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Methodologies for Systematic Evaluation and Targeted Mitigation of
Deficiencies in Critical Machine Learning Models

Tanmoy Sarkar Pias

(ABSTRACT)

Despite the growing use of machine learning in healthcare, critical challenges remain unaddressed—

models often fail to respond appropriately to life-threatening conditions, exhibit poor gen-

eralizability in real-world clinical settings, and show unequal performance across patient

subgroups. These limitations compromise the reliability, safety, and equity of AI-driven

decision-making, especially in high-stakes environments like intensive care. In this work, we

outline a comprehensive evaluation and mitigation strategy to address both responsiveness

and fairness shortcomings.. We develop testing approaches to systematically assess models’

ability to respond to serious medical emergencies. Using generated test cases, we found

that statistical machine-learning models trained solely from patient data are grossly insuffi-

cient and have many dangerous blind spots. Specifically, we identified serious deficiencies in

the models’ responsiveness, i.e., the inability to recognize severely impaired medical condi-

tions or rapidly deteriorating health. For in-hospital mortality prediction, the models tested

using our synthesized cases fail to recognize 66% of the test cases involving injuries. In

some instances, the models fail to generate adequate mortality risk scores for all test cases.

We also applied our testing methods to assess the responsiveness of 5-year breast and lung

cancer prediction models and identified similar kinds of deficiencies. To address the low re-

sponsiveness of machine learning models to critical health conditions, we integrated domain

knowledge into the modeling framework using two complementary strategies: (i) a custom

loss function that penalizes violations of medical constraints, and (ii) a rule-based decision



tree derived from clinical knowledge, aggregated with a data-driven model. The resulting

knowledge-guided models demonstrated notable improvements in performance, particularly

under critical scenarios. For instance, recall improved by 7% on the full glucose test set and

by 27% for critically high glucose cases, achieving 94–99% accuracy in detecting patients

with severely abnormal glucose levels. Similar trends were observed for other vital signs.

Moreover, the decision tree-based hybrid model enhanced early sepsis detection accuracy

by 4%, underscoring the benefit of combining clinical knowledge with statistical learning

for high-stakes medical applications. In addition, we address a bias problem we identified

in models predicting type 2 diabetes, which disproportionately impacts younger adults—a

growing segment of diabetes patients. In this research, we identify this deficiency in tra-

ditional machine learning models and propose an algorithm to mitigate the bias towards

the young population when predicting diabetes. Deviating from the traditional concept of

one-model-fits-all, we train customized machine-learning models for each age group. Our

proposed solution consistently improves recall of diabetes class by 26% to 40% in the young

age group (30-44). Moreover, our technique outperforms 7 commonly used whole-group sam-

pling techniques such as random oversampling, SMOTE, and AdaSyns techniques by at least

36% in terms of diabetes recall in the young age group.
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Tanmoy Sarkar Pias

(GENERAL AUDIENCE ABSTRACT)

Despite the growing use of machine learning in healthcare, critical challenges remain unaddressed—

models often fail to respond appropriately to life-threatening conditions, exhibit poor gen-

eralizability in real-world clinical settings, and show unequal performance across patient

subgroups. These limitations compromise the reliability, safety, and equity of AI-driven

decision-making, especially in high-stakes environments like intensive care. In this work, we

outline a comprehensive evaluation and mitigation strategy to address both responsiveness

and fairness shortcomings. In this research, we develop new methods to test ML models

under critical health scenarios. Our findings reveal that current models, trained solely on

patient data, have significant blind spots; many fail to recognize severe conditions, accu-

rately predict mortality, or assess injury-related risks. For instance, in our tests, the models

missed 66% of injury-related cases and often provided inadequate risk scores for patients

who were actually at high risk. We observed similar limitations in models predicting long-

term survival for breast and lung cancer, highlighting widespread responsiveness issues in

current healthcare ML tools. To address the low responsiveness of machine learning models

to critical health conditions, we integrated domain knowledge into the modeling framework

using two complementary strategies: (i) a custom loss function that penalizes violations of

medical constraints, and (ii) a rule-based decision tree derived from clinical knowledge, ag-

gregated with a data-driven model. The resulting knowledge-guided models demonstrated

notable improvements in performance, particularly under critical scenarios. For instance,



recall improved by 7% on the full glucose test set and by 27% for critically high glucose

cases, achieving 94–99% accuracy in detecting patients with severely abnormal glucose lev-

els. Similar trends were observed for other vital signs. Moreover, the decision tree-based

hybrid model enhanced early sepsis detection accuracy by 4%, underscoring the benefit of

combining clinical knowledge with statistical learning for high-stakes medical applications.

In addition, we address a bias problem we identified in models predicting type 2 diabetes,

which disproportionately impacts younger adults—a growing segment of diabetes patients.

