension. To account for a low dataset of pixel-wise
segmented images for training, a ResUNet with ResNet-18, pretrained on ImageNet, was used as
an encoder. UNet (Ronneberger et al., 2015) is specifically introduced to segment the less
abundantly found medical data, helps to gather more local and global information even in the
dearth of data, and thus efficiently segments out the images. A cutoff threshold was set on the

predicted outputs to remove any weakly predicted pixels. The area detected was used as a region
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of interest in the original image, and the mode of the detected probabilities was taken as the point
of temperature extraction from the segmented-out abdomen and feet. The difference was divided
by the abdomen value to keep CPD robust from thermal noise.

4.2.2.5 LSTM Time Series Sequence Classification

The videos were sampled at 1 fps to extract the CPD data from every uncovered window
possible. Windows of 256 data points corresponding to 256 s (4.26 min, padded, if necessary)
were taken as input to the LSTM-based classifier. The windows greater than 256 were split in an
overlapping fashion. Each CPD, along with the heart rate at its corresponding time point, was
taken to finally label it with the shock index, and hence, the presence of shock/no-shock. The
missing heart rate data at certain points were imputed with linear interpolation if the missing data
were less than 10% of the time series length. Since the data are highly imbalanced with more
non-shock sequences, the training set is augmented with SMOTE (Chawla et al., 2002). The
LSTM sequence classifier was followed by a series of dense layers with a dropout of 0.2, which
then passed through a sigmoid layer to output a binary shock index, and hence, shock/no-shock.

Experiments on tsfresh (Christ et al., 2016) feature classification with linear-mixed-effects
models (Bates et al.. 2015) and random forests (Cutler et al.. 2012), and the direct end-to-end
classification of images/videos is shown below.

e Linear Mixed-Effects and Random Forest sequence classification on tsfresh
features: tsfresh features were extracted from 256-length sequences and trained on the
same train and validation distributions as the previous LSTM model using the ‘Boruta’
(Kursa and Rudnicki, 2010) package from R-language. Variation Inflation Factor (VIF)
was used to reduce multicollinearity in the data. If VIF exceeds 10, then the collinearity
is considered problematic, and hence, the particular variable causing it should be

removed. The remaining features were used to train linear mixed-effects and random
forest models.

e Direct Classification of thermal images/videos for future risk of shock: Apart from
CPD extraction, an attempt was made to classify into shock/no-shock by directly giving
whole images/videos as input. In one direction, we tried to classify each video frame read
at a time and conducted experiments with several modern architectures based on CNN.
The concepts of  TV-Chambolle denoising, data  augmentation, and
undersampling/oversampling were used to get the best shock detection AUROC of 0.60
using ResNet-50. Also, the information extracted from a single image frame can be very
limited. So instead, we tried to use direct and continuous video samples of length 256s as
an input to a conjunction of various CNN-LSTM models, trained in a time-distributed
manner. Being a fundamental extension of the direct image classification problem, it
suffered from similar limitations.

e (lassification into covered or uncovered patients
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Since the patients are kept under observation for long hours in intensive care conditions,
it is possible for them to remain wrapped in a blanket for most of the time. Using
ResNet-152, we were able to classify the video frames into covered/uncovered to get a
hold of any window during which the blanket is removed. An accuracy of 95.52% was
achieved, with an F1 score of 0.9589 (Precision=0.9722, Recall=0.9459), creating fewer
chances of false positives.

Multiple person detection using YOLOv3

The patient is barely left alone when he/she is uncovered under long hours of
observation. To remove any chance of confusion between the temperatures and the body
parts that the following segmentation algorithm might face, YOLOv3 was deployed for
multiple person detection, which achieved an IoU of 0.71206. The other person and the
background were then masked to keep the patient in focus for CPD extraction.

Model Selection Rationale:

LSTM-based architectures were chosen for the thermal video—based shock
prediction task due to their ability to model sequential temporal dynamics in
physiological signals derived from thermal imagery. Compared to static classifiers,
recurrent models are better suited to capture evolving thermal patterns associated
with circulatory compromise. Alternative architectures were evaluated to
contextualize performance, while prioritizing models compatible with real-time,
low-latency deployment in the ICU setting.

Temporal and Patient-Level Separation:

Video data were partitioned at the patient level, and temporal ordering was preserved
such that training data preceded validation and test data. This design prevents temporal
leakage and reflects realistic deployment conditions.

4.2.2.6 Outcome Variable Binary Shock Index

The SAFE-ICU initiative has enabled this research to gather the PICU data and extract vitals and
corresponding timestamps at the Oth hour (time of video capturing) and the next 6 h. The shock
index was taken as the median heart rate and the median arterial systolic blood pressure, for
moving sequential windows of 30 data points at a resolution of 15 s. SIPA (Acker et al., 2017)
was then used to compute the age-specific binary outcome for each patient.

4.2.2.7 Model Evaluation

The video data were first partitioned patient-wise, such as to keep the train, validation, and test
sets unseen from each other. For the 10-fold cross-validation, the data were partitioned with a
ratio of 60:20:20 into these three sets in a stratified manner, that is, keeping the distribution of
low-percentage shock class comparable in all three sets.
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Training data was augmented for the low-found shock class using SMOTE; the validation and
test sets remain unchanged in size in each respective fold. The model analysis was mostly
conducted on the AUPRC and the AUROC curve. Other standard metrics like F1-score, PPV,
NPV, specificity, and sensitivity were evaluated at the Youden’s Index (J) (Ruopp et al., 2008).
Since there is a high significance of prevalence in the medical domain, calculating the metrics at
the Youden’s Index becomes important.

4.2.3. Results
4.2.3.1 Patient Characteristics, Preprocessing, and Cohort Building

Statistical inferences of the cohort characteristics between shock and non-shock groups are
depicted in Table 4.5. Shock and Non-shock conditions were derived using the age-specific
shock index cutoff values. It can be observed that the most significant difference between the
two categories is in the heart rate, as expected, along with the respiratory rate. We obtained a
median length of stay of 6.808 days with a total of 132 shock instances and 274 non-shock
instances. The study uses arterial systolic blood pressure, the gold standard for BP measurement
in critical care settings (Pittman et al., 2004; Lehman et al.. 2013), from 22 patients monitored

longitudinally as a required vital for the calculation of shock index for the training purposes
which is available for only a small subset of patients. However, once the model is trained, this is
no longer a limitation at inference time, as the trained model does not require blood pressure for
inference (making a prediction of shock status). The pipeline uses >1,00,000 frames and the
corresponding shock indices for training the prediction models.

Table 4.5 Cohort characteristics and statistical significance of control (non-shock) vs. affected (shock) classes. The
p-values were calculated using either the Wilcoxon rank sum test (W) or Student s t-test (1) after testing for normality
by the D’Agostino-Pearson normality test. (n, number of sequences, IQOR, interquartile range)

Variable Non-shock seq (n =274) | Shock seq (n =132) | Statistical tests
Median (IQR) Median (IQR) p-value (W/f)

Age (months) 60.12 (36.07) 75.89 (107.02) 0.6087 (W)
Arterial systolic blood pressure, mm Hg | 131.94 (19.56) 128.09 (25.21) 0.0014 (1)
Systolic blood pressure, mm Hg 106.00 (20) 102.00 (5.00) 0.002 (W)

Heart rate, per min 106.16 (19.14) 143.17 (63.81) <0.0001 (2)
Respiratory rate, per min 32.34 (13.14) 22.87 (13.20) <0.0001 (W)

O, saturation (SpO2)% 97.50 (2.68) 98.32 (3.45) 0.9932 (W)

4.2.3.2 Segmentation of Abdomen and Feet Achieved a Total Dice Loss of 0.0391 Using
ResUNet

Since thermal images lack texture, it is important for the model to recognize the structural shape features.
ResUNet was specifically used to make the task possible on relatively less available thermal data and to
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capture both the local and global information from the image. A dice loss of 0.0391 (dice coefficient =
0.9609) with a Binary Cross-Entropy loss of 0.0692 was achieved for segmenting out the abdomen, feet,
and background. The mode intensities of segmented areas were then used to find out CPD and hence
build the longitudinal models from continuous long-duration videos.

4.2.3.3 The LSTM Model was found to be the Best Performing

We compared three models to finally arrive at the best-performing one. Linear-Mixed Effects
(Bates et al., 2015), Random Forest (Cutler et al., 2012), and LSTM (Hochreiter and
Schmidhuber, 1997) were tested at various time points from the observation taken. Based on
various metric evaluations, LSTM was found to be the best performing on our given time series
data and hence was chosen as the primary choice for our study. The F1 score comparison of the
three models is shown in Figure 4.10.
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Figure 4.10 Quality assessment of models. The F1 score comparison for the three models (i.e., Linear Mixed-Effects
model, Random Forest, and LSTM) tested on (A) CPD and heart rate and (B) CPD parameter only. It can be
observed that the LSTM model outperforms the other two models in both cases, making it the primary choice of this
research

4.2.3.4 Evaluation of the LSTM Model at Different Lead Times Reveals That CPD
Increases the Model Performance

The SAFE-ICU resources allowed us to match the time sequences with their corresponding states
of shock/non-shock for the next 6 h since the observation was taken. We tested the LSTM model
performance for 1-6 h of lead time on CPD and the heart rate, as shown in Table 4.6. As shown
in Figure 4.11, we got the best performance at AUROC 0.81 + 0.06 and AUPRC 0.78 £ 0.05 at 5
h. This gives a good time window to alert the medical practitioners to start the therapy for
preventing the advent of shock.
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Figure 4.11 Quality evaluation on the LSTM model. (A) Quality evaluation of the LSTM time-series classification
models at lead points of up to 6 h. The best performance of (B) AUPRC and (C) AUROC was obtained at a 5-h
prediction

Table 4.6 Performance of the proposed model predicting the presence of shock/non-shock using automated CPD and

heart rate. The time pt. column depicts the subsequent hours from the time of taking the observation, at which the

results were recorded. The unequal number of shock and non-shock sequences is due to the absence of patient data
with the increasing number of hours. (S/NS, number of shock/non-shock sequences present; AUPRC, area under

precision-recall curve; AUROC, area under receiver operating characteristics, PPV, positive predictive value;, NPV,

negative predictive value; D, detection, P, prediction)

Time pt. | S/NS | AUPRC | AUROC | Accuracy | Sensitivity | Specificity | PPV NPV Youden
Mean (SE) Mean

0Oh(D) |132,274 10.79 0.78 0.85(0.03)[0.74 (0.06) 10.92 (0.02) [0.86 0.84 0.50
(0.06) (0.05) (0.05) ](0.03)

1 h(P) 115,271 [0.71 0.76 0.83(0.04)10.83 (0.04) [0.82 (0.06) |0.80 0.88 0.42
(0.06) (0.04) (0.06) ](0.02)

2h(P) 125,253 [0.56 0.69 0.83(0.02)[0.72 (0.06) [0.90 (0.03) ]0.82 0.84 0.56
(0.05) (0.04) (0.05) ](0.04)

3h(P) 133,232 10.67 0.74 0.83 (0.04)[0.69 (0.08) 10.93 (0.04) [0.88 0.82 0.57
(0.06) (0.06) (0.06) ](0.04)

4h (P) 123,242 10.75 0.75 0.81(0.04)10.70 (0.06) [0.94 (0.03) ]0.90 0.78 0.64
(0.05) (0.05) (0.05) ](0.00)

Sh(P) 120, 247 [0.78 0.81 0.84 (0.04)10.76 (0.07) [0.94 (0.02) [0.88 0.84 0.62
(0.05) (0.06) (0.05) ](0.05)

6h (P) 124,228 [0.66 0.73 0.89(0.03)[0.82 (0.08) [0.92 (0.04) ]0.81 0.95 0.62
(0.10) (0.06) (0.09) [(0.02)

4.2.4 Thermal Imaging Constraints, Failure Modes, and Scalability

ThermalShockNet relies on calibrated thermal imaging hardware operating within standardized
temperature ranges. Camera calibration was performed using manufacturer-provided normalization
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procedures to ensure consistency across recordings. Patient movement, such as turning or repositioning,
and occlusion due to blankets or caregiver interaction may temporarily obscure the facial or torso region
of interest. In such cases, the computer vision pipeline is explicitly designed to withhold prediction rather
than generate potentially misleading outputs. These scenarios are treated as data unavailability events, not
negative predictions, thereby prioritizing patient safety and minimizing false alerts during live ICU
deployment.

To robustly detect such failure conditions, dedicated preprocessing models were incorporated into the
pipeline. Blanket occlusion was identified using a ResNet-152—based classifier, achieving an accuracy of
95.52% and an Fl-score of 0.9589, enabling reliable identification of uncovered time windows suitable
for analysis. In parallel, multiple-person presence-common in pediatric ICU settings-was addressed using
YOLOv3-based object detection (IoU = 0.71), ensuring that only the patient’s thermal region contributed
to downstream feature extraction. When these quality checks fail, the system suppresses inference rather
than extrapolating unreliable thermal measurements. This layered design enables scalable deployment
while explicitly accounting for real-world ICU conditions such as caregiver presence, prolonged blanket
coverage, and patient movement.

4.2.4 Discussion

The study presents a computer vision and deep-learning-based continuous and noncontact shock detection
and prediction model that leverages CPD as one of its main parameters. Care needs to be taken to evaluate
the parameters in a noninvasive way, such as not causing infections by contact. The role of noncontact,
wireless health monitoring has gained much importance, especially during the times of the COVID-19
pandemic. The noncontact estimation of multiple physiological parameters can enable telediagnosis and
remote management of patients, at the same time decreasing the contact-based infection risk. Among the
available noncontact modalities, recent advancements in thermal imaging have made thermal imaging a
key technology. Affordable smartphone thermal cameras have been used to detect the breathing rate and
hence the perceived mental stress (Cho et al., 2019) and even help identify sports injuries (Quintana et al.,
2015). In ICUs, studies providing noncontact measurements such as ECG (Majumder et al., 2018) and
other physiological measurements using noncontact cameras (Jorge et al., 2022) have been explored.

Wireless sensors have shown potential for the detection of complex underlying neurological disorders,
such as Shah et al. (2019) use wireless sensor networks (WSN) for monitoring pill-rolling tremors, which
can be proven to be a precursor to Parkinson’s disease. Similarly, Liu et al. (2018) use WSN to detect and
monitor abnormal breathing patterns as an underlying condition for more gruesome diseases like
hyperthyroidism and sleep apnea. Since the field of thermal image inspection has only started to be

explored, it can thus be leveraged, along with some noninvasively monitored vital parameters, for the
prediction of shock. The use of deep learning methods proves to be really beneficial in reducing manual
preprocessing and increasing the accuracy of methods.

In this study, we have extended our previous study on hemodynamic shock prediction with longitudinal
continuous monitoring of body thermal patterns, which are found to be predictive for future shock
prediction (Nagori et al.. 2019). Longitudinal monitoring of temperature gradient opens up a rich source
of information about patient physiology. The underlying stochastic patterns can have a discriminative

value for future hemodynamic shock risk. We leveraged these reasons to extract the center-to-peripheral
intensity difference from the thermal images in a time-series fashion. We do so by applying our
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data-specific trained screening filters for covered and uncovered patient detection models, and multiple
person detection models, which are followed by segmenting the body parts into abdomen and foot using
artificial intelligence—based models. The extracted CPD time series, along with vitals, were used to
predict the future (1-6 h) hemodynamic shock using sequence models (LSTM). This model was also
compared with Random-Forest and Linear Mixed-Effects models, known for working with longitudinal
data, but LSTM outperformed the other two. We compared the results of our method with Nagori et al.’s
study, too, and an observable improvement can be seen in the majority of the metrics (Table 4.7). We also
trained and checked the performance of models that can classify the length of videos and images for the
future risk of hemodynamic shock. CNNs, which have shown state-of-the-art performance for image
classification, were used for the task. However, we found that domain features, such as CPD, performed
better than direct image and video classification for the future risk of shock. Even after many experiments
performed for a direct classification of images using the concepts of TV-Chambolle (Condat, 2013)
denoising, data augmentation, and undersampling/oversampling, we were able to get the best AUROC of
only 0.60 for shock detection using ResNet-50. This can be because of the cluttered background with

diapers and tubes, and an increased region of interest for the information extraction from a limited variety
of images. This also tells the importance of the domain-specific features over end-to-end CNN-based
approaches. We built the models for multiple time points till 6 h, which showed the best performance at a
lead time of 5 h. The metric AUPRC and F1 scores are most significant for an imbalanced dataset such as
ours, as it does not get biased by the presence of true negatives and thus gives a clearer perspective of a
classifier’s utility. The results till 6 h show a promising window with a good prediction rate, which can
prove to be helpful for the doctors to help find a buffer time prior to the shock event and therefore start
the treatment.

Our study currently applies to cold shock in neonates, and young children are more commonly present
with “cold shock,” a state of elevated systemic vascular resistance (SVR) and low cardiac output with
cold extremities due to vasoconstriction and delayed capillary refill (Martin and Weiss, 2015). The
peripheral vasoconstriction can be identified with the center-to-peripheral temperature difference using
thermal imaging that we leveraged in our study to identify the cold shock. We also acknowledge the
limitations and uncertainty caused by using skin temperature and core-peripheral temperature gradient in
isolation (Schey et al., 2010); therefore, we introduced the heart rate as a crucial cardiovascular parameter

(Table 4.5) in our CPD-based method for shock prediction. RR is also an important indicator of
cardiorespiratory status (Liu et al.. 2020) as indicated in Table 4.5.

However, we did not encapsulate RR in our models owing to its limited availability at all-time points in
our dataset and in a bid to keep the method parsimonious. Nevertheless, we did study the effects of
including RR with the available measurements till 6 h, and it showed promising results as demonstrated in
Table 4.8, which can be taken up in our future research. Models that are predictive of future occurrences
of events suffer from lower model performance indicators, and a trade-off is needed between sensitivity
and specificity. While probability thresholds can be easily set to decrease the false positives (at the cost of
sensitivity), our model is intended to be used as a screening tool, as a shock is a potentially lethal
condition. Moreover, the FPR varies between 10 and 15% at different time points and can certainly be
improved further with the incorporation of additional features. We will be taking up further performance
improvement in our future research to bring it down to less than 5%.
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The other limitations of our method arise during the quality data procurement. Monitoring thermal
patterns could be hard at times when the patient is being covered or being operated on; caregivers can also
block the recordings. However, these issues can be resolved by keeping ~4.3 minutes of uncovered slots
for monitoring. Nevertheless, we have built an Al system that is efficient enough to identify the covered
and uncovered images and can remove the caregiver or person other than the patient. Thus, our system is
able to extract the thermal patterns efficiently. Using CPD as a co-acting parameter eliminates the use of
invasive arterial monitoring and cuff-based blood pressure monitors, which can cause infections due to
the repeated use on multiple patients. Our models require thermal recordings, which do not identify an
individual’s identity, hence are safe for patient privacy and do not take much time away from the time
assigned for care. Our methods can be extended beyond the intensive care settings, that is, to help in the
community-based monitoring by the developing countries’ rural healthcare workers, such as the
Accredited Social Health Activist (ASHA), run by women promoting accessible healthcare in rural Indian
settings. This can be made possible by training them to use a specifically designed frugal mobile app for
thermal shock detection and prediction, which can work with readily available Android/iOS smartphones,
with only model weights preinstalled. The results can be made more robust by expanding the dataset by
including more patients in the study. Also, the dataset can be made varied and generalized by including
observations from multiple other clinical sites. Thus, the study performed illustrates a great noninvasive
and minimal feature architecture that promises to be a lifesaver by informing clinicians about shock well
in advance.

Table 4.7 Comparison between the results of machine learning techniques for hemodynamic shock prediction by
Nagori et al. and our deep learning methods, although on different sample sizes, is shown in the table below. The
metrics not shown in the table below weren t available for Nagori et al, and hence the results cannot be compared
for them. It can be observed that our deep learning techniques, along with being end-to-end without the need for

handcrafted features, show an improvement in each metric by ~10%, which proves the efficacy of our method. Only

a slight improvement in AUROC can be because of the imbalanced data in our case. (ML - Machine Learning, DL -

Deep Learning, AUROC - Area Under Receiver Operating Characteristics, PPV - Positive predictive value, NPV -
Negative predictive value, D - Detection, P - Prediction. All values are in Mean(SE))

Time | AUROC Accuracy Sensitivity Specificity PPV NPV
Pt.

DL ML DL ML DL ML DL ML DL ML DL ML

Ohr (D) [ 0.78 0.75 0.85 0.73 0.74 0.58 0.92 0.81 0.86 0.74 0.84 0.75
(0.05) | (0.03) | (0.03) | (0.03) | (0.06) | (0.06) | (0.02) | (0.06) [ (0.05) | (0.05) | (0.03) | (0.03)

3heP)| 074 | 077 | 083 | 073 | 069 | 065 | 093 | 082 | 0.88 | 0.75 | 0.82 | 0.74
(0.06) | (0.04) | (0.04) | (0.03) | (0.08) | (0.06) | (0.04) | (0.03) | (0.06) | (0.04) | (0.04) | (0.05)

6hr (P)| 073 | 0.68 | 0.89 | 0.69 | 0.82 | 058 | 0.92 | 0.74 | 0.81 | 0.79 | 0.95 | 0.64
(0.06) | (0.03) | (0.03) | (0.02) | (0.08) | (0.07) | (0.04) | (0.06) | (0.09) | (0.04) | (0.02) | (0.02)

Table 4.8 Performance of the proposed model predicting the presence of Shock/Non-shock using automated CPD,
heart rate and respiratory rate. The Time Pt. column depicts the subsequent hours from the time of taking the
observation, at which the results were recorded. The unequal number of shock and non-shock sequences is due to the
absence of patient data with the increasing number of hours. (S/NS - Number of Shock/Non-Shock sequences
present, AUPRC - Area Under Precision-Recall Curve, AUROC - Area Under Receiver Operating Characteristics,
PPV - Positive predictive value, NPV - Negative predictive value, D - Detection, P - Prediction)
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Time Pt. S/NS AUPRC | AUROC | Accuracy | Sensitivity | Specificity PPV NPV Youden

0.77 0.72

Ohr 120,220 | 0.7 (0.04) | 0.7 (0.06) | (0.05) | 0.56(0.08) | 0.96 (0.02) [0.92(0.03) | (0.05) 0.61
0.75 0.77 0.84 0.83

1hr 116, 215 (0.05) (0.05) (0.03) | 0.70(0.07) | 0.92(0.05) | 0.91(0.04)| (0.04) 0.47
0.44 0.61 0.80 0.82

2hr 120, 206 (0.07) (0.06) (0.04) | 0.66(0.05) [ 0.90(0.07) | 0.83(0.08)| (0.03) 0.55
0.84 0.81 0.88 0.86

3hr 121, 190 (0.05) (0.05) (0.03) | 0.75(0.08) | 0.97 (0.01) | 0.95(0.02) | (0.03) 0.54
0.69 0.68 0.86 0.79

4hr 125, 184 (0.03) (0.04) (0.03) | 0.72(0.05) [ 0.99 (0.01) |0.98(0.02) | (0.05) 0.5
0.81 0.88 0.93 0.94

Shr 113, 198 (0.03) (0.03) (0.02) | 0.90(0.04) [ 0.95(0.02) | 0.94(0.02) | (0.02) 0.4
0.82 0.87 0.85 0.95

6hr 111,197 (0.09) (0.07) (0.07) | 0.86(0.06) | 0.85(0.09) |0.82(0.10)| (0.02) 0.31
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43 A Prospectively Validated Generalizable Model for QOutcome
Prognostication Using Shock Index in Intensive Care Units

4.3.1 Introduction

Delays in the identification of critical events in intensive care units contribute to irreversible
organ dysfunction and mortality(Armen et al., 2016). Shock Index, calculated as the ratio of
heart rate and systolic blood pressure, is a validated indicator for bedside examination, risk
stratification, and prognostication(Koch et al., 2019, Cheng et al., 2020). SI was originally

designed to evaluate hemodynamic stability, with values >0.7 indicating shock. Shock is one of
the highest contributors to higher mortality rates, and SI has been used to assess Shock in
ICUs(Myint et al., 2018). The mortality rate in patients who develop shock in the ICU is as high
as 34% in developing countries(Divatia et al.. 2016). While in developing countries in Europe
and North America, the mortality rates are at 38% due to septic shock(Vincent et al., 2019).
Thus, early identification is critical for appropriate management(Armen et al., 2016), improved

patient outcomes, and reduction of mortality(Seymour et al., 2016, Herget-Rosenthal et al., 2008,
Bai et al., 2014, Berger et al., 2013).

More recently, SI has been validated as an indicator of outcomes and their prognostication in
conditions such as sepsis, pneumonia, acute myocardial infarction, stroke, advanced cancer,
pulmonary embolism, and trauma(Koch et al., 2019, Cheng et al.. 2020, Myint et al.. 2018,

Berger et al., 2013). These conditions are more likely to respond to interventions in their initial

stages, whereas if a potential irreversible organ failure starts, mortality is high(Maheshwari et al.,
2020). In this regard, SI has been gaining evidence as an effective indicator for preventing
mortality due to delayed identification in sepsis, shock, and Acute Kidney Injury (AKI)(Barbar
et al.. 2014). Further, unlike complex scoring criteria, this index does not rely upon variables
that require clinical judgment and is straightforward to calculate based on vitals and age alone.
These factors make SI an ideal indicator for building predictive models for prognosticating
outcomes. Earlier studies have used different thresholds for SI for specific outcomes. Since the
goal of our study was early detection, the threshold of SI > 0.7 was chosen. Other studies have
used higher thresholds, such as SI > 0.9 or SI > 1, which may be more relevant for downstream
outcomes such as organ dysfunction but may not be sensitive enough to capture early shock.

Several machine learning and artificial intelligence-based approaches have been developed for
predicting ICU outcomes. However, the generalizability of these models(Potes et al.. 2017,
Nemati et al., 2018) is difficult due to the variability in data types, temporal resolution, and the
difficulty in defining the onset time. Physiological time series from vitals monitoring have shown
potential for multicenter generalization and for use in ICUs(Hyland et al.. 2020, Mao et al.,
2018). Further, the current best-performing models based on accuracy on large datasets use
features that may be available only at infrequent intervals, thus compromising the real-time
potential of the models. On the other hand, vitals time-series are routinely monitored and
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aggregated every few seconds, thus having the potential to forecast critical outcomes(Mao et al.
2018, Desautels et al., 2016). This study bridges the gap using the vitals time series to develop

real-time generalizable models.

In parallel, the emergence of LLMs such as LLaMA has opened new possibilities for learning
patient representations from structured or semi-structured data by converting them into text
prompts (Zhang & Ni, 2024, Future AGI, n.d.). These models, pretrained on vast textual corpora,
can capture complex temporal and contextual patterns when patient vitals are framed as
sequential inputs. However, the generalizability of such approaches across diverse datasets
remains a critical challenge. In this study, we investigated the utility of LLaMA-based
embeddings for shock prediction and benchmarked their performance against Slgnose, a
specialized non-linear time-series model, to assess their comparative effectiveness and
cross-cohort adaptability.

We hypothesized that the generalizability gap could be addressed using a transfer learning
approach where a novel model built on eICU data (a multicenter ICU database)(Pollard et al.
2018) validated on MIMIC-III adult dataset(Johnson et al.. 2016) from the USA and
safelCU(Sethi et al.. 2017) pediatric data from New Delhi, India. The resulting model was
validated prospectively in the New Delhi pediatric setting. Figure 4.12 summarizes the study
approach and expectations.

a Cohort Construction b Model Development

|ln| 1,92,751 ICU-Stays 'N'l' EICU

208 US Hospitals

Training 60% Validation 20%

Observational data Lead time Abnormal epoch

*l i MIMIC I !
17,294 ICU-Sta; ) )
Beth Israel Deagsness Time Series Features RNN Based Models Transformer

& SAFE-ICU WWWWWMWWV 0-8 hours Prediction

€9 1,006 ICU-Stays - oxX
Pediatric ICU 2 : A N T t 0% N
AIIMS New Delhi Observational data Lead time Normal epoch Testing 20% —> | ¢,
c External Validation d Prospective Validation
#l e
aining 60° Alidation 20° o & saFEICU
& SAFE-ICU Training 60% Validation 20% Tcstmg 20% €
>
l l Testing 100 %
Pre-trained model ——»Fine Tuning—F1 Threshold —
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& Safe-ICU Dataset with Clinincal Profiling
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Figure 4.12 Summary of the pipeline for generalizing the prediction of hemodynamic instability. 1a) shows
Cohort Construction, where time-series of Heart rate, systolic arterial blood pressure, diastolic arterial blood
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pressure, respiratory rate, and oxygen saturation were used. 1b) shows the pipeline for constructing models for
predicting hemodynamic instability 0-8 hours in advance and evaluation. 1c) shows the generalization of our best
model, SIgnose learned models on MIMIC-1II data and Indian settings' SAFE-ICU data. 1d) shows the prospective
validation on the prospective Safe-ICU dataset.

"Clinical Use-Case:

Signose is intended to support early identification of hemodynamic deterioration in
critically ill pediatric patients. The model provides advance warning of abnormal
shock index up to 8 hours prior to onset, allowing clinicians to consider closer
monitoring, diagnostic evaluation, or escalation of care. The predictions are
designed to assist situational awareness and risk stratification rather than replace
clinical decision-making."

4.3.2 Methods
4.3.2.1 Dataset description & pre-processing

We leveraged two publicly available datasets from the USA and a safelCU, our in-house dataset
with 0.23 million patient hours from a tertiary care setting in India. The multicenter eICU data,
comprising 200,859 unit admissions of which 192,751 contained vitals time-series data, collected
from 208 hospitals from 2014 to 2015 (Pollard et al., 2018), was used for cohort construction.
For external validation, we used (i) safelCU pediatric data warehoused between February 2016
to January 2020, containing 1006 ICU-stays of 782 patients. The safeICU study is an in-house
data warehouse at the PICU of the AIIMS, New Delhi. (ii) MIMIC-III v1.4 data collected
between 2001 to 2012. The MIMIC-III numeric time-series contains adult population records of
17,294 ICU-stays of 10,269 patients. The study was approved by the Institute Ethics Committee,
AIIMS, New Delhi (IEC/NP-211/08.05.2015) and involved no change in routine patient care. In
addition to external validation, data collected from February 2020 to August 2020 in the safelCU
data were used for prospective validation and generalization of models developed on eICU data.

4.3.2.2 Cohort Construction

Development cohort. eICU data were used to construct the model development cohort and
included data categorized as medical (MICU), surgical (SICU), medical-surgical ICU, coronary
care (CCU), cardiac ICU, cardiac surgery(CSICU), cardiothoracic (CTICU), and neuro-ICU.
Our inclusion criteria for development cohort construction included all patients with continuous
vitals monitoring for a minimum of 7.5 hours in their ICU stay. The exclusion criteria were the
following: (i) patients with non-availability of invasive arterial blood pressure monitoring in the
observation window, (ii) patients with non-availability of patient demographics (age, gender, or
age greater than 89 years), (ii1) patients with abnormal SI within the first 7 hours of admission to
avoid biasing the model with patients already in shock, and finally (iv) patients with missing data
in >10% of the observation period.
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External validation cohort. MIMIC-III and SAFE-ICU data were used as external validation
cohorts with similar inclusion and exclusion criteria as described in the development cohort.
Since SAFE-ICU is a pediatric data resource, different SI thresholds were used for different age
groups (SI >2.3 (ages <= 3 months), >1.7 (4-6 months), >1.5 (7-12 months), >1.2 (13-36
months), >1.15 (37-72 months), >0.95 (73-144 months), >0.77 (>144 months))(21).

Prospective validation cohort. Prospective validation cohorts were constructed using
prospectively collected data from the pediatric ICU facility at AIIMS, New Delhi, using the same
inclusion and exclusion criteria.

4.3.2.3 Pre-processing and Scoring

Heart rate, systolic arterial blood pressure, diastolic arterial blood pressure, respiratory rate, and
oxygen saturation were used as the physiological vitals to be used as model predictors. Minimal
pre-processing of the vitals data was done. Vitals data from patients eligible for the development
cohort were imputed using the Kalman filter. The SI score was calculated for each time stamp in
the pre-processed time series. For labelling the time series for clinical deterioration of SI, we
divided each time series into 30-minute time epochs. The onset time of abnormal SI (t \gp) 18
defined as the starting time of an epoch in which the median SI value was greater than 0.7
(Berger et al.. 2013, Birkhahn et al., 2005). The length of training windows was 7 hours, with the
index time defined with a lead time of up to 8 hours from the onset time (Figure 4.13).
Exploratory data analyses were carried out in R software version 3.6 for computation of data
characteristics and assessing the associations of first three days of SI status with length of stay
and mortality incidence.

Ground Truth Definition (Signose)

Ground truth labels for clinical shock were derived exclusively from physiologically measured vital
signs, operationalized through the Shock Index (SI). SI was computed at each time point using heart rate
and systolic arterial blood pressure, and abnormal shock onset was defined using a clinically established
threshold (SI > 0.7). Administrative diagnostic codes (e.g., ICD codes) were not used to define shock
labels in this study. This physiologically grounded labeling strategy avoids the known limitations of
retrospective coding, such as misclassification and temporal delay, and ensures that model training
reflects real-time clinical deterioration.
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Figure 4.13: Each 30-minute time window is labeled as shock-positive or shock-negative. A 420-minute observation
window is used to predict shock status up to 8 hours ahead

4.3.2.4 Engineering Explainable Feature and Feature Selection

A set of 3970 TS-features, including linear and nonlinear physiological features such as
statistics, periodicity, wavelet, entropy, and other complex features, were extracted using tsfresh
(Christ et al., 2018) library. TS-features are explainable and capture physiological domain
understanding, as opposed to black box features using deep learning. Variable selection was
performed using a random forest based Boruta algorithm (Kursa & Rudnicki, 2010),
implemented in R.