Many traditional ML models exhibit ”digital ageism,” or a tendency to overlook diabetes risk

in younger populations. To counteract this, we designed age-specific models that improved

detection accuracy by 26-40% for younger adults (ages 30-44) compared to conventional

methods. Our approach also outperformed common techniques by at least 36% in recall for

young adults, providing a more equitable solution for diabetes risk prediction.
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Chapter 1

Introduction

The growing adoption of machine learning (ML) and artificial intelligence (AI) in healthcare

holds transformative potential, offering predictive capabilities that can aid clinicians in man-

aging complex conditions and improving patient outcomes. For instance, ML-based models

in intensive care units (ICUs) can alert physicians to rapidly deteriorating conditions, thereby

enhancing early intervention for patients in critical states. However, this technology comes

with substantial challenges, particularly in ensuring that ML models accurately recognize

high-risk conditions and do not inadvertently introduce or exacerbate biases. Moreover, the

model should be fair Comprehensive model testing and performance assessment are essen-

tial, as mispredictions, especially false negatives, could have life-threatening consequences.

Despite the promise of ML in healthcare, current models trained solely on patient data often

show deficiencies, such as an inability to recognize severely impaired health conditions or

rapidly deteriorating patients, leading to blind spots in mortality predictions.

In clinical outcome prediction, machine learning models often struggle to generate reliable

responses in clinically critical regions of feature space, where even small deviations in phys-

iological variables can imply significant changes in patient risk. To address this issue, we

incorporate domain knowledge into both the loss function and the input feature space to

guide model learning toward more clinically meaningful behavior. Our approach introduces

knowledge-guided (KG) loss functions that enforce domain-consistent risk gradients around

known critical thresholds for vital signs such as glucose, respiratory rate, and systolic blood

1
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pressure. We further explore the integration of domain knowledge as input features and eval-

uate its interaction with KG loss functions. Experimental results demonstrate that the KG

loss significantly improves model responsiveness, particularly in high-risk regions, while vary-

ing the KG loss coefficient allows flexible control over the strength of domain enforcement.

Although the integration of domain knowledge features alone has limited effect, combining

them with the KG loss leads to further performance gains. Both LSTM and Transformer

models show substantial increases in recall for severe cases, confirming the effectiveness of

our approach in enhancing clinical sensitivity without compromising general performance.

The critical need for fairness and accuracy extends beyond mortality prediction. With dis-

eases like type 2 diabetes increasingly affecting younger populations, traditional ML models

face further limitations in identifying high-risk individuals within minority subgroups. Most

existing models struggle to diagnose diabetes effectively in young adults, reflecting a broader

issue of ”digital ageism.” This bias is evident in several machine learning models, where

younger populations are frequently overlooked in favor of older, more commonly represented

age groups. Additionally, imbalances in healthcare data can compound these biases, leading

to disparities in predictive accuracy across demographics, including age, gender, and ethnic-

ity. For diabetes prediction, generalized metrics such as AUROC may mask performance

gaps, concealing poor recall rates in high-risk, minority age groups.

This work addresses these critical gaps by focusing on two main objectives. First, we develop

and implement systematic testing methods for mortality prediction models to evaluate their

responsiveness to critical health conditions, ensuring models can identify rapidly deteriorat-

ing patients in ICUs and handle complex, time-series data. Also, we test the fairness of

the machine learning model. Second, we propose targeted solutions to mitigate the respon-

siveness issues as well as the fairness issues. These two approaches offer a comprehensive

framework to enhance the trustworthiness and fairness of ML in clinical environments, ad-
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dressing both model responsiveness and demographic inclusivity. This work thereby con-

tributes essential methodologies and insights to the field, promoting AI-driven healthcare

solutions that are both effective and equitable.

1.1 Contribution

Our work makes three key contributions toward improving the safety and reliability of ma-

chine learning models in healthcare.

1.1.1 Contribution to evaluating the responsiveness of ML models

to critical patient condition

First, we present a rigorous testing framework designed to evaluate how well models respond

to critical patient conditions. This framework goes beyond traditional accuracy metrics by

simulating high-stakes medical scenarios, revealing important blind spots, deficiencies, and

failure modes that would otherwise remain hidden. For instance, we find that many models

trained solely on data tend to underreact or completely miss severe health events, which

could have serious consequences in clinical practice.

• Development of Systematic Test Case Generation: We create systematic approaches to

generate new, high-risk test cases that extend beyond the original dataset, improving

the assessment of machine learning model responsiveness in clinical scenarios. These

generated cases are either absent or underrepresented in training datasets, exposing

potential blind spots in ML model predictions.