4.3.2.5 Model Development, Evaluation, and Interpretability

The development cohort consisted of patients who had abnormal SI within the next 8 hours of
the index time. The outcome variable- abnormal SI within the next 8 hours was defined by SI
scores. Since generalizability requires the models to perform across different sites, the training
and testing sets were designed to contain non-overlapping clinical sites. Five-fold
cross-validation sets were constructed, and hyperparameter tuning was performed to achieve the
best performance on the validation set using grid search. F1 thresholds were used as probability
cutoffs derived from the validation set. Results were reported as the median and standard
deviation on fivefold test sets. The AUROC, the AUPRC, and Recall & Precision were evaluated
on the test set. Since only a small subset of patients has invasive arterial blood pressure
monitoring, two variants of the model (with and without invasive monitoring) were constructed
and compared on the same number of samples. The model output threshold of the pre-trained
model was tuned to the validation set to improve model generalization on unseen data. Model
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performance for different types, i.e., medical, coronary care, surgical, cardiac surgery, and
cardiothoracic ICUs, was evaluated. A comparison of model performance indicators for different
lead times, age groups, and time since admission was also done. Further, we compared standard
ML models with feature engineering with LSTM(Hochreiter & Schmidhuber, 1997) models
without feature engineering. For the first approach, vitals TS-features were computed, z-score
normalized, and used for training GBM(Eriedman, 2001), random forest(Breiman, 2001), and
multilayer-perceptron models using the sklearn( Pedregosa et al.. 2012) library in Python version
3.6.3. The catalogue of TS-features includes statistical, frequency domain, and nonlinear features
(Table 4.9). In the second approach, Bidirectional LSTM (Bi-LSTM)(Schuster & Paliwal. 1997)
and Convolutional Neural Network LSTM (CNN-LSTM) models were fitted on the raw
time-series from vitals in Python 3.6 using Keras (version 2.3.1), Tensorflow (version 2.1.0), and
a softmax activation was used to generate probability scores. In the third approach, we used
LLaMA-7B (Grattafiori et al., n.d.) with structured vital sign time-series data to evaluate the use
of LLMs for shock prediction. Each patient record included demographic information (age,
gender) and physiological variables recorded at 5-minute intervals: oxygen saturation, heart rate,
respiratory rate, and arterial systolic and diastolic blood pressure. These data were preprocessed
and converted into structured textual prompts designed to describe patient vitals and their

temporal progression. The prompts followed a standardized instruction-based format and were
input into LLaMA-7B to generate contextual embeddings representing each patient's
physiological state.

The prompt was

Instruction: Analyze the following medical data and predict the outcome.

Instruction: Analyze the following medical data and predict the outcome.

Input: Age: {age!, Gender: {gender}, This data includes observations at 5-minute intervals
containing - Oxygen saturation (%): {os2}, Heart rate (bpm): {hrate}, Respiratory rate
(brpm): {resp rate}, Arterial systolic blood pressure (mmHg): {ss}, Arterial diastolic blood
pressure (mmHg): {sd}

These embeddings were then used as features in multiple machine learning models SVM,
XGBoost, LightGBM, and AdaBoost for the downstream classification task of clinical shock
prediction. This setup allowed us to compare the embedding-based approach with traditional
time-series modeling techniques.

Age and gender were included as covariates in all the approaches. The winning approach and the
fine-tuned models were tested for generalization and prospective validation. EQUATOR
(Enhancing the QUALIlity and Transparency Of Health Research) Network’s TRIPOD(Collins et
al., 2015) guidelines were followed for developing the machine learning models and for
reporting results.
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Table 4.9 Non-linear time-series features Description

SI.No [ Feature Description
1 Absolute Energy (abs_energy) Returns the absolute energy of the time series
Continuous Wavelet Transform CWT proposes a time scale illustration of a signal. The

2 Coefficients (cwt_coefficients) duration of the examined signal will assist in dynamically
identifying non-linearities.

Fast Fourier Transformation Coefficient This feature uses the Fourier transformation algorithm to

3 (fft_coefficient) calculate the Fourier coefficients for the one-dimensional
discrete Fourier transform.

4 Mean This feature will return the mean of x.

5 Quantile Calculates the q quantile of x. The quantile divides the
sample into equal-sized adjacent subgroups.

6 Lag (c3) For all the time series, perfect correlation will be at lag=0.
The shift in the time series will decrease the correlation
value.

7 Sum of re-occurring data points Returns the sum of all the time series data points that

(sum_of reoccurring_datapoints) occur more than once.

8 Sum (sum_values) Will calculate the sum over the time series values.

9 Minimum The minimum number is the least value among the given
set of values.

10 Energy ratio by chunks This is expressed as a ratio of the sum of all the squares of
(energy ratio by chunks) chunk i over the whole series of chunks.

11 Partial Autocorrelation This provides the partial correlation for a time series
(Partial autocorrelation) under stationary conditions.

12 Aggregated linear trend This calculates the value for an aggregation function of a
(Agg linear trend) linear least squares regression.

13 Linear trend (linear trend) This will calculate the linear least-squares regression over

one less than the length of the time series.

14 Asymmetric statistic It means that the entropy will increase as time passes.
(time reversal asymmetry_statistic)

15 Approximate entropy It calculates the non-stationary and chaotic time series.
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(approximate entropy)

16 Binned entropy (binned entropy) It will first bin the values and then measure the entropy
value.
17 Maximum This feature calculates the highest among the time series
values.
18 Mean change (mean_change) It provides the mean value of the difference between time
series values.
19 Median This feature provides the median over time series values.
20 Change quantiles (change quantiles) First, select the corridor on the y-axis, and then within this
corridor, calculate the mean of the absolute change in the
series.
21 Ratio beyond sigma These are the ratios beyond the r-sigma and are away from
(ratio_beyond r sigma) the mean of the series.
22 Index mass quantile These calculate the relative index where x% of the mass
(index mass_quantile) of the time series is present at the left of the relative index.
23 Sum of reoccurring values These are the sum of all the repeated values in the series.
(sum_of reoccurring_values)
24 Longest strike below mean This is the length of the longest strike (consecutive
(longest strike below_mean) subsequence) which is below the mean of the time series.
25 Continuous Wavelet Transform peak After the smoothing of time series with a Ricker wavelet
(number_cwt_peaks) function, this feature provides the number of peaks in the
time series.
26 Autocorrelation This provides the partial correlation for a time series
under a stationary condition.
27 Largest fixed point of dynamics When the time series is fitted to the Langevin model
(max_langevin_fixed point) (with deterministic dynamics), this parameter gives the
largest fixed point of the dynamics.
28 percentage of reoccurring_values to_all | In the given time series, this parameter gives a normalized
_values ratio of all the unique values that are there in the time
series more than once.
29 ratio_value number to time series leng | This measure is closely related to

th

percentage of reoccurring_values to all values, as this
gives an output equal to 1 if every single value in the time
series occurs only once. If the case isn’t so, the output
value would be less than 1.
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30

Standard deviation

Calculates the standard deviation of the time series.
Expresses a measure that signifies how much all the
values of the time series differ from the mean value of the
time series.

31

Variance

Calculates the variance of the time series. It is the square
of the standard deviation.

32

Autoregressive coefficient
(ar_coefficient)

In a given time series, this first fits an autoregressive
process’s unconditional maximum likelihood to it and
then continues to calculate the AR coefficients.

33

sample_entropy

This parameter provides us with a measure of complexity.
Closely related to approximate entropy, it has several
advantages over it, such as data length independence and
lower computational cost.

34

fft aggregated

This feature contains several of the properties of the time
series, such as skew, variance, etc.

35

kurtosis

In a frequency distribution curve of a time series, this
parameter gives a measure of how sharp the peak would
be.

36

Percentage of reoccurring_datapoints_to
_all datapoints

In a given time series, this parameter gives a percentage of
all the unique values that are there in the time series more
than one  time. This is  different  from
percentage of reoccurring_values to all values, as this
percentage is normalized with respect to the unique
values, rather than all of the data points.

37

skewness

Skewness gives a measure of the asymmetry in the time
series, or in other terms, shows on which side the time
series leans towards (left or right).

38

Cid ce:

This is a function calculator that estimates the complexity
of time series.

39

Last location_of minimum :

The location of the minimum value of x I'd calculated
with respect to the length of x.

40

Spkt welch_density

In this feature calculator, it first shifts the time series x
from the time domain to the frequency domain. Then it
estimates the cross-power spectral density.

41

Count_below_mean

This function will return the number of values of x that
may fall below the mean of x.
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42 agg autocorrelation This function takes different lags into consideration and
then calculates the value for an (fgg) aggregation function
over the (R(1))autocorrelation.

43 Number peaks : In time series X, this function will calculate the number of
peaks that are at least n.

44 Absolute sum_of changes: This function returns the sum of the absolute value of the
consecutive changes in the time series x.

45 Mean_abs_change This function returns the mean of the absolute difference
between the subsequent time series values.

46 Longest strike above mean: This function returns the length of the longest consecutive
subsequence in x that is bigger than the mean of x.

47 Friedrich_coefficients: It is the coefficient of the polynomial h(X), where h(x) is
fitted to the deterministic dynamics of the Langevin
model.

48 Augmented dickey fuller: The test, which checks if the unit root is present in a time

series sample, is called the augmented Dickey-Fuller test,
which is a hypothesis test.

49 First_location_of maximum: The first location of the maximum value of x is calculated
with respect to the length of x.

50 First location_of minimum The first location of the minimum value of x is calculated
with respect to the length of x.

51 Mean_second derivative central: This function will return the mean value for the central
approximation of the second derivative.

4.3.2.6 SHAP value computation for model interpretability

SHAP is a method that assigns each feature an importance value based on game-theory
principles(Lundberg et al.. n.d.). The SHAP values represent the influence of features on model
prediction. SHAP value distribution of each feature for all the test sets was computed. All the
test sets were combined to plot the model explanation regarding the top 15 important features
and their relationship with SHAP values.

4.3.2.7 Model generalization & prospective validation

SIgnose model performance was validated on publicly available retrospective
MIMIC-III(Johnson et al.. 2016) and in-house Pediatric data- SAFE-ICU (Sethi et al., 2017) for
external validation. Prospective validation was performed on in-house pediatric data. Both the
data were pre-processed to offset the data-specific variation, such as time resolution and data
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cleaning from the HL7 format in SAFE-ICU. The high-resolution MIMIC-III data and
SAFE-ICU data were summarized to a 5-minute resolution to harmonize with the requirement of
our model trained on eICU data. For each dataset, three modeling scenarios were compared for
validation: (i) with fine-tuning of parameters, (ii) without (w/0) fine-tuning, and (iii) siloed
model i.e., developed only on the respective site’s data. The model weights and the probability
threshold were tuned to the external setting. Finally, prospective validation of the model was
performed on the SAFE-ICU data collected from February 2020 to August 2020.

Model Selection Rationale:

A combination of traditional machine learning models and deep learning
architectures was evaluated to assess trade-offs between interpretability, temporal
modeling capacity, and generalizability. Tree-based models and multilayer
perceptrons were selected to leverage engineered physiological time-series features,
while LSTM-based architectures were explored for their ability to model long-range
temporal dependencies directly from raw signals. Large language model-based
embeddings were included as an exploratory comparison to evaluate their suitability
for structured physiological time-series data."

Temporal Integrity of Evaluation:

Temporal separation between training and test data was ensured through the
lead-time-based construction of observation windows prior to abnormal shock index
onset, combined with patient- and site-level partitioning. Random splitting across time
was not performed, preventing look-ahead bias.

4.3.3 Results

4.3.3.1 Data characteristics

The development cohort comprised patients from the eICU database across various ICU types,
including MICU, SICU, CCU, and others, with a minimum of 7.5 hours of continuous vitals
monitoring. External validation was performed on both adult (MIMIC-III) and pediatric
(SafeICU) datasets, using consistent inclusion and exclusion criteria. Additionally, a prospective
validation cohort was constructed using pediatric ICU data from AIIMS, New Delhi, ensuring
applicability across age groups and real-world clinical settings.

The constructed cohort from the eICU database consisted of 16,246 ICU-stays, with 12,109
having at least one episode of abnormal SI (Figure 4.14). The higher prevalence of abnormal SI
in this cohort reflects the development cohort criteria, which include arterial blood pressure for
assigning ground-truth labels. The median LOS of patients was 3.1 days, while in the abnormal
SI, the LOS was significantly higher at 4.28(6.79) days, as shown in Table 4.10.
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Figure 4.14 Data Preparation and Cohort Formation 4.14a.) In eICU, 200,859 admissions as a starting point, with
8108 ICU-stays removed due to the unavailability of the vitals time-series data, 4.14b.) MIMIC-III and 4.14c.)

safelCU data for cohort building
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Table 4.10 Characteristics elCU cohort observational window captured 4 hours earlier than the abnormal shock

index

Variables Median (IQR) Statistical Test

Normal Shock Index Abnormal Shock Negative log10 P-value

n=4137 Index

n=12109

Age (years) 70(17) 66 (19) 29.53(w)*
Arterial Systolic Blood 138 (26) 133.5 (26) 32.8(w)*
Pressure, mm Hg
Arterial Diastolic Blood | 58(15.5) 59 (16) 4(w)*
Pressure, mm Hg
Heart rate, per minute | 66 (14) 73 (15) 216.82(w)*
Respiratory rate, per 16 (4) 18(6) 88.31(w)*
minute
Oxygen Saturation 98(4) 98 (4) 0.22(w)
Gender (Female %) 40% 37% 2.15(c)*
Length of stay (days) 1.18(1.43) 4.28(6.79) ~0(w)*

Values are Median (IQR) unless indicated, *significance level at negative log10 p-value >= 1.3, Wilcoxon (W) rank
sum test (non-parametric) or Student’s t-test (t) (parametric) were used after testing for the normality assumption. c
- Chi-squared test of proportions.

Details of included and excluded cohorts for external validation sets extracted from MIMIC-III
and safelCU are shown in Figure 4.14b, 14c. Data characteristics of external validation sets are
shown in (Table 4.10, 4.11) SI status within the first 3 days of ICU stay was associated with both
ICU mortality (all p values <0.05) and Length of Stay (all p values <0.001) in all three datasets
(Table 4.12, 4.13). Therefore, we hypothesize that by generating the early decision-making signal
for the incidence of abnormal SI, we can reduce the risk of clinical outcomes, i.e,. mortality, and
higher length of stay (Table 4.12, 4.13).
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Table 4.11: Characteristics of the MIMIC cohort

Statistical Test

Variables Median (IQR)

Normal Shock Index Abnormal Shock Index Negative log10
n=482 n=1101 P-value

Age (years) 65.76(21.06) 65.57(20.04) 0.057(w)*

Arterial Diastolic Blood Pressure,

mm Hg 60.4(6.4) 59.1(5.64) 0.471(w)*

Arterial Systolic Blood Pressure,

mm Hg 129(11.51) 118.45(10.6) 16.03(w)*
Heart rate, per minute 69(4.43) 86.35(4.71) 84.61(w)*
Respiratory rate, per minute 17.2(2.64) 18(2.9) 4.48(w)*
Oxygen Saturation 97(1.17) 97(1.35) 0.033(w)*
Gender (Female %) 43%, 40% 0.31(c)*
Length of stay (days) 2.02(2.82) 3.56(4.89) ~0(w)*

Table 4.12: Characteristics of the safelCU cohort
Variables Median (IQR) Statistical Test
Normal Shock Index Abnormal Shock Index Negative log10
n=89 n=206 P-value

Age (months) 18.5(80.09) 5.12(15.18) 6.97(w)*

Arterial Diastolic Blood Pressure, [50.06(3.5) 48.68(0.58) 1.68(w)*

mm Hg

Arterial Systolic Blood Pressure, |94.96(5.01) 93.06(0.96) 1.01(w)*

mm Hg
Heart rate, per minute 132.85(8.14) 128.5(7.12) 1.53(w)*
Respiratory rate, per minute 31(4.53) 34.98(4.38) 2.33(w)*
Oxygen Saturation 97(2.32) 95.85(2.43) 4.44(w)*
Gender (Female %) 37% 38% 0.03(c)

Length of stay (days) 4.16(5.20) 9.63(11.98) 196.94(w)*
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Table 4.13: Association of mortality with the first three days of shock index status

Outcome Cohort Odds ratio 95%CI P-value
elCU 12.01 8.96-16.56 <0.0001
MIMIC-1II 1.79 1.07-3.03 0.029756

Mortality safelCU 3.26 1.27-10.26 0.021693

Table 4.14: Association of LOS with the first three days of shock index status

Outcome Cohort IRegression Coefficient [95%CI P-value
elCU 4.64 4.41-4.88 <2.2x10-6

LOS MIMIC-III 1.20 0.79-1.61 <0.0001
safelCU 4.69 2.19-7.17 0.0002

4.3.3.2 Model performance on eICU data

Deep learning models such as the CNN-LSTM model achieved a maximum percentage mean
(SD) AUROC of 80(2), and a percentage mean (SD) AUPRC of 89(2). Bidirectional-LSTM
achieved a maximum percentage mean (SD) AUROC of 83(1), and percentage mean (SD)
AUPRC of 90(1). The TS-Feature set included 51 classes of 3970 linear and nonlinear time
series features listed in (Table 4.9). Of these, 2,120 were statistically significant for variable
importance z-scores in the Boruta feature selection analysis. From the models trained on
TS-features, GBM achieved higher performance with a percentage mean (SD)AUROC of
86(1.2) and percentage AUPRC of 93(1.1) (Figure 4.17a. 4.17b, Figure 4.15a. b). It identified
92% of all the shock events with an overall precision of 81% (Figure 4.17¢).

The non-invasive variant of this model (Signose non-invasive) obtained a percentage mean (SD)
AUROC of 81(1), a percentage mean (SD) AUPRC of 90(1), and the overall recall was 90%
with a precision of 79%. Oversampling of the minority class and under-sampling of the majority
class to correct for class imbalance did not have a significant effect on the performance of this
model (Figure 4.16a, b). On the basis of these characteristics, the GBM model trained upon
TS-Features was taken forward as the shock early warning system (SIgnose) for validation across
ICUs and validation.
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Figure 4.15 Model training on TS-features. 4.15a.) AUROC 4.15b.) AUPRC, different models trained on the eICU

hospital splits. Gradient boosting classifier was found to be the best-performing model.
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Figure 4.16 Signose with oversampling of the minority class, and random undersampling of the majority class
4.16a.) AUROC 4.16b.) AUPRC, Slgnose with oversampling of the minority class, and random undersampling of the
majority class.

4.3.3.3 Assessing LLM's predictive Performance on eICU Data

To assess the potential of LLM-based embeddings, LLaMA-7B was applied to structured
S5-minute interval time-series vitals data from eICU. Text prompts encoding demographic and
physiological information were input into the model to extract contextual embeddings, which
were then used in machine learning classifiers. In the elCU-only setup, models trained and tested
on elCU embeddings (5-fold cross-validation) showed strong performance across classifiers
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(Table 4.15). This result indicates that LLaMA embeddings capture meaningful signals when
training and testing are siloed within the same dataset.

Table 4.15 LLaMA Model Performance on elCU (5-Fold Cross-Validation, Mean + SD)

Model Accuracy Precision Recall F1 Score ROC AUC AUPRC
XGBoost 0.79+0.01 0.79+0.01 0.79+0.01 0.77+0.01 0.85+0.01 0.92+0.01
AdaBoost 0.78+0.01 0.77+0.01 0.78+0.01 0.77+0.01 0.82+0.01 0.90+0.01

LightGBM 0.78+0.02 0.78+0.01 0.75+0.02 0.75+0.02 0.83+0.01 0.91+0.01
SVM 0.82+0.01 0.82+0.01 0.82+0.01 0.81+0.01 0.88+0.01 0.94+0.01

4.3.3.4 Model performance for different lead times, age groups, unit types, and time since
admission

As with all the models tested, the performance of Signose dropped with the increase in lead time
from 0 to 8 hours. However, the model recall was greater than 89% for all lead times up to 8
hours. (Figure 4.17c). The model performance indicators AUPRC and AUROC remained
consistent for different age groups, with a slight decline in higher age groups above 60 years.
However, AUROC increased for age groups above 60, and the model recall remained above
90%, with precision above 79% for all age groups (Figure 4.17d). All ICU types except for
cardiac surgery ICU and neuro ICU were found to have recall rates above 90%. The latter had
marginally lower recall and precision, respectively (Figure 4.17¢). The overall recall of the
model increased with length of stay, with 90% recall after the 13th hour of stay (Figure 4.17f).

a) AUROC for abnormal shock index prediction b) AUPRC for abnormal shock index prediction
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Figure 4.17 Model performance on eICU data. 4.17a) AUROC for the prediction of abnormal shock index in the
next 5 min to 8 hours. 4.17b) AUPRC for the prediction of abnormal shock index in the next 5 min to 8 hours.
4.17¢c) Model performance for different lead times or times before the event. 4.17d) Model performance for different
age groups, eICU data contains adult age groups. 4.17e) Model performance in different unit stay types (CCU —
coronary care unit, CSICU- cardiac surgery ICU, CTICU- cardiothoracic ICU, MICU- medical ICU, SICU-
surgical ICU). 4.17f) recall of the model for each time interval shown on the x-axis for the prediction made during
different lengths of stays in the ICU.

4.3.3.5 Performance of external and prospective validation

We evaluated the predictive performance of LLaMA embeddings across two datasets: MIMIC-III
and eICU. When both training and testing were performed on the MIMIC dataset without
fine-tuning, the SVM model achieved the highest performance (F1 score of 0.79, ROC AUC of
0.84, and AUPRC of 0.90) (Table 4.16). After fine-tuning, SVM continued to outperform others
with further improvements, achieving an F1 score of 0.80 and ROC AUC of 0.85. These results
highlight the benefit of fine-tuning on the target dataset, especially for SVM (Table 4.16).
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In contrast, models trained on the eICU dataset and tested on MIMIC showed a significant drop
in performance, indicating limitations in cross-dataset generalizability. Without fine-tuning,
accuracy ranged from 0.59 to 0.65, and ROC AUC remained below 0.60 for most models. Even
with fine-tuning, performance gains were minimal, with SVM showing the weakest performance
(F1 score = 0.45) and XGBoost achieving the best AUPRC of 0.75 (Table 4.16). These findings
underscore the challenges of transferring LLM-based embeddings across clinical datasets and

emphasize the importance of dataset-specific adaptation.

Table 4.16 Impact of Fine-Tuning on Model Generalization using LLaMA

Llama-Train mimic and Test mimic(siloed MIMIC-5 fold(means+sd)) w/o fine tuning
Model Accuracy Precision Recall F1 Score ROC AUC AUPRC
XGBoost 0.78+0.02 0.78+0.02 0.78+0.02 0.76+0.02 0.81+0.02 0.89+0.02
AdaBoost 0.76+0.02 0.75+0.02 0.76+0.02 0.75+0.02 0.77+0.02 0.87+0.02
LightGBM 0.77+0.02 0.77+0.02 0.77+0.02 0.73+0.03 0.81+0.02 0.89+0.02
SVM 0.80+0.02 0.80+0.02 0.80+0.02 0.79+0.02 0.84:0.02 0.90+0.02
Llama-Train mimic and Test mimic(siloed MIMIC-5 fold(means+sd)) fine tuning
XGBoost 0.80 £ 0.02 0.79 £ 0.02 0.80 +0.02 0.78 £0.03 0.84+0.03 0.91+0.02
AdaBoost 0.78 £0.02 0.77 £ 0.02 0.78 £ 0.02 0.77 £ 0.02 0.80 £ 0.02 0.89 +0.01
LightGBM 0.79+0.03 0.78 £0.03 0.79+£0.03 0.77 £0.04 0.83+0.03 0.90+0.03
SVM 0.81 +0.03 0.81 +0.03 0.81 +0.03 0.80 + 0.03 0.85 +0.02 0.91 +0.03
Llama-Train eICU and Test MIMIC w/o fine tuning
XGBoost 0.59 0.6 0.59 0.59 0.54 0.76
AdaBoost 0.65 0.63 0.65 0.64 0.58 0.79
LightGBM 0.65 0.63 0.65 0.64 0.56 0.76
SVM 0.61 0.6 0.6 0.61 0.57 0.79
Llama-Train eICU and Test MIMIC fine tuning
XGBoost 0.62 0.58 0.62 0.6 0.48 0.73
AdaBoost 0.56 0.6 0.56 0.58 0.54 0.75
LightGBM 0.65 0.62 0.65 0.63 0.52 0.74
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SVM 0.45 0.55 0.45 0.48 0.55 0.79

In contrast, SIgnose, trained solely on eICU data, generalized better to both MIMIC and SafeICU
cohorts without retraining. This underscores the strength of time-series-based modeling in
capturing transferable patterns of physiological deterioration and its potential for deployment in
varied ICU settings.Model generalization scenario of SIgnose with fine-tuning was significantly
higher (p<0.0001) than scenarios without(w/0) fine-tuning and a 2% increase over siloed models.
This achieved an AUPRC of 93% on MIMIC-III (Figure 4.18a) and 91% on safelCU (Figure
4.18b) and an AUROC of 87% both on MIMIC-III and safeICU in five-fold cross-validation.
Therefore, this approach demonstrated an unprecedented model performance on external
validation sites, as seen in (Figure 4.18c, 4.18d). Without fine-tuning, the direct application of
the SIgnose on MIMIC-III and safelCU achieved an AUROC of 78% and 51%, respectively, thus
demonstrating the need to contextualize the pre-trained models (Figure 4.18b, 4.18d). Further,
fine-tuning had a higher effect on improving the precision of the models, which improved by up
to 15%, in comparison to the recall (Figure 4.18e. 4.18f). Prospective validation of the fine-tuned
model on the New Delhi’s safelCU site resulted in an AUROC of 89% and AUPRC of 90%
(Figure 4.18b. 4.18g. 4.18h), thus validating the utility of this model for abnormal SI prediction
in this setting.
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Figure 4.18: Signose Performance 4.18a,b) AUPRC on MIMIC-III and safelCU data, respectively, for siloed,
fine-tuning, and without fine-tuning (w/o fine-tuning). 4.18c,d) AUROC on MIMIC-III and safelCU, respectively, for
siloed, fine-tuning, and without fine-tuning (w/o fine-tuning). 4.18e) Recall of fine-tuned and without fine-tuned
models on safelCU and MIMIC-III data. 4.18f) The precision of fine-tuned and non-fine-tuned models on safel CU
and MIMIC-III data. 4.18g) AUROC for the prospective validation of safelCU data. 4.18h) Time-point-wise model

performance indicators for the prospective validation of Slgnose.

4.3.3.6 Model Interpretability Analysis

The Slgnose model is interpretable and clinically meaningful as it captures non-intuitive
complexity features such as correlation dimension, recurrence quantification, and Benford
correlations as important predictors of future development of abnormal SI, in addition to intuitive
features such as minimum heart rate (Figure 4.19a. 4.19b. 4.19c¢. 4.19d). Importantly, even these

intuitive features are not to perform the trivial task of phenotyping the patient, but for the
non-trivial future prediction of shock, as is commonplace in other complex prediction tasks in
areas such as weather forecasting. Other important features include patient age, wavelet features,
and complexity features of the vital time series.
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Figure 4.19: Model Interpretability Analysis. 4.19a) SHAP values of the top 15 TS-features (descending order)
derived from the five-fold test set on eICU data. The Violin plot shows the distribution of SHAP values. The color
map represents the feature value from low to high. 4.19b) A scatter plot of Heart rate minimum and corresponding
SHAP values shows a positive correlation between the two. 4.19¢) A scatter plot of Arterial Systolic Blood pressure
minimum and corresponding SHAP values, showing a negative correlation. 4.19d) A scatter plot of patient age and

corresponding SHAP values shows a negative correlation. In addition to easily interpretable features such as
minimum heart rate, we find complexity features such as correlation dimension, recurrence quantification, and
Benford correlations to be important predictors of the future development of abnormal shock index.

4.3.3.7 Model validation across several diagnosis categories

SIgnose was evaluated on a range of disease-related outcomes in the MIMIC (adult setting) and
safelCU (pediatric setting) datasets (Table 4.17) In the MIMIC dataset, it showed the highest
sensitivity (87%) and positive predictive value (PPV) (92%) across pneumonia, atrial fibrillation,
and acute kidney injury. For patients with sepsis, SIgnose had the highest sensitivity and positive
predictive value (PPV) in the paediatric cohort (93% and 100%, respectively), whereas, for
patients with hypertension, it showed higher sensitivity and PPV (88% and 94%) than MIMIC
dataset hypertension (82% and 90%). This indicates that our model is broadly applicable to
critical care illnesses.

Deep learning models such as the CNN-LSTM model achieved a maximum percentage mean
(SD) AUROC of 80(2), and a percentage mean (SD) AUPRC of 89(2). Bidirectional-LSTM
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achieved a maximum percentage mean (SD) AUROC of 83(1), and percentage mean (SD)
AUPRC of 90(1). The TS-Feature set included 51 classes of 3970 linear and nonlinear time
series features. Of these, 2,120 were statistically significant for variable importance z-scores in
the Boruta feature selection analysis. From the models trained on TS-features, GBM achieved
higher performance with a percentage mean (SD)AUROC of 86(1.2) and percentage AUPRC of
93(1.1) (Figure 4.17a.b, Figure 4.15a, 4.15b). It identified 92% of all the shock events with an
overall precision of 81% (Figure 4.17¢).

The non-invasive variant of this model (Signose non-invasive) obtained a percentage mean (SD)
AUROC of 81(1), a percentage mean (SD) AUPRC of 90(1), and the overall recall was 90%
with a precision of 79%. Oversampling of the minority class and under-sampling of the majority
class to correct for class imbalance did not have a significant effect on the performance of this
model (Figure 4.16a.b). On the basis of these characteristics, the GBM model trained upon
TS-Features was taken forward as the shock early warning system (SIgnose) for validation across
ICUs and validation.

Table 4.17 Model performance across several diagnosis categories

Sample

Precision Recall AUC AUPRC Diagnosis (n patients) Data
0.9 0.82 0.82 0.88 Hypertension 993 MIMIC
0.94 0.85 0.83 0.92 Heart failure 507 MIMIC
0.92 0.84 0.81 0.9 Atherosclerosis 601 MIMIC
0.93 0.85 0.83 0.91 Diabetes 462 MIMIC
0.92 0.87 0.8 0.91 Pneumonia 448 MIMIC
0.91 0.82 0.84 0.89 Malignant Neoplasm  [361 MIMIC
0.92 0.86 0.83 0.91 Anemia 442 MIMIC
0.91 0.84 0.8 0.9 Coronary Artery 553 MIMIC
0.93 0.87 0.83 0.92 Atrial fibrillation 467 MIMIC
0.92 0.87 0.81 0.91 Acute kidney failure 417 MIMIC
0.89 0.86 0.8 0.87 Chronic kidney disease |219 MIMIC
0.94 0.86 0.83 0.93 Respiratory failure 383 MIMIC
0.93 0.83 0.82 0.91 Hemorrhage 272 MIMIC
0.92 0.84 0.84 0.9 Hypercholesterolemia [291 MIMIC
0.93 0.83 0.82 0.91 Urinary tract infection |274 MIMIC
0.94 0.86 0.83 0.92 Septal defect 45 safelCU
0.89 0.89 0.81 0.88 Pneumonia 38 safelCU
0.96 0.92 0.79 0.95 Acyanotic congenital |27

heart disease safelCU
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Sample

Precision Recall AUC AUPRC Diagnosis (n patients) Data
0.9 0.82 0.82 0.88 Hypertension 993 MIMIC
0.89 0.85 0.59 0.89 Shock 23 safelCU
0.94 0.88 0.84 0.93 Hypertension 22 safelCU
0.91 0.83 0.85 0.88 Congenital heart 20

disease safelCU
0.82 0.88 0.64 0.82 Gastroenteritis 21 safelCU
1 0.93 1 1 Sepsis 14 safelCU
1 0.9 0.95 0.99 Lower respiratory tract |12

infection safelCU
1 1 1 1 Congestive heart failure |9 safe]lCU

4.3.3.8 Assessing LLM's predictive Performance on eICU Data

To assess the potential of LLM-based embeddings, LLaMA-7B was applied to structured
S5-minute interval time-series vitals data from eICU. Text prompts encoding demographic and
physiological information were input into the model to extract contextual embeddings, which
were then used in machine learning classifiers. In the eICU-only setup, models trained and tested
on elCU embeddings (5-fold cross-validation) showed strong performance across classifiers
(Table 4.18). This result indicates that LLaMA embeddings capture meaningful signals when

training and testing are siloed within the same dataset.

Table 4.18 LLaMA Model Performance on eICU (5-Fold Cross-Validation, Mean + SD)

Model Accuracy Precision Recall F1 Score ROC AUC AUPRC

XGBoost 0.79+0.01 0.79+0.01 0.79+0.01 0.77+0.01 0.85+0.01 0.92+0.01
AdaBoost 0.78+0.01 0.77+0.01 0.78+0.01 0.77+0.01 0.82+0.01 0.90+0.01
LightGBM | 0.78+0.02 0.78+0.01 0.75+0.02 0.75+0.02 0.83+0.01 0.91+0.01
SVM 0.82+0.01 0.82+0.01 0.82+0.01 0.81+0.01 0.88+0.01 0.94+0.01

4.3.4 Discussion

The development of machine learning-based early warning systems for ICUs has been an active
area of research in recent years(Nemati et al., 2018, Hyland et al.. 2020, Mao et al., 2018).
However, many of these models have not been successfully implemented in clinical practice due
to issues with generalizability, interpretability, and integration into clinical workflow(Kelly et al.,
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2019). In this study, we developed a model called Signose, which uses routinely collected vital
signs data to predict the onset of abnormal SI in critical care patients. The SI is a widely accepted
objective indicator of a variety of outcomes in emergency and critical care settings, and it can be
easily calculated from routinely monitored vital signs data in real-time, making it potentially
applicable to ICUs around the globe. Our results reiterate the value of SI in prognosticating
outcomes such as mortality and length-of-stay in all three datasets.