• Incorporation of Domain Expertise: Our test case generation process is informed by

domain knowledge and input from medical experts, ensuring that the generated cases
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reflect realistic clinical risks and conditions. Through interviews with medical experts,

we validate estimated risks for some generated test cases, ensuring the relevance and

accuracy of our testing approach.

• Evaluation of Model Responsiveness: We conduct experiments involving binary classi-

fication tasks, such as in-hospital mortality prediction and 5-year cancer survivability

prognosis, to evaluate ML models’ responsiveness to time-series data and critical health

events. Our work identifies critical deficiencies in current machine learning models,

particularly their limited responsiveness to severe health conditions, underscoring the

need for improved trustworthiness in digital health applications.

1.1.2 Contribution to Improve Responsiveness of ML Models for

Critical Conditions

Second, to address these responsiveness gaps, we propose a novel approach that combines

domain knowledge with data-driven learning. We incorporate medical expertise into the

model in two complementary ways: through a custom loss function that penalizes clinically

implausible predictions and through decision trees that encode medical rules and are inte-

grated with statistical models. These knowledge-guided methods significantly improve the

model’s ability to detect and respond to critical conditions, particularly for patients with

extreme vital signs or early signs of deterioration.

• We integrate domain knowledge into the model to improve its responsiveness in clin-

ically critical ranges. This integration allows the model to better reflect medical ex-

pectations, particularly under extreme physiological conditions.

• We introduce a knowledge-guided loss function that explicitly aligns model sensitivity

with domain-informed critical zones. This approach is systematically evaluated on an
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in-hospital mortality prediction task, revealing improved risk responsiveness without

compromising baseline accuracy.

• We design a hybrid system by embedding a domain knowledge–based decision tree into

a data-driven machine learning model. This setup is tested on the sepsis prediction task

and shows improved alignment with clinical thresholds while maintaining competitive

performance.

1.1.3 Contribution to fair and accurate diabetes prediction model

for young population

Third, we examine the fairness of these models, particularly their performance across differ-

ent age groups. We find that many conventional models disproportionately fail to identify

early signs of disease in younger adults, an issue we refer to as digital ageism. To address

this, we develop age-aware models that offer more accurate and equitable predictions for

underrepresented and at-risk subpopulations.

• We address a critical gap in the literature by developing a machine learning approach

specifically designed for precision type 2 diabetes (T2D) diagnosis in a young adult

population (30-44 years old). This is a new study to target this specific age group for

T2D diagnosis using machine learning.

• We show that multiple machine learning models and a number of sampling techniques

(SMOTE, random sampling, etc.) fail to achieve fair performance in terms of detecting

T2D in young adults.

• We propose a bias correction technique specifically for improving T2D diagnosis in

young adults. This demonstrates the effectiveness of subgroup-focused bias correction,
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promoting fairer and more accurate machine learning models in healthcare settings.

Together, these three contributions—rigorous responsiveness testing, domain knowledge inte-

gration, and fairness-aware modeling—offer a comprehensive path toward more trustworthy

and clinically useful machine learning systems.

1.2 Organization

This document is organized as follows. Chapter 2 Reviews the related literature, providing a

comprehensive overview of current methodologies and challenges in machine learning appli-

cations within healthcare. Chapter 3 Demonstrates our proposed framework for evaluating

the responsiveness of machine learning models, focusing on their ability to recognize and

respond to critical health conditions. Chapter 4 Outlines our mitigation techniques aimed at

improving model responsiveness for critical cases using domain knowledge. Chapter 5 Dis-

cusses biases present in models predicting type 2 diabetes among young people, highlighting

the impact of digital ageism and evaluating approaches to mitigate this issue. Finally we

conclude this dissertation in chapter 6.



Chapter 2

Review of Literature

In this chapter, we explore the literature to find out existing solutions and their limitations.

Here we also attempt to position our work within the literature space filling the gap.

2.1 Evaluating Responsiveness of Machine Learning

Most current machine learning models are tested using datasets drawn from the same dis-

tribution as their training data, resulting in overly optimistic performance metrics that may

not reflect real-world conditions. Yuchi et al. [1] introduced two techniques for evaluating

neural networks in the context of automated vehicles: (i) estimating neuron coverage, or the

proportion of neurons activated during predictions, and (ii) augmenting input images with

predefined modifications to evaluate model robustness. Neuron coverage aims to assess if the

network is utilizing its full capacity or if certain neurons remain inactive. However, the hy-

pothesis that unactivated neurons could lead to mispredictions lacks both mathematical and

empirical validation. Additionally, augmenting images using handcrafted modifications—

such as adding blur, rain effects, or adjusting lighting—can produce varied samples, but

this approach has significant limitations. Handcrafted augmentations cannot account for

the full range of potential input scenarios, making comprehensive testing impractical and

insufficient.