To ensure clinical applicability, we focused on using readily available vital signs data rather than
more complex and heterogeneous data, which can hinder the adoption of prediction models,
particularly in conditions such as sepsis. The features used in the model were derived from time
series data on five physiological vital signs and were selected due to their availability at the
bedside in a variety of settings and across different age groups and geographic locations.
Minimum pre-processing was carried out in order to preserve physiological signals, and the
choice of Kalman filtering is based on its established ability to impute missing values in
time-series data(Baddoo et al.. 2021, Johnson et al.. 2016). The winning model (gradient
boosting machine, GBM) was used as our final model for the prediction of abnormal SI due to its
higher performance (Figure 4.17a.b, Figure 4.18a.b). Recent research on tree-based models
suggested that tree-based models have different inductive biases that enable them to excel on
tabular data(Grinsztajn et al., 2023). The model was able to predict 92% of all abnormal SI
events 8 hours ahead of the onset, with similar performance on external validation datasets. An
8-hour prediction was chosen to provide reliable predictions, with a sufficiently long actionable
window, thus balancing the need for early intervention and the need for accurate prediction. The
model also performed well in a pediatric population, with an average area under the receiver
operating characteristic curve (AUC) of 87% and area under the precision-recall curve (AUPRC)
of 92% on an external validation dataset in India, surpassing the AUC of 82% reported in a
previous study that used 36 variables, including vitals and laboratory investigations, to predict
the onset of hemodynamic instability in pediatric patients(Potes et al., 2017). However, it is
noteworthy that the study data is different, so it may not be directly comparable. However, we
believe that this comparison is valuable because it allows us to assess the generalizability and
accuracy of the SIgnose model compared to the available model for the pediatric population.

We also provided some computational guidelines for building clinically relevant predictive
models, including the use of transfer learning to improve generalizability. In this study, we
demonstrated the effectiveness of "feature transfer," in which the features of the model were
transferred to different settings and fine-tuned to improve overall AUC and precision while
maintaining a high recall rate. We performed external validation of our model on the safelCU
pediatric dataset. We chose to evaluate our model on a pediatric cohort for several reasons. First,
the physiological characteristics of the SI may differ between pediatric and adult patients, due to
differences in body size, composition, and function. Therefore, it is clinically important to
evaluate our model on a pediatric cohort to assess its generalizability and performance in this
population. Secondly, the strength of the modeling approach was assessed through a feature
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transfer from adult to pediatric patients, as their physiological features may share some
similarities. Hence, the evaluation of models across geographies and age groups was preferred.
Our model initially showed an AUROC of 51% and AUPRC of 75% on the SAFE-ICU dataset,
outperforming random chance, particularly effective for imbalanced datasets, evidenced by
strong sensitivity, precision (PPV), and F1 score metrics. However, when we retrained the model
on the safeICU data, we observed a significant improvement in performance, with an AUROC of
88.5%. This suggests that our model can adapt to new data and generalize to different patient
populations and care settings. Additionally, using SHAP analysis, we find easily interpretable
features such as minimum heart rate, complexity features such as correlation dimension,
recurrence quantification, and Benford correlations to be important predictors of the future
development of abnormal SI.

The model was also found to have broad applicability across different critical care illnesses, with
particularly high sensitivity and positive predictive value for sepsis in the pediatric population
and for pneumonia, atrial fibrillation, and acute kidney injury in the MIMIC-III dataset. For all
patients who may go into shock, the physiological hemodynamic instability is a final common
pathway in many illnesses. We intended the model to be applicable to the early detection of this
cascade that leads to multiple organ failure. We have profiled our model over a range of the most
frequent diagnoses and show that the model performance is similar across the conditions (Table
4.17). A key strength of SIGnose is its performance despite the dynamic nature of physiological
regulation of SI. While this confirms the presence of early warning signals before the initiation
of therapeutic interventions or overt physiological decompensation, it also highlights the scope
for future improvement of the model, where real-time interventions may be included for
improved predictions.

In parallel with Slgnose, this work also explored the utility of Llama-based embeddings with
classical machine learning classifiers for early prediction of abnormal SI across clinical datasets.
While promising results were obtained within individual datasets (e.g., ROC AUC of 0.85 on
MIMIC after fine-tuning), the embeddings showed poor generalizability when transferred across
datasets. Performance significantly deteriorated when models trained on eICU were applied to
MIMIC, even with fine-tuning, with F1 scores dropping below 0.50. This suggests that
LLM-derived embeddings may encode dataset-specific biases and lack the robustness required
for cross-setting clinical applications. In contrast, the SIgnose model, developed using
time-series vital signs and minimal preprocessing, demonstrated strong generalization.

There are some limitations to this study. There are concerns, such as alarm fatigue, which can
have an adverse impact on patient care as it can cause ICU staff to delay their response to alarms,
ultimately compromising patient safety(Alsuyayfi & Alanazi, 2022). The predictions are being
made at 8-hour intervals; hence, our models are least likely to contribute to alarm fatigue.
However, it is important to note that this strategy alone may not be sufficient to completely
eliminate alarm fatigue. It is also important to consider other factors that may contribute to alarm
fatigue, such as the design of the alarm system and the types of alarms that are used.
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Another limitation of the SIGnose model is that it is not applicable to all types of shock (e.g.,
shock induced by symptomatic bradycardia). However, the goal of this study was the early
detection of the most frequent type of shock encountered in the ICU settings. Future studies are
planned to explore the use of different thresholds for defining abnormal SI and their association
with a wider variety of severity of shock spectrum.

Finally, the use of a shock index, the SI, as an overall indicator of outcomes may not capture the
full complexity of the critical care setting. Despite these limitations, we believe that the model
presents a promising approach for predicting abnormal SI in critical care and emergency settings,
and we have made the model openly available to facilitate its use and further development.
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Chapter-5

Drug Safety and Interaction Analysis in the ICU

5.1 Potential Drug-Drug Interactions in the Pediatric Intensive Care Unit

5.1.1 Introduction

Potential drug—drug interactions (pDDI) happen when the toxicity or efficacy of one drug is
changed by another(Hassanzad et al.. 2018). Despite efforts to minimize the occurrence of
pDDIs through the use of known pharmacological characteristics and local or national
interventions, real-world data consistently demonstrate a significant prevalence of pDDIs
worldwide. This suggests that pDDIs, although preventable, continue to be a persistent
issue(Mousavi et al., 2017). pDDIs are more common than expected in critically ill patients due

to the off-label and wunlicensed drug administration, thus requiring rigorous
investigation(Morales et al., 2018, Hassanzad et al., 2020). Patients admitted to ICUs often have
multi-morbid pathology and receive multiple medications, thus raising the probability of pDDIs;
this places pediatric patients at an increased risk of DDIs due to the potential for
pharmacokinetic and pharmacodynamic interactions. Thus, DDIs can have profound implications
on patient safety and treatment outcomes, making their identification and management crucial.

Previous studies have provided insights into the prevalence and clinical implications of pDDIs in
pediatric healthcare settings. A study conducted in a tertiary care children's hospital in India
found that approximately 63-11% of pediatric ICU patients were exposed to at least one potential
DDI, with an average of 2:27 interactions per prescription(Rao et al.. 2019). This high
prevalence highlights the vulnerability of critically ill children to the risks associated with drug
interactions. A multicentric study conducted across 43 freestanding general children’s hospitals

reported that approximately 75% of pediatric patients experienced at least one potential DDI,
with 69% categorized as severe interactions(Dai et al., 2016). Despite efforts to raise awareness
about DDIs, the knowledge and understanding among healthcare professionals and patients may
still be limited. Various research studies have investigated the level of knowledge among medical
residents regarding DDIs. A study conducted among physicians in China revealed that a mere
15-1% of healthcare professionals demonstrated awareness of all clinically significant DDIs
present in their patients' prescriptions. This finding highlights the potential gaps in knowledge
and emphasizes the need for further education and awareness programs to improve
understanding and mitigate the risks associated with DDIs(Yuan et al., 2021).

Not all pDDIs are harmful. However, some of them could result in toxicity, ADRs(Fernandes et
al., 2019, Jiang et al., 2022), and/ or reduced treatment efficiency. These could lead to clinical
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manifestations, including unmet treatment goals, worsening of the patient’s condition, or even
death. Additionally, they significantly influence healthcare service consumption, particularly on
hospitalization rates, and have significant economic repercussions that raise expenses for
individuals and healthcare systems(Morales et al., 2018, Kardas et al., 2021, Smithburger et al.,
2010).

Although insufficient data are available for pDDIs in pediatric ICUs in India, studies in ICUs and
Emergency Departments published from Mexico, Pakistan, and Ethiopia have shown the
prevalence and associations of pDDIs(Hassanzad et al.. 2018, Morales et al., 2018, Lima et al.,
2020, Hassanzad et al., 2020, Ismail et al., 2017, Getachew et al., 2016, silva et al., 2013) LOS
was among the most significant, and a regression analysis(Lima et al., 2020) showed an increase
in the number of days in the PICU LOS in children with major pDDIs. Other reported
associations of pDDIs in the ICUs included the number of drugs prescribed, female gender, age,

and specific illness categories such as neoplasms(Krecak et al., 2023). Identifying pDDIs in

real-time decreases the likelihood of unexpected drug interactions and reduces the cost of drug
production.

The primary goal of our study was to recognize and avoid significant pDDIs in critically ill
children admitted to the PICU at AIIMS, Delhi. To achieve this, we conducted a retrospective
analysis to study the frequency and outcomes of pDDIs. By understanding the prevalence and
consequences of pDDIs in the vulnerable patient population, our research aims to contribute to
developing tools and strategies that can help medical practitioners prevent adverse health and
economic outcomes associated with pDDIs. Further, we have developed a software application
named “Contralndicator” to keep real-time tracking of pDDIs based on the interactions of
patients admitted to ICUs. This software is designed to assist clinicians in monitoring and
managing pDDIs more effectively. By providing real-time alerts about potential drug
interactions, our application aims to improve the efficacy of medication regimens in critically ill
children. Additionally, “Contralndicator” allows clinicians to upload prescriptions, automatically
identifying and displaying all potential drug-drug interactions among the prescribed medications,
further enhancing clinical decision-making.

5.1.2 Methods

5.1.2.1 Study Setting

This retrospective cohort study was conducted at the PICU of the AIIMS, a tertiary care hospital
in New Delhi, India. The study utilized routine data generated as part of standard clinical care.
Data collection spanned a period of five years, from 2016 to 2021. Ethical approval for the study
was obtained from the Ethics Committee under the reference number IEC/NP-211/08-05-2015.
The study did not involve direct interaction with the subjects; instead, it analyzed retrospective
records of the ICU data that had been routinely generated.
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5.1.2.2 Objectives and outcome measures

The objective and outcome measures of this retrospective analysis were to identify pDDIs that
are clinically relevant in pediatric patients receiving medical attention in the pediatric intensive
care unit. The study aimed to determine the frequency and severity of pDDIs. It also looked into
the association between the severity of pDDIs and age and the number of medicines prescribed,
and identified the predictors for PICU length of stay.

5.1.2.3 Variables collected, Procedure, and other measures
SafelCU Framework

The Pediatric ICU of the tertiary care hospital AIIMS in New Delhi, India, provided all the data
used in this study. In the pediatric ICU, there are eight beds in total, including beds for infants.
Servers were configured to gather periodic real-time data(Vats et al., 2022). The prescriptions
(treatment charts) for the patients admitted to the PICU are typed on the Desktop using MS Word
and saved on the same. The daily backup of this data was planned for a specific time. To enable
text mining for information such as gender, age, date of prescription, drugs, and diagnosis, text
files were processed using the Docx—2—txt Python package. Lab results, vital data, and thermal

imaging were also warehoused.
Named Entity Recognition

Named Entity Recognition was performed to distill out the drug entities using MED7
(Kormilitzin et al.. 2021) from the spaCy library on the treatment charts of patients admitted to
the PICU. MED?7 architecture has been pre—trained on the MIMIC-III(Johnson et al.. 2016)
cohort via self—supervised learning. The model was pre—trained for predicting the next word by
implementing spaCy’s cloze—style word reconstruction, which was later fine—tuned on the
named-—entity recognition task. Metadata such as the patient's ID, gender, age (in months),
diagnosis, and the length of PICU stay (in days) were combined with the drugs extracted from
individual clinical notes.

DDInter Database

The DDlInter(Xiong et al.. 2022), a curated database with comprehensive data, helpful
pharmacological guidance, a user—friendly interface, and effective visualization for the scientific
community, was used to characterize each pDDI that had been discovered. Approximately
0-24M DDI associations currently link 1833 US FDA-approved drugs in DDInter. The basic
chemical and pharmacological information for each medicine and its interaction network are

documented. In addition to basic research and browsing, the prescription checking feature is
intended to assist professionals in determining if drug combinations can be used safely. The
registered chemists examined these interactions and divided them into three categories based on
severity: Minor, Moderate, and Major(Xiong et al.. 2022). Our study also compares DDIs for
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various drug pairs, as determined by different databases, including Lexicomp, Medscape,
Drugs.com, and Epocrates (Table 5.1).

Table 5.1 Comparison of DDI pairs across different databases

Pair name DDinter Lexicomp Medscape Drugs.com Epocrates
Database Database Database Database Database

Fluconzole + Major Consider Serious - Use Major Avoid/Use
Fentanyl therapy Alternative Alternative

modification
Fluconazole+Mi | Major Consider Monitor Closely | Major Avoid/Use
dazolam therapy Alternative

modification
Dexamethasone | Major No interactions Monitor Closely | Major Caution Advised
+Fentanyl of Risk Level A

or greater were

identified
Piperacillin+Van | Major Monitor therapy | Monitor Closely | Major Monitor/Modify
comycin Tx
Fentanyl+Ondan | Major Monitor therapy | No interactions | Major Avoid/Use
setron Alternative
Methotrexate+Pi | Major Monitor therapy | No interactions Major Avoid/Use
peracillin Alternative
Dobutamine+Va | Moderate No interactions No interactions Moderate No interactions
ncomycin of Risk Level A

or greater were

identified
Dopamine+Vanc | Moderate Monitor therapy | No interactions Moderate No interactions
omycin
Metoprolol+Sal | Moderate Monitor therapy | Salbutamol Salbutamol Salbutamol
butamol Not available Not available Not available
AmikacintVanc | Moderate Monitor therapy | Monitor Closely | Moderate Avoid/Use
omycin Alternative
Amikacin+Cefo | Moderate Monitor therapy | Cefoperazone Moderate Cefoperazone
perazone Not available Not available
Dexamethasone | Minor No interactions Monitor Closely | Minor Caution Advised
+Midazolam of Risk Level A

or greater were
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identified
Ceftriaxone+He | Minor No interactions | Serious - Use Minor Monitor/Modify
parin of Risk Level A | Alternative Tx

or greater were

identified
Fluconazole+M | Minor No action No interactions | Moderate No interactions
etronidazole needed
Dexamethasone | Minor Monitor therapy | Monitor Closely | Minor Caution Advised
+Isoniazid
Aminophylline+ | Minor Consider No interactions | Minor Caution Advised
Midazolam therapy

modification

5.1.2.4 Population, Sample, and Patient Characteristics

The study did not involve recruiting patients. The retrospective data concurs with the background
rate of pediatric ICU admission for both genders. The study population includes 1069 children
(prescriptions=10486) admitted to the PICU. The study sample (n=862), consisting of children
between the ages of 0 and 18 years who were admitted to the PICU, stayed more than 24 hours
and received at least two medications, was included in the cohort. This cohort was associated
with a total of 7,355 prescriptions. The age groups are delineated as follows: newborns to infants
(<I year of age), toddlers to preschoolers (>=1 year and <5 years), and school-age children to
adolescents (>=5 years of age). The same patient's readmission after 15 days was regarded as a
new case. Of the study population, 37 children were readmitted and included in the study
(n=899). Thus, the cohort consists of 8,010 prescriptions. Prescriptions of the children admitted
to the PICU were analyzed in this study. The collected data included age in months, gender, date
of prescriptions, diagnosis, and the medications prescribed. Topical medications were not
considered in the analysis. The sample size and statistical power needed to support the primary
research hypotheses were calculated using an a priori approach, guaranteeing the study's
sufficient power to identify meaningful connections. The study evaluated important predictors
and found that the statistical power for significant pDDI varied from 0.14 to 1.00 for factors like
gender, age group, and number of medicines. Power ranged from 0.05 to 1.00 for moderate pDDI
but was constantly high (0.99-1.00) for all pDDI. Depending on the predictor, power varied from
0.05 to 1.00 for length of stay. The procedure followed the EQUATOR Network's STROBE and
TRIPOD criteria.

5.1.2.5 Statistical Analysis

The linearity of continuous variables was checked using the Box—Tidwell test, and appropriate
transformations were applied to meet the regression models' assumptions. The VIF was
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calculated to assess the presence of multicollinearity among the predictors. All statistical
analyses were performed using R, and statistical significance was considered if p<0.05.

Following this, the study used the incidence of pDDI severity (major, moderate, and minor)
(Table 5.1) to conduct a descriptive analysis of cases, accounting for variables like gender, age
group, and the number of medications administered (two to four; five or more). Univariate and
multivariate logistic regressions were used to determine if the severity of major pDDI, moderate
pDDI, drugs prescribed, and patient age group were associated with the LOS in the PICU.
Additionally, multivariate Poisson regression was employed to assess the predictors of LOS. The
logistic regression analyses calculated Odds Ratios (OR) with 95% Confidence Intervals (CI),
while the linear regression analysis provided Incidence Rate Ratios (IRR) with 95% CI (Table
5.2).