Pei et al. proposed DeepXplore [2], which leverages gradient from trained networks to

7
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augment input images, creating new test samples by altering lighting or adding occlusions.

While DeepXplore introduces gradient-guided augmentation, these adjustments cover only

limited types of variations in the input space. Importantly, both Yuchi et al. [1] and Pei

et al.’s [2] techniques are designed for image data and cannot be easily generalized to other

data types, such as tabular or time-series data, which are prevalent in healthcare settings.

This gap underscores the need for more adaptable and comprehensive testing methodologies

applicable across various data types in clinical machine learning models.

d’Eon et al. proposed Spotlight [3], a clustering algorithm designed to identify semanti-

cally related misprediction regions within the embedded input space. However, this method

has notable limitations. First, Spotlight does not automatically determine the number of

misprediction segments, requiring manual input to identify the most meaningful clusters.

Second, the method relies on manual inspection to assign semantic values to the mispredic-

tion regions, which may work well in straightforward cases (e.g., recognizing gender from

facial features of an Asian child) but poses challenges for more complex datasets. While the

approach could theoretically identify misprediction zones in other data types, such as time-

series data, assigning semantic values to these clusters would be difficult without substantial

domain expertise.

A significant body of work has focused on detecting distribution shifts [4, 5, 6, 7, 8] and

addressing performance disparities across demographic subgroups [9, 10, 11, 12]. However,

despite these advancements, none have proposed a systematic framework for evaluating a

machine learning model’s responsiveness to critical conditions—a key factor in ensuring

model reliability and fairness, particularly in high-stakes domains like healthcare. This gap

underscores the need for methodologies that not only detect shifts or disparities but also

assess the model’s ability to respond appropriately under varied clinical scenarios.
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2.2 Disparity in healthcare models

Disparities in models refer to the unequal performance of machine learning algorithms across

different demographic groups, often leading to biased predictions that can negatively impact

minority or underrepresented populations. Data imbalance is a well-documented driver of

biased predictions in machine learning models, particularly when distributions across target

classes and demographic groups are uneven, potentially leading to serious disparities in

outcomes[13]. High-profile cases have illustrated the harmful effects of such biases across

different domains. For example, the widely used criminal risk assessment tool COMPAS has

been shown to exhibit lower accuracy and higher false positive rates for Black defendants,

raising concerns over racial discrimination in judicial settings [14]. Similar issues have been

observed in online advertising, where public record advertisements appear more frequently

for Black-associated names than for white-associated names, suggesting algorithmic biases

in demographic representation [15]. Gender-based biases have also been identified in facial

recognition systems that misclassified darker-skinned females more frequently than other

groups [16].

There have been a lot of studies identifying the prevalence of disparity in machine learn-

ing models in healthcare [9, 10, 11, 12]. Biases emerge due to the inherent imbalances in

medical datasets, where certain conditions or demographic groups are underrepresented or

overrepresented. For instance, a recent study demonstrated that algorithms used to enroll

high-risk patients in health programs favor white patients, despite Black patients showing

a 26.3% higher rate of chronic health conditions within the same risk category [17]. Sim-

ilarly, racial disparities are evident in algorithmic predictions of osteoarthritis pain, with

studies indicating a 43% bias against certain racial groups [18]. Moreover, the structure

of case-control studies frequently introduces temporal biases, which can diminish predictive

accuracy and perpetuate inequities in clinical decision-making [19]. We identify that the tra-
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ditional machine learning models trained on imbalance BRFSS (with only 15% representing

the diabetes population) dataset [20], tend to misdiagnose diabetes more frequently in the

younger population (30-44 years) compared to other subgroups. However, this issue hasn’t

been reported in the literature. We identified this issue and proposed a mitigation technique.

2.3 Domain knowledge integration

Traditional machine learning (ML) models have achieved success in pattern recognition tasks

but often underperform in domains where the dataset fails to capture the true character-

istics of different attributes and the relationship with the dependent variable. It’s mostly

observed in domains such as healthcare, biology, and environmental science. These limita-

tions have led to the emergence of knowledge-guided machine learning (KGML), a paradigm

that explicitly incorporates domain knowledge—including clinical rules, physical laws, or

expert annotations—into the learning process to improve generalizability, interpretability,

and trustworthiness.

2.3.1 Benefits of Knowledge-Guided Learning

Studies across domains report consistent benefits of KGML:

• Improved Generalization: Enhanced performance in low-data regimes.

• Interpretability: Transparent features and rule-based splits enable human under-

standing.

• Domain Trust: Alignment with known rules fosters clinical and scientific acceptance.
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• Scientific Validity: Constraint-driven models avoid physically or biologically im-

plausible outputs.