5.1.2.6 Contralndicator

We have developed a "Contralndicator" dashboard that effectively showcases empirical findings
and raises awareness about pDDIs. This versatile tool can be accessed within an organization
through a local server, enabling usage across multiple computers. Furthermore, it can be made
publicly available with secure access by publishing it online, expanding its reach and impact.
Additionally, “Contralndicator” allows clinicians to upload prescriptions to the dashboard, where
it automatically identifies and displays all drug interactions among the prescribed medications,
enhancing its utility for real-time clinical decision-making. To comprehensively understand the
“Contralndicator” dashboard, we have included a 'proof—of-concept' using dummy data
('sample.csv') as an example. This demonstration can be accessed through our GitHub repository
(https://github.com/tavlab-iiitd/Contralndicator). A thorough documentation of the source code
for the “Contralndicator” application is also available in the same GitHub repository. It is
important to note that our application does not retain any user—uploaded data on either the server
or client sides. “Contralndicator” solely processes the data to generate updated visualizations
without storing user information.

5.1.3 Results
5.1.3.1 Baseline characteristics

The age of children (n=862) admitted to the PICU ranged from one day of life to 18 years old
[Median (IQR)=2-75 (0-41-8)]. A total of 8,010 drug prescriptions for 899 patient admissions
were examined during their length of stay. The number of prescriptions per child ranged from
one to 203 [Median (IQR)=5 (2-10)], and the number of drugs per prescription ranged from two
to 13 (Median (IQR)=4 (3-5)).

Shock 10:6% (95), Pneumonia 10-6% (95), Sepsis 8:4% (75), Febrile illness 6:8% (61), and
Acute kidney injury 5% (45) were the top five diagnoses among pediatric patients admitted to
critical care.
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The analysis of 899 patient admissions revealed that 246 unique pDDIs occurred 3,884 times.

Nearly 50% (n=446) of

those who were admitted to the ICU encountered at least one major,

moderate, or minor interaction (Figure 5.1); at least one major pDDI was identified in 38-8%
(173) of these cases (Table 5.2). The power analysis confirmed that the sample size was
sufficient to detect significant associations for most key predictors in the study. For instance, the

study was well-powered

to detect differences in major and moderate pDDI outcomes based on

age group and the number of drugs prescribed. The statistical power differed for various

outcomes and predictors.
follows: 0.35 for gender

In terms of significant potential pDDI, statistical power was reported as
differences (male vs. female), 0.84 when comparing children under 1

year old with those aged 1 to less than 5 years, and 0.14 when comparing children 5 years and

older with those under 1 year old. Compared to two to four drugs, the effect of consuming five or
more medicines reached a power of 1.00.

Eligible patient-admissions
in the cohort(n=899,
Prescriptions=8010)

Atleast one PDDI ‘—/ \—lﬂu PDDI

Patient-admissions : 446
Prescriptions : 2187
PDDI: 3884

Patient-admissions : 453
Prescriptions : 5823

Major Moderate

Patlent-admissions : 173
Prescriptions : 708

Prescriptions ; 1743
PDDI : 940

PDDI : 2692

Patlent-admissions : 372

Minor

Patlent-admissions : 86
Prescriptions : 240
PDDI : 252

Figure 5.1 Flow chart of potential drug—drug interactions frequency. A summary of the frequency and
classification of pDDIs among the 899 qualified patients and 8010 prescriptions. The graph shows whether pDDIs
occur or not, the total amount of occurrences of pDDI (One prescription may show more than one pDDI)
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Table 5.2 Patient characteristics based on exposure to pDDI

Variables Patient: n(%) | All types of interactions Only major Only moderate
interactions interactions
n % n % n %
Gender
Male 559 (62-18%) 278 309 113 126 228 254
Female 340 (37-81%) 168 187 60 67 144 16°0
Total 899 (100%) 446 496 173 19-3 372 414
Age group (year)
<1 349 (38-82%) 174 19-4 70 80 141 157
>=1 & <5 228 (21-35%) 105 116 40 4-3 90 10:0
>=5 322 (39-82%) 167 186 63 7-0 141 157
Total 899 (100%) 446 496 173 19-3 372 414
Total number of drugs prescribed
24 447 (49-72%) 120 133 41 4-6 81 9-0
5 or more | 452 (50-27%) 326 363 132 147 291 32-4
Total 899 (100%) 446 49-6 173 19-3 372 41-4

When it involved Moderate pDDIs, power measurements were as follows: 0.05 for gender, 0.98
for the comparison with younger age groups, and a perfect value of 1.00 for the comparison with
older age groups and number of medicines consumed. When all pDDIs were considered, power
measures were either perfect or almost perfect for every predictor, with values of 1.00 for the
number of medicines and both age groups and gender at 0.99.

The Length of Stay power analysis showed higher values for age groups and the number of
medicines (0.98 to 1.00) and lower measures for gender (0.05). High statistical power (1.00 and
0.99, respectively) was also demonstrated by the Major and Moderate pDDI outcomes about
Length of Stay.
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5.1.3.2 Drug pairs, frequency based on major, moderate, and minor pDDI

The most commonly prescribed medications during the PICU stay were Fentanyl 15-96%
(5066), Midazolam 13-82% (4387), Vancomycin 9-88% (3137), Meropenem 6-51% (2066).
Among these, the most common drugs involved in major pDDI were fentanyl 13:35% (519),
midazolam 10-55% (410), vancomycin 7-74% (301), fluconazole 5-84% (227), and meropenem
4-55% (177). The most frequent interacting drug pairs were Fentanyl + Fluconazole, Fluconazole
+ Midazolam, Dexamethasone + Fentanyl, Piperacillin + Vancomycin, and Fentanyl +
Ondansetron in major pDDI (Figure 5.2). Table 5.3 shows some of the most frequent interacting
drug pairs concerning major and moderate interactions.

Table 5.3 The frequency of drug interactions in PICU

Severity Interacting drug pairs Frequency N (Patients)

Major Fentanyl+Fluconazole 175 49
Fluconazole+Midazolam 139 42
Dexamethasone+Fentanyl 131 54
Piperacillin+Vancomycin 107 34
Fentanyl+Ondansetron 49 3

Moderate Dobutamine+Vancomycin 469 151
Dopamine+Vancomycin 170 87
Azithromycin+Salbutamol 164 6
Metoprolol+Salbutamol 85 1
Amikacint+Vancomycin 78 35
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Figure 5.2 Drug Pairs, Frequency based on Major pDDI (Left) and Moderate pDDI (Right): The linkages
between various medications involved in potential interactions are shown in this Circos figure. Each drug is a data
point, and the relationships between drugs are shown as ribbons linking the relevant drug pairs. The frequency of
drug interactions is represented by color coding and variable line thickness. While the narrower ribbons depict the

low—frequency interacting drug pairs, the broader ribbons depict the higher—frequency interacting drug pairs.

5.1.3.3 Predictors of pDDI

The results of the Box-Tidwell linearity test confirmed that the log-transformed continuous
predictors satisfied the linearity assumption, with non-significant p-values across most models.
Specifically, the interaction terms for log-transformed age had p-values of approximately 0.97
for major PDDIs, 0.38 for moderate PDDIs, and 0.62 for all PDDIs. Similarly, for
log-transformed total medications, the p-values were 0.31, 0.59, and 0.95, respectively. A notable
exception was found in the major PDDI model for the log-transformed length of stay interaction,
with a significant p-value of 0.004, suggesting a relationship. However, this interaction remained
non-significant for moderate and all PDDIs (p=0.66 and p=0.90, respectively). Due to the
significance of the length of stay interaction in the major PDDI model, it was excluded from the
final analysis to maintain its integrity and avoid potential bias.

The VIF analysis indicated no significant multicollinearity among the predictors used in the
logistic regression models, with all VIF values below the commonly accepted threshold of 5.
Specifically, for major PDDIs, the GVIF values were 1.05 for age group, 1.05 for gender, and
1.05 for the number of drugs prescribed. For moderate PDDIs, the GVIF values were 1.04 for the
age group, 1.00 for gender, and 1.04 for the number of prescribed drugs. For all PDDIs, the
GVIF values were 1.05 for age group, 1.00 for gender, and 1.05 for the number of prescribed
drugs. These findings confirm the absence of multicollinearity in the models.
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A comprehensive analysis was conducted using univariate and multivariate regression analyses
to examine the factors associated with pDDIs. The results, including odds ratios (OR) and
p—p-values for each variable, are presented in Table 5.4 and Table 5.5. The outcomes of the
univariate logistic regression analysis concerning the exposure to one or more pDDIs are
displayed in Table 5.4. The patient's age did not substantially affect the existence of any pDDIs
(p=0-6). Nevertheless, a significant correlation was seen between the presence of all pDDIs and
the prescription of five or more medications (p<0-001). Regarding exposure to major and
moderate pDDIs, the univariate logistic regression analysis revealed the following findings. The
association between major and moderate pDDIs and the patient's age was insignificant (p=0-3
and p=0-5, respectively). However, a significant association was observed with the prescription
of five or more drugs (p<0-001).

Table 5.4 Analysis of Univariate Logistic regression for at least one major, one moderate, and all pDDI

All pDDI Major pDDI Moderate pDDI
Characteristic N OR/ | 95% CI1! | p-value | OR/ | 95% CI!/ | p-value | OR/ | 95% CI/ | p-value
Gender 899
M 559 - - - - - -
F 340 0.94 1 0.68, 1.28 0.7 0.85 ]0.60,1.19 0.3 1.07 1 0.81, 1.40 0.6
Age years 899
<1 349 - - - - - -
>1& <5 228 1.3810.92,2.07| 0.11 0.94 |0.60, 1.44 0.8 1.11 [0.78, 1.58 0.6
=5 322 1.11 1 0.78, 1.59 0.6 0.82 ]0.56,1.19 0.3 091 10.67,1.23 0.5
Number of
drugs 899
prescribed
2-4 447 - - - - - -
5 and more 452 12.7 1 8.22,20.4 | <0.001 | 4.08 [2.82,6.03 [ <0.001 | 8.17 [6.03,11.2 | <0.001

1 CI = Confidence Interval, OR = Odds Ratio, N = Number of patients
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Table 5.5 Analysis of Multivariate Logistic regression for at least one major, one moderate, and all pDDI

All pDDI Major pDDI Moderate pDDI
Characteristic N | ORI/ [95% CI! | p-value | OR/ | 95% CI!/ | p-value | OR/ | 95% CI1/ | p-value
Gender 899
Male 559 - - - - - -
Female 340 ]0.90 |0.63,1.28 0.6 0.8210.57,1.17 0.3 1.06 |0.77,1.44 0.7
Age group (year) | 899
<1 349 - - - - - -
>1& <5 228 | 1.01 [0.64,1.58 | >0.9 | 0.74]|0.47,1.17 0.2 0.78 10.52,1.17 0.2
=5 322 |0.88 10.59, 1.31 0.5 0.69 | 0.47,1.03 ] 0.070 | 0.69 [0.48,0.97| 0.035
2-4 447 - - - - - -
5and more (452 | 12.8 |8.26,20.6 | <0.001 | 4.28 | 2.94,6.36 | <0.001 | 8.55 | 6.27,11.8 | <0.001

1 CI = Confidence Interval, OR = Odds Ratio, N = Number of patients

Table 5.5 shows the findings of the multivariate logistic regression study. The patient's age did
not significantly affect the existence of major pDDIs. But, it showed significance with moderate
pDDI. Whereas association was significant with >5 prescribed drugs (p<0-001). Major and
moderate pDDIs were shown to be significantly associated with >5 prescription medications

(p<0-001).

5.1.3.4 Predictors of length of stay

Several variables were considered in multivariate analysis to explore factors associated with the
length of the stay. The odds ratio (OR) and p-value for each variable are presented in Table 5.6.

Prescription of five or more medicines was significantly associated with LOS and major and
moderate pDDI (both p<0-001). The median LOS for patients with any pDDI was 11 days
(IQR-14) compared with four days (IQR—6) in those without pDDIs.
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Table 5.6 Analysis of Univariate Linear regression for length of stay

Length of stay

Characteristic N IRR7 95% CI1 p-value
Gender 899
Male 559 - -
Female 340 1.01 0.96, 1.05 0.8
Age group (year) 899
<1 349 - -
>1&<5 228 0.76 0.72,0.81 <0.001
>5 322 0.58 0.55,0.61 <0.001
pescrved |
2-4 447 - -
5 and more 452 2.06 1.95,2.17 <0.001
pDDI observed 899
None or Minor 466 - -
Major 173 2.06 1.94,2.18 <0.001
Moderate 260 1.44 1.36, 1.53 <0.001

1 N =Number of patients, CI = Confidence Interval, IRR = Incidence Rate Ratio

5.1.4 Discussion

This study provides the prevalence and significance of pDDIs in a pediatric ICU in North India.
There were 246 different types of pDDIs identified on 3,884 occasions among ICU patients. This
study focused on the prevalence of pDDIs among pediatric patients at a tertiary care hospital.
The clinical practice adopted in this investigation to identify potential pDDI considers factors
such as age, gender, and the number of drugs prescribed to a patient. While these factors may not
be critical for identifying pDDIs, they are essential for assessing the clinical relevance of the
interactions. Expanding the dataset and including more participants in the retrospective
validation will enhance the significance of the study, as the additional data will help validate the
frequency and impact of DDI interactions across the demographic region.
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When administering two medications together, it has the potential to have significant clinical
repercussions, such as serious adverse effects, decreased therapeutic efficacy, or other significant
outcomes; this is referred to as a major drug—drug interaction. For example, co-administration
with CYP450 3A4 inhibitors may raise the plasma concentrations of drugs primarily metabolized
by the isoenzyme, such as fentanyl, midazolam, fluconazole, etc. Increased concentrations can
worsen or prolong the adverse effects of drugs and result in respiratory depression that could be
fatal(Xiong et al., 2022, Labroo et al., 1997, Moltke et al., 1996, Pevko et al.. 2017). Our study
revealed significant DDIs involving fentanyl with fluconazole, fluconazole with midazolam, and

dobutamine with vancomycin. Specifically, the interactions between fentanyl and fluconazole
and fluconazole and midazolam were observed to have major severity, while the interaction
between dobutamine and vancomycin was classified as moderate in severity. These findings
align with previous studies highlighting the potential risks associated with polypharmacy in
critical care settings over the studied demography. Previous studies have indicated that
concurrent administration of dopamine or dobutamine with vancomycin may lead to decreased
vancomycin serum levels. These interactions are categorized as moderate in terms of potential
drug-drug interaction (pDDI) severity (Xiong et al.. 2022, Pea et al.. 2000). Our study has also
provided a graphical user interface, “Contralndicator,” to show the empirical findings and raise
awareness about pDDIs (Contralndicator). This tool also allows clinicians to upload

prescriptions, which the system uses to automatically detect and highlight interactions between
prescribed medications, facilitating better-informed clinical decisions.

In our study, the mean number of drugs prescribed in the PICU was (3-70), which is lower than
in other studies(Lima et al.. 2020, Hassanzad et al.. 2020). High frequency of Fentanyl,

Midazolam, Vancomycin, and Meropenem reflects common practice in other studies(Lima et al.
2020, Dai et al.. 2016). We found that 49-6% (446) of patients between the ages of 1 day and 18
years were exposed to at least one pDDI throughout their stay in the PICU. It was comparable to
Getachew et al., which reported that pediatric hospitalized patients who had been exposed to a
pDDI were 45-8%(176)(Getachew et al., 2016). However, these findings were higher than
Hassanzad et al.(Hassanzad et al., 2020) and Ismail et al.(Ismail et al., 2013), in which overall
interaction was 29-3% and 25-8%, respectively. In our study, moderate—pDDIs were most often
found pDDI, followed by major—pDDIs. Other investigations revealed that most were
moderately severe, followed by minor and major severity(Getachew et al.. 2016). Major
interactions were discovered in 38:78% (n = 173) of the 446 patient admissions in this
investigation that had at least one pDDI. These results exceeded the findings of both Getachew et
al.(Getachew et al., 2016) and Ismail et al(Ismail et al., 2013). In Getachew et al.'s study, out of
176 pediatric patients with at least one pDDI, 19-9% (35/176) of the patients experienced a
major interaction. Similarly, in Ismail et al.'s study, 10-7% of the patients encountered major
interactions.

Similar to the findings previously published by Hassanzad et al.(Hassanzad et al.. 2020), logistic
regression analysis in our study indicated that the number of medicines prescribed was
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significantly associated with a greater risk of pDDIs. In other research, the primary predictors of
drug interactions have been revealed to include the patient's age, the frequency of visits, the
average number of prescriptions per visit, the length of the ICU stay, and the presence of chronic
conditions(Hassanzad et al., 2018, Ismail et al., 2017, Getachew et al., 2016, Langerova et al..
2013). In our investigation, the LOS in the PICU ranged from one to 203 days, which was longer
than the one—day to 113—day range seen in Brazilian hospitals(Lima et al., 2020). Our findings
indicated a link between significant pDDI severity and longer PICU stays. The median LOS for
pediatric patients with pDDI was found to be 11 days, compared to 4 days for patients who had
no exposure to pDDI. The team's practices may change as a result of the fact that patients with

pDDI had more extended hospital stays.

There are several limitations of this study. The definition of severity levels in the DDInter
database may not be appropriate for all situations worldwide. Even though Xiong G et al.(Xiong
et al., 2022) tried to gather data from various sources, they cannot guarantee that all of the pDDIs
indicated are covered in the pDDI Inter DB. Also, the pDDI Inter DB considers interactions

involving two medicines; interactions involving three or more drugs are not covered. Another
limitation of this study is the retrospective design of the analysis. Retrospective analysis has been
conducted using the DDInter database, a publicly available static resource. However, our robust
pipeline can be fine—tuned to other dynamic databases, which are prominently updated at regular
intervals. Further, this study is limited to open—sourced data related to DDI. This limitation
prevents us from studying more extensive interactions in greater detail for their therapeutic
importance. Fine—tuning of MED7 has been done on MIMIC-III data for the NER task.
Although it achieved a very high Fl-score (~0-89) for extracting the drug entities, we
implemented it across treatment charts from the PICU of AIIMS, Delhi. This restricts the MED7
model from extracting drugs with an equal Fl-score, as some might get missed or falsely
classified.

Other limitations include generalizability, data quality, confounding variables, outcome
assessment, and bias. (i) Generalizability: The characteristics of the study population at one
center may not reflect the diversity seen in other settings. (ii) Data Quality: The quality of
retrospective data depends on the accuracy and completeness of medical records. Incomplete or
inaccurate data can compromise the reliability of study results. (iii) Confounding Variables:
Controlling for all potential confounding variables in a retrospective cohort study may be
challenging. Unmeasured or inadequately controlled confounders can lead to spurious
associations. (iv) Outcome Assessment: Depending on the nature of the outcome, there may be
limitations in diagnosing or measuring it accurately from historical data. (v) Bias: Participants
may have difficulty accurately recalling past exposures, leading to recall bias.

A known limitation of conventional rule-based drug-drug interaction (DDI) checkers is alert
fatigue, where large volumes of low-severity alerts reduce clinician attention to clinically critical
warnings. Contralndicator addresses this challenge through severity-based stratification of
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detected interactions into major, moderate, and minor categories using curated pharmacological
knowledge bases. This design enables prioritization of potentially life-threatening
contraindications while contextualizing lower-severity interactions. The Contralndicator system
has been designed with deployment-oriented evaluation in mind, including planned assessment
of alert burden and clinician response before and after integration into clinical workflows.
However, the present work focuses on system development and feasibility, and does not claim
measured reductions in alert fatigue. Prospective deployment studies are required to quantify the
impact of severity-aware alerting on clinical decision-making and alert acceptance.

The drug—drug interactions identified by Contralndicator represent pharmacologically plausible
associations derived from curated knowledge bases and prescription co-occurrence patterns.
These findings do not imply causal relationships between drug combinations and observed
clinical outcomes. In the intensive care setting, interaction prevalence may be influenced by
confounding factors such as underlying disease severity, indication bias, and polypharmacy,
where critically ill patients are more likely to receive complex medication regimens.
Consequently, Contralndicator is intended as a clinical awareness and triage tool to support
medication review, rather than a causal inference or prescriptive decision-making system.

This study identified 246 different pDDIs from the PICU of AIIMS, Delhi. One—third of pDDIs
were classified as major. The major pDDIs were associated with increased PICU length of stay
(LOS). To prevent pDDIs and ensure patient safety, pediatricians should receive education
regarding clinically relevant pDDIs for highly prescribed drugs in their settings; it is desirable to
have software to identify these potential interactions when prescriptions are being made. We
have built a " Contralndicator " suite to track these potential drug interactions within the PICU.
The “Contralndicator” web application will compare digital interventions to prevent pDDIs in
the ICU before and after. “Contralndicator” is a user—friendly, web—based application designed
to aid healthcare providers in identifying pDDIs quickly and accurately. It allows users to input a
patient's medication regimen, and the application scans a comprehensive database to identify
pDDIs. By providing a reliable and user—friendly tool for identifying and managing pDDlIs, this
digital intervention aims to enhance patient safety and reduce the length of stay in the PICU.
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Chapter 6

SAFE-ICU: An Integrated AI-Enabled Decision Support Platform
for Intensive Care Units

6.1 Introduction

The need for timely, accurate, and intelligent decision support in Intensive Care Units (ICUs) is
greater than ever. Clinicians face increasing complexity in managing critically ill patients, often
requiring rapid interpretation of heterogeneous data streams. To address this challenge, we
developed SAFE-ICU, an Al-enabled decision support platform that so far integrates three
critical modules: (1) Predictive Modeling for Hemodynamic Shock, (2) Drug-Drug Interaction
(DDI) Monitoring, and (3) Antimicrobial Resistance (AMR) Surveillance. SAFE-ICU is
modular, expandable, and a scalable system that can support clinicians in real-time
decision-making while also laying the foundation for more advanced Al applications.

6.2 Motivation

SAFE-ICU application makes the best ICU models available for real-world use and consists of
three inter-related components:

e Chapter 4 - Predictive Modeling: Hemodynamic shock prediction
e Chapter 5 - Drug Safety: DDI monitoring module
o AMR Surveillance: Visualization of ICU Ast testing

The system was built with four primary goals in mind. Clinical relevance was prioritized to
ensure that all tools directly address real-world ICU needs. Al readiness was incorporated into
the design to facilitate seamless integration of predictive models in the future. Emphasis was also
placed on usability, resulting in a simple, visual, and modular interface tailored for clinicians.
Lastly, the system was developed with scalability in mind, making it easily adaptable to other
ICUs or hospital settings.

6.3 SAFE-ICU Functional Modules: Detailed Workflow and Implementation

The SAFE-ICU platform is built on modular microservices to interpret ICU data, enhance
clinical insight, and deliver real-time, actionable alerts. Each module addresses specific
information domains and is designed to operate in synergy with others through a unified
dashboard. Below is a detailed explanation of core functional areas.
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Table 6.1 SAFE-ICU is a web-based application developed using the following technology stack.

Frontend flask (or optionally React/Django for future expansion)

Backend Python-based microservices

Database PostgreSQL / SQLite

ML Models Trained offline using Scikit-learn / PyTorch and integrated as inference APIs
Data Ingestion Daily ingestion of ICU data including vitals, prescriptions, and lab results

Each module is decoupled from the others but interacts through single database and a unified user
interface.

SAFE-ICU About

Login

Email

Password

i

Figure 6.1 SAFE-ICU Login Interface. The secure login page provides authorized access to the SAFE-ICU
dashboard, ensuring that sensitive clinical data and decision-support tools are available only to verified users within
the hospital network

© Copyright Tavlabs. All Rights Reserved
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SAFE-ICU

The services made available to the users by the platform can be used to get key attributes from prescription data, extract and get summary of the text data without losing
vital information, generate word graph from data, generate word embeddings and get real-time data from ICU beds.

o

Prescription Analysis Text Summarization Network Graph

Get key attributes from prescription data, get meaningful Text summarisation of treatment chart of icu patients. Generate word graph from data. Get visu

insights about the prescription that can be used to infer Extract and get summary of the text data without losing about the same from which meaningful infr
the required knowledge about the patient, extract and vital information be assesed
get summary of the text data without losing vital
information

a o

Models Prediction decision models Live data monitoring

Get learned representations of a corups of words in the Prediction models for patients in ICU to guide Get realtime data from ICU beds. Data is monitored,
form of word embeddings that can be used which can be appropriate clinical management analyzed and the useful insights are displayed on the
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Figure 6.2 SAFE-ICU Dashboard Interface. The platform provides modular services for ICU data analysis,
including prescription analysis, text summarization, network visualization, word embedding generation, predictive
modeling, and real-time vitals monitoring. Each module is designed to enhance clinical decision-making through
intuitive and actionable insights

6.3.1 Prescription Analysis and Drug Safety Intelligence

The Prescription Analysis module plays a critical role in extracting structured insights from
unstructured medical orders and treatment charts. ICU prescriptions often contain overlapping
drugs, non-standard nomenclature, and handwritten notes. This module uses Named Entity
Recognition (NER) models to extract drug names from uploaded charts and treatment logs.
These are normalized and mapped against standardized drug ontologies sourced from open
repositories such as DrugBank, DDInter, and Medscape.

Key features include automatic detection of missing or duplicated dosages, inference of likely
diagnoses based on prescription patterns (e.g., vancomycin and meropenem suggesting
broad-spectrum therapy for suspected sepsis), and metadata extraction such as frequency, route,
and timing. A prescription summary panel provides clinicians with a digest of the active
medication regimen, highlighting potentially harmful overlaps or unsafe administration
timelines.

This module also connects directly to Contralndicator, the DDI (Drug—Drug Interaction)
checker, which flags risky drug combinations. The interface allows users to interactively modify,
add, or remove drugs and immediately observe how changes affect interaction severity levels
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(Major, Moderate, Unknown). This feedback loop supports real-time prescribing decisions,
especially in high-load or low-resource ICU environments.

6.3.2 Text Summarization of Clinical Notes /Treatment Charts

ICU patients accumulate dozens of pages of notes and interventions each day. The Text
Summarization module aims to condense these verbose documents into clinically meaningful
summaries. Two approaches are deployed:

e Extractive Summarization using Gensim’s TextRank algorithm identifies the most
relevant sentences from the input corpus.

This module processes daily treatment charts, progress notes, and nursing documentation. It
preserves key interventions (e.g., “intubation performed,” “noradrenaline started at 6 pg/min’)
while omitting redundant or boilerplate phrases. The summaries are especially useful for shift
changes, handovers, and audit trails. Clinicians can search, filter, and export these summaries as
part of structured documentation or clinical decision-making support.

6.3.3 Network Graph Visualization for Conceptual Relationships

To enhance interpretability of clinical narratives and prescriptions, the platform offers Network
Graph Visualizations. This component transforms extracted tokens from prescriptions and notes
into conceptual maps using graph-based NLP techniques. Each node represents a term or drug,
and edges denote semantic or clinical relationships determined by co-occurrence frequency,
cosine similarity, or embedding proximity.

For example, antibiotics, vasopressors, and steroids form clusters that show temporal or
conceptual alignment. Clinicians can explore clusters like “broad-spectrum antibiotics” or
“sedation protocols” to discover patterns or outliers. Such visualizations are valuable for
educational rounds, quality audits, or generating hypotheses about practice variation.

6.3.4 Word Embeddings and Semantic Context Generation

SAFE-ICU supports word representation learning through models like GloVe, Word2Vec, and
fine-tuned domain-specific embeddings. These embeddings convert ICU vocabulary both
structured and unstructured into dense vector spaces that capture semantic relationships.

For instance, embedding training on prescription data may cluster “ceftriaxone” close to
“cefepime” but far from “paracetamol,” reflecting pharmacological similarity. The resulting
vectors are then used in:

e (lustering similar treatments.
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e Feeding into downstream models for risk prediction.

e Semantic search and auto-completion in the dashboard UI.

This module underpins other services such as the text summarizer, the DDI module, and the
treatment pattern analyzer. It ensures that language-based models are attuned to ICU-specific
terminology and variations.

6.3.5 Predictive Decision Support Models for ICU Management

The Prediction Decision Models module integrates Al-powered algorithms designed to forecast
clinical deterioration and guide interventions. This includes modules such as:

e Slgnose for shock prediction,

e ThermoGnose for hypothermia risk

Models are trained using longitudinal data with features drawn from real-time vital signs, lab
results, and treatment history. Once a threshold of risk is crossed, the dashboard alerts the clinical
team and provides contextual explanations via SHAP values. The predictive horizon (e.g., “risk
of shock in 0-8 hours™) is highlighted, along with contributing features like heart rate, MAP, or
prior interventions.

These models are designed to be explainable, with prediction summaries, validation options, and
real-time integration into existing workflows. Clinicians can validate or dispute model outputs
using a binary interface, enabling a feedback loop for model retraining and continual
performance tuning.

6.3.6 Live ICU Data Monitoring and Real-Time Alerts

The Live Data Monitoring service forms the operational backbone of SAFE-ICU. It
continuously ingests data from bedside monitors (e.g., heart rate, respiratory rate, SpO:), EHR
feeds, lab systems, and prescription records. A robust streaming architecture ensures that patient
tiles on the dashboard are updated with minimal latency (usually under 1 minutes).

Each patient card displays key identifiers (age, sex, bed number), dynamic vitals, prediction
outputs, and clinician notes.

Alerts are generated not just by threshold violations but by risk surges as identified by the
predictive models. For example, a rising shock score over, escalating to red if the lead time
prediction falls under 8 hours.

125



LTI SAFE ICU

A Dashboard

Treatment
Chart

L]
W@ AMR track

B Tensorboard

W Word Graph

Patients Data
Bed 1
Name: XYZ
UHID: 103728071
Age: 4y
Bed: 1

Consultants: Prof Doctor1/Doctor2

Bed 2
Name: new patient
UHID: 102354678
Age: 8Y 3M

Bed: 2
Consultants: N/A

Bed 3
Name: Patient
UHID: 123728071
Age: 7Y 2M

Bed: 3
Consultants: Prof Doctor1/Doctor2

W DD Inter Verdict:  N/A Verdict: ~ N/A Verdict:  N/A
Prediction For: N/A Prediction For: N/A Prediction For: N/A

B Signout
Was the 8 hour shock prediction Was the 8 hour shock prediction Was the 8 hour shock prediction
correct? correct? correct?

Bed 4 Bed 5 Bed 6
Name: LKM Name: uks Name: wekjsnedf
UHID: 2387462348 UHID: 1239823 UHID: 237484324
Live Vitals & Refresh Graphs
@ Connecting Lines Sampling:  Every 5 seconds ~ ‘

Single Mode Overlay Mode

[C—J+R [ RR [ SPO? [C] PULSE [C] PERF [C] ABPS [C] ABPD [C] NBPS [ NBPD

2026-05-09T00:! 53 56
HR: 134
RR 0

PULS 131
PERF: 0.456

Every 5 seconds

Every 1 minute
Every 5 minutes
Ewvery 15 minutes
Every 30 minutes

Every 1 hour

Figure 6.3 Patient Monitoring View in SAFE-ICU Dashboard. This interface provides an at-a-glance summary of
patient details, including age, bed number, attending consultants, and prediction verdicts. Clinicians can verify the
correctness of 8-hour shock predictions using quick "Yes" or "No" inputs, enabling real-time feedback for model

evaluation
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6.4 Hemodynamic Shock Prediction

This module implements a predictive model for early identification of pediatric patients at risk of
hemodynamic shock. This module is an application of the work described in Chapter 3. Based on
vitals time-series (e.g., heart rate, systolic pressure), the model outputs a risk score and predicted
lead time.

Table 6.2 Key Characteristics of the Hemodynamic Shock Prediction Module

Model type Trained and Finalised model (SIgnose)

Inputs Vitals from ICU monitors

Output Verdict Shock/Non-Shock, and predicted onset time
Ul Displays patient risk dashboard with alert thresholds

Data Prediction Models

Real-time analysis and risk prediction for Bed: 4

g et
UHID: 108812029
Shock Prediction (8 Hours| L .
( ) Critical Decision Factors Updated in real-time
CONTRIBUTING FACTORS STABILIZING FACTORS
Is this assessment accurate?

Shock Probabily

Probatity % [ Cutef(37.66%)

Figure 6.4 Shock Risk Prediction Output in SAFE-ICU. This module displays an 8-hour shock probability score
computed using the Slgnose model. It includes the cutoff threshold, prediction time window, and contributing
clinical features such as heart rate, respiratory rate, oxygen saturation, blood pressure, and demographics. Clinicians
can validate the prediction accuracy and provide feedback through the integrated interface

6.5 Drug-Drug Interaction Monitoring

This module provides real-time alerts for potential harmful drug interactions prescribed in the
ICU. This module supports safer prescription practices and is based on Chapter 4.
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Table 6.3 Key Characteristics of the Drug—Drug Interaction Monitoring Module

Input Daily prescription data

Backend Drug interaction knowledge base from open-source databases (e.g.,
DDlnter, Drugbank, Medscape)

Output List of flagged interactions, severity, clinical notes

Ul Clinician view of current patient prescriptions with interaction overlays

= SAFE ICU

CONTRAINDICATOR

Abaloparatide X Fluconazole X Fentanyl X  Abacavir X Dexamethasone X  Cetuximab X Clofedanol X

Diphenoxylate X

nter the drug name. Add Tag Confirm Reset List

Abaloparatide
Fluconazole x
Fentanyl
Abacavir e
Dexamethasone
Cetuximab
Clofedanol

Diphenoxylate

Submit

Upload a Treatment-Chart
Choose a file:

© Copyright Tavlabs. All Rights Reserved

Figure 6.5 Contralndicator Module in SAFE-ICU. This tool allows clinicians to input and review a list of
prescribed drugs, automatically flagging potential drug—drug interactions. Users can add, remove, or reset the list of
medications, and upload treatment charts for real-time safety checks, enhancing medication decision support in
critical care
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Figure 6.6 Drug Interaction Output in Contralndicator (SAFE-ICU). After drug inputs are confirmed, the
system displays a tabulated summary of identified drug—drug interactions along with their severity levels (Major,
Moderate, Unknown). Interactions with unknown severity are explicitly marked, prompting clinicians to exercise

caution. This visualization supports safe prescribing practices by providing immediate and interpretable DDI

feedback

6.6 AMR Surveillance

This component visualizes of historical Antimicrobial Susceptibility Testing (AST) data from the
ICU. While the current system is not Al-driven, it is Al-enabled and designed to support future
prediction of resistance trends.
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Figure 6.7 Login Interface of the Antimicrobial Stewardship Platform. This platform provides secure access for
registered users to Al-powered tools supporting antimicrobial resistance tracking and stewardship

Table 6.4 Key Characteristics of the AMR Module

Input Daily ingestion of AST reports
Features Pathogen-specific resistance trends; Heatmaps
Use case Infection control teams and empiric therapy planning

6.6.1 Antimicrobial Resistance (AMR) Surveillance and Clinical Visualization

The AMR Surveillance module in the SAFE-ICU platform serves as a vital decision-support
component for empirical antibiotic selection, especially in high-acuity ICU settings.
Antimicrobial resistance (AMR) has emerged as a global threat, with ICU patients being
particularly vulnerable due to invasive procedures, immunocompromised states, and frequent use
of broad-spectrum antibiotics. Given that initial treatments often precede microbiological
confirmation, real-time awareness of local resistance trends can significantly enhance therapeutic
accuracy and patient outcomes.