2.3.2 Forms of Domain Knowledge and Integration Techniques

Domain knowledge can be encoded in various forms: rules, ontologies, graphs, physical

equations, or simulation outputs. These are injected at multiple stages of the ML pipeline:

• Preprocessing: Using domain-based rules for imputing missing values or filtering

noise.

• Feature Engineering: Constructing domain-relevant indices or discarding clinically

redundant features.

• Model Learning: Modifying the loss function to penalize violations of clinical or

physical constraints.

• Post-Processing: Applying rule-based filters or ensembling with expert systems.

Sirocchi et al. [21] introduced a modular framework for integrating clinical knowledge into

machine learning models across all stages of the pipeline. In scientific domains, KGML often

incorporates physical constraints. Karpatne et al. [22] introduced the Theory-Guided Data

Science (TGDS) framework, embedding physical knowledge into neural architectures. This

KGML was used as a loss component in a neural network [23, 24] and RNN model [25] to

estimate lake temperature [26, 27, 28] using the well-established relationship between water

depth and temperature. Another study introduces physics-guided deep learning model to

estimate blood pressure [29].
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However, existing approaches often suffer from limited generalizability. Most are tailored

to specific tasks or constrained to particular model architectures, and they are typically

not designed to handle time-series data. Furthermore, these methods usually incorporate

only a single knowledge constraint into the loss function, limiting their expressiveness. To

address these shortcomings, we introduce a novel loss function that can integrate multiple

domain-informed constraints across diverse feature types—including both tabular and time-

series modalities—and is compatible with a wide range of deep learning architectures, such

as LSTM and Transformer models.



Chapter 3

Low Responsiveness of Machine

Learning Models to Critical or

Deteriorating Health Conditions

3.1 Introduction

Artificial intelligence (AI) machine learning technologies are rapidly made available for in-

corporation into clinical workflows. The Food Drug Administration (FDA) authorized the

first autonomous AI diagnostic system in 2018[30], which is for detecting diabetic retinopa-

thy. Reports also showed that hospitals have adopted machine learning models for clinical

uses[31], e.g., Sepsis Watch at Duke University Hospital reduced inpatient mortality from

9.6% to 8.1% [32]. AI models are also deployed to predict surgery time in hospitals [33].

For medical applications, mispredictions of machine learning (ML) models may have serious

consequences. For example, missed detection (i.e., false negatives) in-hospital mortality

prediction or 5-year cancer prognosis[9] may cause death or underestimate patients’ risks.

A widely deployed early warning system for sepsis in U.S. hospitals, the Epic Sepsis Model,

was found to give poor prediction performance (AUC-ROC 0.63) in a study involving 27,697

patients[34]. Many factors contribute to mispredictions. It is widely recognized that biased

13
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training data cause prediction errors, especially for minority patients in the minority disease

class, e.g., Black patients who die in the hospital[9, 35]. The sole use of whole population-

wide metrics may also mask the deficiencies in the prediction accuracy of minority-class

patients, further exacerbating the problem [9]. Noisy training images may also interfere with

the model’s learning process, as shown in a skin cancer application [36]. Similar accuracy

concerns also exist in other critical AI applications, such as self-driving vehicles, which have

resulted in fatalities [37] and severe injuries [38].

For mortality prediction, it is important to measure whether or not ML models can promptly

respond to deteriorating patients’ conditions. Systematically testing medical AI machine

learning models before clinical adoption can help reveal the prediction deficiencies, motivate

model corrections, and improve their trustworthiness [39]. Exhaustive testing is both un-

necessary and impossible in most medical AI applications, due to the immense complexity

of the problem space. Thus, it is crucial to develop strategic testing approaches focusing on

the most critical conditions.

The current ML testing practice is very limited in terms of i) the coverage of minority class

cases, ii) responsiveness to disease conditions, and iii) testing time-series cases. First, existing

testing is largely restricted to a small percentage (10-15%) of the existing dataset, i.e., test

set, as the majority of the data is reserved for training. Because data imbalance in medicine

is common, a typical test set likely has a low coverage of various critical medical condi-

tions and minority prediction class cases. For in-hospital mortality prediction, the minority

prediction class is the death cases, e.g., 13.5% are death cases and the majority (86.5%) of

the patients do not die after staying in hospital [40, 41]. Even with cross-validation and

bootstrapping, the test set is largely limited to the original data. During clinical deploy-

ment, new patient conditions may occur out of the distribution of the test set. Second,

a medical AI model’s responsiveness to specific disease conditions needs to be evaluated.
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A typical machine learning model, prioritizing majority class samples, may underestimate

mortality risks and fail to produce high enough mortality risk scores for critically ill patients

[9]. For example, we found that a model trained on the MIMIC-III benchmark [41] gives

a recall of 88.7% for non-death cases (majority prediction class), but 57% recall for death

cases (minority prediction class). Thus, testing needs to consider this disparity and priori-

tize underrepresented disease conditions for evaluation. Third, time series data is pervasive

in medicine. However, methods for systematically assessing ML models for time series are

missing. Generative technologies have been proposed to produce curated manmade images

for self-driving vehicles [1, 2]. However, image-based solutions do not address the unique

temporal challenge in time series applications.

In this work, we develop systematic approaches for generating new test cases beyond the

original dataset to assess the responsiveness of machine learning models to critical health

conditions that may occur in clinical settings. Our test case generation is guided by domain

knowledge and medical experts. Our experiments involve binary classification tasks, in-

cluding time-series-based in-hospital mortality prediction and 5-year breast and lung cancer

survivability prognosis (Figure 3.1). We develop multiple methods for generating high-risk

test cases that do not exist in the training data or are underrepresented in the training set.

We also conduct interviews with medical experts to obtain their estimated risks on some of

the generated test cases. Our work reveals alarming prediction deficiencies of machine learn-

ing models and points out that ML responsiveness is an important aspect of trustworthiness

in digital health.
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Figure 3.1: The Enhanced-DP approach in contrast to traditional approaches, enriches the
minority age groups and creates new training sets by replicating diabetic samples (1 to n
times) from a minority age group. n machine learning models are trained on each of the n
versions of the training sets. The best model is selected based on performance metric balance
accuracy (Bal_Acc) and area under precision and recall curve (AUPRC). The top left bar
chart represents age distribution (histogram) in the original dataset.

3.2 Methods

3.2.1 Prediction tasks, datasets, and model selection

Our work aims to test medical machine learning (ML) models for their binary classification

accuracy under serious disease conditions. We focus on three binary prediction tasks, namely

i) 48-hour in-hospital mortality (IHM) risk prediction, ii) 5-year breast cancer survivability

(BCS) prediction, and iii) 5-year lung cancer survivability (LCS) prediction.



3.2. METHODS 17

Figure 3.2: Distributions of different attributes (vitals) of the MIMIC-III
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Figure 3.3: Distributions of different attributes (vitals) of the eICU 48 hours ICU mortality
dataset.

The datasets in our study include i) a 2019 benchmark [41] based on the MIMIC III dataset

[42, 43], ii) a 2020 benchmark [44] based on the eICU [45] dataset, and iii) a 2018 repro-

ducibility benchmark [46] based on the SEER (5-years breast and lung cancer) dataset [47].

The first two datasets contain patients’ 48-hour time series data in critical care units (ICU).

Our study excludes clinical free text notes. As with many medical datasets, the MIMIC-III

dataset for IHM, containing 21,139 samples, is imbalanced, with only 13.2% death cases

(Class 1), and 86.8% non-death cases (Class 0). The eICU IHM benchmark dataset contains

a total of 30,681 (88.5% for Class 0 and 11.5% for Class 1) samples with similar attributes

and time lengths to the MIMIC III benchmark [44]. Figure 3.2 and 3.3 shows the distri-

butions of key attributes of both MIMIC III and eICU datasets respectively. The SEER

BCS dataset contains 248,751 patient cases with 56 attributes (7 numerical and continuous
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features and 49 categorical). In the SEER BCS dataset, only 12.7% of cases are death cases

(Class 0); the rest are survived cases (Class 1). Figure 3.4 shows the distributions of key

attributes of SEER BCS and LCS dataset. The SEER LCS dataset contains 205,555 cases

with 47 features (7 numerical and continuous features and 40 categorical). 84% of patients

died in the LCS dataset.

Figure 3.4: Distributions of different attributes of the (a)-(d) SEER BCS and (e)-(h) SEER
LCS dataset.

We select ML models that are commonly used for these prediction tasks or commonly used

in medical literature. Specifically, we select Long Short Term Memory (LSTM) as it is com-

monly used for predicting mortality risk in a 48-hour ICU time series dataset—used in recent

literature [9, 48, 49, 50]. Similarly, for cancer survivability prediction, we selected multi-layer

perceptron (MLP), which was commonly used in analyzing SEER datasets, e.g., [9, 46, 51].