To demonstrate the utility of this module, a retrospective observational case study was performed
using microbiological data from the MCB-PICU site. The dataset included 1291 Antimicrobial
Susceptibility Tests (ASTs) conducted for 550 pediatric patients during the surveillance
window, with registered clinicians linked to clinician ID #64 . Each AST record logs the
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identified organism, tested antibiotic, and the corresponding susceptibility outcome categorized
as Resistant, Intermediate, or Sensitive.

This data is processed and visualized by the SAFE-ICU AMR module to produce meaningful
trends. Specifically, the system identifies the top 15 most commonly tested sample types, such
as blood, bronchoalveolar lavage, urine, Pus , and wound swabs. Visualizations include bar
charts representing the frequency of antimicrobial susceptibility testing across these sample
types, alongside resistance breakdowns. These insights help clinicians understand the distribution
of infection sources, assess site-specific resistance trends, and make more informed empirical
treatment decisions based on anatomical infection loci.

Sample Type Distribution in Pediatric ICU AMR Dataset
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Figure 6.8: Sample Type Distribution in Pediatric ICU AMR Dataset.

This visualization shows the top 15 most frequently tested isolated sample types (e.g., blood, bronchoalveolar
lavage, urine, tracheal aspirate) from 1291 antimicrobial susceptibility tests conducted in the MCB-PICU. The
distribution provides insight into common infection sites and helps inform sampling strategies and infection control
efforts.

Simultaneously, the module visualizes the top 15 most isolated organisms, including
Pseudomonas aeruginosa, Klebsiella pneumoniae, E. coli, Acinetobacter baumannii, and
Staphylococcus aureus. Organism-level susceptibility profiles are rendered as resistance
heatmaps, allowing clinicians to rapidly assess which pathogens exhibit multi-drug resistance
(MDR) phenotypes and may require escalation of care or infection control measures.
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Figure 6.9: Top 15 Isolated Organisms in Pediatric ICU AMR Dataset.

This chart displays the frequency of microbial organisms isolated from ICU patients, including Klebsiella
pneumoniae, Escherichia coli, Acinetobacter baumannii, and Pseudomonas aeruginosa. The visualization enables
clinicians to track dominant pathogens contributing to resistant infections and tailor antimicrobial strategies
accordingly.

These insights are especially useful in institutional antimicrobial stewardship programs, as they
support protocol refinement, outbreak identification, and long-term resistance surveillance.

However, access to these visual analytics requires registered login credentials and
appropriate user permissions.
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Figure 6.10 Antibigram Query Interface in AMRTrack. The platform enables users to generate customized
antibiograms by selecting antimicrobials, organisms, sample collection locations, and sample types. Date filters
allow for temporal analysis, and the generated sensitivity table supports data-driven antimicrobial stewardship
decisions.
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Figure 6.11 Antibiogram Visualization in AMRTrack. The heatmap displays antimicrobial sensitivity patterns
across various organisms and antibiotics. Color gradients indicate percentage sensitivity, with green representing
higher sensitivity and red indicating resistance. Grey cells denote unavailable data. This visualization aids clinicians
in selecting effective antibiotics based on real-world resistance trends
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6.7 SAFE-ICU User Interface

The SAFE-ICU dashboard presents a clean, intuitive, and clinician-friendly interface designed to support
real-time decision-making in critical care environments. ICU staffs can:

e Monitor patients’ shock risk: View real-time risk scores for hemodynamic shock to support timely
interventions

e Review flagged drug interactions: Automatically detect and display potential drug—drug
interactions from ICU prescriptions

e Explore AMR resistance visualizations: Analyze antimicrobial resistance trends using processed
AST (Antibiotic Susceptibility Testing) data

e Filter by date, drugs , or organism: Easily navigate and customize views for location-specific or
pathogen-specific insights

e Export reports for clinical meetings: Generate downloadable antibiogram to support case
discussions and decision-making in ICU teams

6.8 System Architecture and Deployment Considerations

The SAFE-ICU platform is designed as a modular decision-support system integrating
heterogeneous data sources, including physiological time-series, thermal imaging outputs,
clinical text, and microbiology reports. Data are ingested through standardized interfaces and
processed through dedicated preprocessing pipelines before being routed to task-specific
predictive or analytical modules. Model outputs are presented to clinicians via a centralized
dashboard to support situational awareness rather than automated decision-making.

The predictive models within SAFE-ICU are trained offline using curated historical data and are
intended to be updated periodically as new data become available, rather than continuously
retrained in real time. This design balances model stability with adaptability to evolving clinical
practice. Latency considerations are addressed by prioritizing lightweight inference pipelines,
enabling near-real-time risk estimation suitable for bedside monitoring workflows. Together,
these design choices support scalability, maintainability, and safe clinical integration.

Integration of Additional Monitoring Devices and Waveform Data:

Modern intensive care units increasingly employ advanced monitoring systems, including
cardiac output monitors, mechanical ventilators, continuous renal replacement therapy (CRRT)
machines, and processed neurological monitoring such as EEG. While these data streams are
clinically valuable, their integration poses challenges related to data standardization,
synchronization, proprietary device interfaces, and variable sampling frequencies. SAFE-ICU is
designed as a modular framework capable of incorporating such data as they become accessible
through interoperable interfaces.
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Raw physiological waveform data, such as ECG, arterial pressure, or EEG signals, offer rich
temporal information but require substantial storage, preprocessing, and noise management. In
the current implementation, SAFE-ICU focuses on derived and clinically validated summary
signals to ensure robustness and feasibility. Future extensions of the platform may incorporate
waveform-level analytics and multimodal fusion approaches, contingent on data availability,
infrastructure support, and clinical validation.
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Chapter-7

Conclusion and Future Work

7.1 Conclusion

This thesis has presented the design, development, and evaluation of SAFE-ICU, an integrated,
Al-driven decision support platform designed specifically for Pediatric Intensive Care Units
(PICUs). The core objective was to bridge multiple high-impact clinical safety domains such as
deterioration prediction, pharmacovigilance, and antimicrobial resistance surveillance through
modular, explainable, and real-time artificial intelligence systems.

A critical foundation for these contributions was the construction of the SAFE-ICU Data Lake
and warehouse infrastructure. This system enabled real-time acquisition, integration, and
harmonization of multimodal clinical data including vitals, laboratory tests, thermal imaging,
prescriptions, and microbiological reports into a scalable and query-efficient format. The
structured data lake served not only as the input for model development but also powered the
deployment of the SAFE-ICU dashboard with seamless real-time monitoring and analysis
capabilities.

The ICU remains one of the most data-intensive and dynamic environments in healthcare.
Patients in PICUs are particularly vulnerable, and even slight delays in detecting clinical
deterioration or prescribing errors can result in significant harm. Traditional monitoring systems,
although increasingly digitized, still lack the real-time analytical depth and semantic
understanding necessary for nuanced decision-making. This research demonstrated how
Al-driven temporal modeling, structured NLP, and LLM-based representation techniques can be
synergistically integrated into a deployable decision-support system for critical care settings.

In the process, this thesis introduced and validated four core AI modules:

e ThermoGnose: A time-series based predictive model using tsfresh-derived features to
identify pediatric hypothermia risk up to 4 hours in advance

e ThermalShockNet: A CNN-LSTM hybrid system that fuses thermal imaging and vital
signs to predict hemodynamic shock six hours before clinical recognition

e Slgnose: A novel multi-dataset generalizable model that predicts abnormal Shock Index
across Indian (AIIMS) and U.S.-based (MIMIC-III, eICU) datasets using
LLM-embedded vitals and nonlinear features based shock-index prediction

e Contralndicator: A named entity recognition-based pharmacovigilance pipeline that
identifies and stratifies potential drug-drug interactions (pDDIs) using MED7 and curated
DDI knowledge bases
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Statistical Considerations in Model Comparison:

Model performance comparisons in this thesis are based on repeated cross-validation with
reporting of central tendency and variability across folds. While formal hypothesis testing
between all model pairs was not uniformly conducted, observed differences were interpreted in
the context of cross-validated variability and consistency across prediction horizons. The
application of formal statistical significance testing for model comparison, particularly under
non-independent cross-validation settings, is acknowledged as an important consideration for
future work.

By integrating these modules into a clinician-friendly dashboard, SAFE-ICU enables modular Al
use in PICUs, allowing for real-time, explainable alerts that can guide early interventions,
optimize antimicrobial prescriptions, and flag potential medication hazards. Moreover, the
platform demonstrates how Al solutions can generalize across geographical and institutional
contexts, through rigorous cross-dataset validation, explainability with SHAP, and modular
architecture designed for deployment. Thus, this thesis stands at the intersection of translational
Al and critical care, offering practical tools with both technical rigor and clinical relevance.

7.2 Key Findings
7.2.1 Predictive Modeling of Clinical Deterioration

The platform’s predictive models ThermoGnose and ThermalShockNet demonstrate the
feasibility of AI to anticipate clinical deterioration events up to 24 hours in advance.
ThermoGnose, which relies on non-linear features derived from structured ICU vitals, showed
strong predictive performance for early hypothermia detection, outperforming conventional
linear baselines. Meanwhile, ThermalShockNet extended prediction to hemodynamic instability
by incorporating non-contact thermal imaging and CNN-LSTM pipelines. It effectively used
Center-to-Peripheral Difference (CPD) metrics and heart rate variability, demonstrating
improved early detection over vitals-only models.

The Slgnose model explored three approaches for modeling ICU vital signs to predict abnormal
Shock Index. The first and most effective approach involved extracting non-linear time-series
features from physiological signals, capturing complex temporal dynamics through
domain-informed processing. These features, modeled using ensemble machine learning
algorithms such as XGBoost, LightGBM, and SVM, consistently yielded high predictive
performance. In contrast, the second approach using quantile-based symbolic representations,
and the third approach using LLaMA-based prompt embeddings which transformed vitals into
natural language input for large language model encoding did not perform as well. These results
underscore the superiority of physiologically grounded, non-linear feature extraction over
language-model-based or symbolic encoding strategies for clinical deterioration prediction in
critical care settings.
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7.2.2 Drug Safety Analytics via Clinical NLP

The Contralndicator module highlighted the utility of lightweight NLP models like MED7 for
real-time prescription parsing and pDDI detection. With over 8,000 ICU prescriptions analyzed,
the pipeline identified drug interaction patterns stratified by age, gender, and medication count.
Descriptive and regression analyses confirmed the high incidence and severity of pDDIs in
pediatric care, with prescriptions involving >5 drugs showing significant associations with
prolonged length of stay.

Although the current system used a rule-based DDI engine, future integration of transformer
models such as ClinicalBERT could enable context-aware interaction analysis and event
summarization.

7.2.3 AMR Surveillance Integration

Antimicrobial resistance surveillance in SAFE-ICU involved automated extraction and temporal
visualization of AST reports. The module empowered clinicians to interpret evolving resistance
patterns via organism-drug resistance heatmaps and MIC trends. While retrospective in design,
this module laid the foundation for prospective resistance forecasting using ARIMA or Prophet
models.

7.2.4 Summary of Key Contributions

Table 7.1 Summary of Key Contributions. This table outlines the core modules developed as part of this
thesis, highlighting their primary functions, underlying techniques, and the data sources used for model
training and evaluation.

Module Function Key Techniques Data Sources
SAFE-ICU Data Multimodal Client-server ingest, NLP, ICU monitors, lab tests,
Lake and Data data integration preprocessing pipelines thermal video,

Warehouse prescriptions
ThermoGnose Predict tsfresh + Boruta + ML classifiers SAFE-ICU vitals
Hypothermia

ThermalShockNe | Predict Shock Thermal + CNN-LSTM+ ML Thermal Imaging + Vitals

t classifiers
Contralndicator | pDDI Detection | spaCy MED7 + rule-based DDI ICU prescriptions
stratification
SIgnose Predict LLM Embedding ( LLaMA) + SAFE-ICU + MIMIC-III
abnormal SI CNN-LSTM+ ML classifiers + eICU
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AMRTrack AMR AST parsing + organism-drug Microbiology lab reports

Visualization & mapping + plots (AST)
Trends

7.3 Limitations

While the thesis makes several contributions, it is important to acknowledge the following
limitations:

e Model deployment is simulated and not yet integrated into live PICU settings.

Prospective validation in clinical workflows remains a future direction

Real-time scalability for certain modules like ThermalShockNet (which uses video and
image processing) requires further optimization for latency

The NLP pipeline does not currently incorporate multi-drug interaction reasoning or
context-aware summarization capabilities that transformer-based LLMs could provide
AMR surveillance in SAFE-ICU is primarily retrospective; prospective resistance
forecasting was not performed

Bias in model performance across subgroups (e.g., gender, age) was not exhaustively
tested and may affect fairness.

The predictive models developed in this thesis generate probabilistic risk estimates rather
than deterministic clinical decisions. Decision thresholds were selected using validation
data to optimize clinically relevant performance metrics, such as Fl-score or Youden’s
Index, balancing sensitivity and specificity. Threshold selection reflects a trade-off
between early detection and false alert burden, which is particularly important in critical
care settings. Formal post-hoc probability calibration methods were not uniformly
applied across all models and are acknowledged as a limitation. Prospective clinical
evaluation is required to determine optimal operating thresholds for real-world
deployment.

The models were evaluated across multiple cohorts and care settings where possible,
generalizability may be influenced by site-specific clinical practices, patient populations,
and data acquisition protocols.

Temporal data drift remains an important consideration, as changes in treatment
strategies, monitoring devices, and case mix over time may affect model performance
following deployment. Continuous performance monitoring and periodic model updates
are therefore essential for safe long-term use.
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7.4 Future Work

The present work demonstrates feasibility and predictive utility using retrospective and
observational data, prospective multicenter studies and randomized evaluations are required to
determine real-world clinical impact, clinician acceptance, and outcome improvement prior to
widespread adoption. Building on the foundation of this thesis, the following directions are
envisioned for future work:

7.4.1 Clinical Deployment and Usability Testing

e Conduct real-time, prospective validation studies at partner hospitals (e.g., AIIMS) to
assess usability, false alert rates, and clinician acceptance

e Incorporate clinician-in-the-loop feedback mechanisms to improve Al interpretability and
user trust

7.4.2 Polypharmacy Modeling with LLMs

e Extend Contralndicator with LLM-based polypharmacy models capable of inferring
interaction context between more than two medications using transformer models like
ClinicalBERT or LLaMA-2

e Explore relation extraction and adverse event summarization directly from physician
notes

7.4.3 Real-Time Resistance Forecasting

e Enhance the AMR dashboard with time-series forecasting algorithms (e.g., Prophet,
ARIMA) to predict resistance trends and inform empirical therapy policies

7.4.4 Multilingual Clinical NLP

e Adapt NLP pipelines to handle prescriptions and physician notes in regional Indian
languages (e.g., Hindi, Tamil) through translation-augmented LLMs, expanding
SAFE-ICU’s applicability in diverse clinical settings

7.4.5 Fairness and Bias Audits

e Evaluate model performance across intersectional subgroups (e.g., gender + age) to
identify bias

e Integrate fairness-aware ML techniques to mitigate disparities, especially in generalizable
models like SIgnose

7.4.6 Integration with Hospital Information Systems
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e Develop FHIR-compliant APIs to integrate SAFE-ICU with standard EHR systems
e Explore edge deployment strategies for low-resource settings using lightweight models

7.4.7 AMR Surveillance

® Future work aims to integrate predictive modeling for AMR trend forecasting, leveraging
federated learning approaches to support generalizable resistance prediction across
low-resource sites. As it stands, the AMR surveillance component plays a critical role in
ensuring the SAFE-ICU platform delivers not only predictive risk stratification but also
data-grounded antimicrobial guidance tailored to evolving microbial landscapes.

7.5 Final Remarks

This thesis demonstrates that Al-driven platforms, when thoughtfully designed and validated,
can enable safer, smarter, and more responsive care in pediatric ICUs. By building a unified
system from predictive modeling, drug safety analytics, and resistance surveillance, SAFE-ICU
provides a blueprint for next-generation Al in critical care. Its modular design allows continuous
evolution, while its emphasis on explainability, real-time application, and multicenter
generalizability sets a precedent for responsible, deployable clinical Al systems.

SAFE-ICU is not just a research prototype it is a step toward democratizing Al-powered safety
in intensive care, laying the groundwork for data-driven transformation in pediatric critical care
medicine.
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