The performance of LSTM and MLP reported in these existing studies is comparable to other

top models. In addition, we also evaluated general-purpose ML models commonly seen in

medical literature, including XGBoost, AdaBoost, Random Forest, Gaussian Naive Bayes,

and K-nearest Neighbor (KNN). For mortality prediction, we also include CW-LSTM and

linear logistic regression models from the benchmark study [41] and a Transformer model.
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3.2.2 Dataset preprocessing

We train machine learning models with benchmark datasets of MIMIC-III [41], eICU [44],

and SEER breast and lung cancer survivability studies [46], following the conventional pre-

training processing (e.g., encoding, standardization). As MIMIC-III and eICU benchmark

datasets contain missing values, we imputed the values that are missing using the most

recent observation (within 48 hours) if it exists, otherwise, a value from the normal range

of corresponding vitals is mentioned in [41]. Masking was used to indicate whether the

vital value was original or imputed. The categorical variables, including binary ones, were

encoded using a one-hot vector. The numerical features, such as diastolic blood pressure

and glucose level, were converted to their standardized form. After preprocessing, each

time-series data point became a 76-by-48 matrix (76 computed features and 48 hours). The

processed dataset was used for training and testing neural network-based models such as

LSTM and CW-LSTM models. For non-neural network models that cannot directly process

time series, we extracted 6 statistical features (mean, min, max, standard deviation, skew,

and number of measurements) from various sub-periods (first/last 10%, 25%, 50%, and full

100%). We did not encode the categorical variables, as they contain values with a meaningful

scale. The missing values were replaced with mean values computed on the training set and

numerical variables were standardized. In total, we obtained 714 features from each 48-hour

time series with 17 vitals. The continuous variables were standardized before training. After

encoding, the feature vector length of the BCS and LCS datasets became 1,418 and 1,314,

respectively.
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3.2.3 Configurations of machine learning models

For in-hospital mortality risk prediction, we utilized the Long Short Term Memory (LSTM)

model, Channel-wise Long Short Term Memory (CW-LSTM) model, Transformer, Logistic

Regression (LR), AdaBoost, XGBoost, and Random Forest (RF) models. For 5-year breast

cancer survivability (BCS) prediction, we used Multi-layer perceptron (MLP), AdaBoost,

XGBoost, and random forest models. We utilized the optimal settings of neural network

models (i.e., layers, activation, hyperparameters) for each of the tasks from corresponding

benchmarks [41, 46]. The LSTM model consisted of an input layer (76 dimensions), a mask-

ing layer (76 dimensions), a bidirectional LSTM layer (16 dimensions), an LSTM layer (16

dimensions), a dropout layer, and finally a dense layer (1 dimension). In total, the LSTM

had 7,569 trainable parameters. The CW-LSTM layer consisted of an input layer (76 di-

mensions), masking layer (76 dimensions), 17 channel layers (for each 17 input features), 17

bidirectional layers (connected to one of the 17 channels layers), another set of 17 bidirec-

tional layers, a concatenation layer connecting all 17 bidirectional layers, bidirectional layer

(64 dimensions), LSTM layer (36 dimensions), dropout layer (64 dimensions), and finally

a dense layer (1 dimension). In total, the CW-LSTM model had 153,025 parameters. The

size of CW-LSTM’s parameters was 20 times that of LSTM’s. The CW-LSTM model allows

independent pre-processing of each variable before combining them. For both LSTM-based

models, the optimal hyperparameters are selected using grid search [41] [Harutyunyan 2019].

For example, the batch size, dropout, and time-step are set to 8, 0.3, and 1, respectively.

The transformer model consisted of an input layer (76 dimensions), a masking layer (76

dimensions), a positional encoding layer (76 dimensions), 2-3 transformer encoder blocks, a

global average pooling layer, a batch normalization layer, a dropout layer (0.3 or 05), a dense

layer (32 or 64 units), and finally a dense layer (1 dimension). Each transformer encoder

block included a multi-head attention layer with 4 heads (key dimension 76), followed by
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layer normalization and residual connections. The feed-forward dense layers within each en-

coder block contained a hidden dimension of 16. In total, the transformer model contains a

total of 881,677 parameters (trainable parameters: 293,841, optimizer parameters: 587,684,

and non-trainable parameters: 152), larger than both the LSTM and CW-LSTM models.

For hyperparameter tuning, grid search was employed to select the best hyperparameters (

Table 3.1 and 3.2). The logistic regression (LR) model was from the sklearn library, utiliz-

ing the L2 regularization penalty. To prevent overfitting and to enhance the generalization

capability of the model, the parameter C is 0.001. This choice of a small C value effectively

controls the amount of regularization applied during training. The remaining hyperparam-

eters were left at their default values, following the standard implementation provided by

the Python Sklearn library. This model was trained with the standardized training set. The

MLP model used for BCS survivability prediction consists of 2 hidden layers, where each

hidden layer contains 20 neurons. The hidden layer used Relu as an activation function.

Dropout rate of 0.1 after each hidden layer was used to avoid overfitting. The last layer

predicted binary labels using the sigmoid activation function. The MLP model contained

28,831 trainable parameters. MLP hyperparameter is empirically selected using grid-search

from a list of predefined values such as the number of hidden layers (1, 2, 3, and 4), number

of nodes in each layer (20, 50, 100, and 200), and dropout (0, 0.1, 0.2, 0.3, 0.4, and 0.5) [46].

The other models are implemented using Python’s Sklearn library and hyperparameters are

tuned using grid search (Table 3.1 and 3.2).

3.2.4 Model training, threshold tuning, and imbalance correction

methods

Model training, threshold tuning, and imbalance correction methods For in-hospital mortal-

ity prediction, LSTM models and transformer models were trained for 100 epochs using the
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MIMIC-III or eICU dataset. For 5-year cancer survivability prediction, MLP models were

trained for 25 epochs with the SEER BCS or LCS dataset with optimal hyperparameter set-

tings mentioned in [46]. Other models, including XGBoost, AdaBoost, and Random forest,

are trained using the best hyperparameters obtained from grid search (Table 3.1 and 3.2).

The models were trained using binary cross-entropy loss. An epoch was selected based on the

threshold-agnostic validation area under the precision-recall curve (AUPRC) and validation

loss to avoid overfitting. Specifically, we first selected the top 3 epochs with the highest

validation AUPRC and then selected the epoch with the minimum validation loss (Tables

A.1 and A.2). We monitored the validation loss and training loss difference to prevent over-

fitting. In all experiments, the chosen machine learning model demonstrated a small loss

difference (Tables A.1 and A.2).

Besides evaluating models trained on the original training sets, we also experimented with

resampling and reweighting techniques and measured how well the resulting bias-corrected

machine learning models performed in our critical zone tests. The reweighting technique

has demonstrated superior performance in healthcare datasets, as evidenced by prior studies

[52]. For resampling, we tested two generative resampling approaches, SMOTE (Synthetic

Minority Oversampling Technique) and AdaSyn (Adaptive Synthetic Sampling). We em-

ployed Python’s Imblearn library to apply SMOTE and AdaSyn oversampling techniques,

generating balanced training sets by increasing samples from the minority class (sizes shown

in Table A.3). For reweighting, we utilized Python’s Sklearn library to compute balanced

class weights based on the training sets (Table A.4). These methods are applied to the LSTM

model for mortality prediction and to the MLP model for cancer survivability prediction.

The training, validation, and test set breakdown for MIMIC-III and eICU datasets is 70%,

15%, and 15% and 80%, 10%, and 10% for the BCS and LCS datasets. After model calibra-

tion, a threshold-tuning process is conducted on the validation set, and an optimal threshold
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is selected based on balanced accuracy and F1 score for the minority class. Specifically, af-

ter training, we first conducted model calibration by applying Isotonic Regression using the

validation set. Model calibration mapped the predicted probabilities to actual probabilities.

Then, we performed threshold tuning to determine the optimal threshold. The minority F1

score and balanced accuracy were computed on the validation set for each threshold ranging

from 0.0 to 1.0 with a step size of 0.01. Subsequently, the top three thresholds yielding

the highest minority F1 scores were identified, and the optimal threshold maximizing bal-

anced accuracy across all validation samples was selected. This process was repeated for 3

independently trained models of each type, and the average threshold was calculated from

these independent trials. Thresholds are shown in Table A.5. The tasks were executed

on a machine with Ubuntu 18.04 operating system, x8664 corei9 architecture, 8 physical

cores (16 virtual cores), and 32 GB RAM. The experimental code and models were written

using Python 3.7, TensorFlow 1.15, and Keras 2.1.2. The cancer survivability prediction

MLP model was trained on a machine with x86_64 Intel(R) Xeon(R) CPU 2.40GHz (40

cores) and 125 GB RAM. The experimental code and model were written using Python 3.6,

TensorFlow 2.9.0, and Keras 2.9.0.

3.2.5 Mapping neuron activations

We visualized the activated neurons in a neural network model for a particular input. The

Keras backend was used to capture the neuron outputs from the bidirectional layer output

and LSTM layer output for the mortality risk prediction model. Sigmoid activation was

applied to obtain neuron output values in the range of [0, 1]. To quantify changes in neuron

activation, we defined and computed Neural Zone Activation (NZA) and average zone differ-

ence NAZ. A zone is defined by the attribute range bounded by two values. NZA calculates

the average neurons’ activations within a zone, where a zone can be a critically low, critically
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Table 3.1: Hyperparameter tuning set for grid search

Model Hyperparameter search set

XGBoost n_estimators: [50, 100, 150, 200, 300]
max_depth: [None, 3, 5, 7, 10]
learning_rate: [0.01, 0.1, 0.2, 0.5, 1]
subsample: [0.1, 0.5, 0.8, 1.0]
colsample_bytree: [0.1, 0.5, 0.8, 1.0]

AdaBoost n_estimators: [50, 100, 150, 200, 300]
learning_rate: [0.01, 0.1, 0.2, 0.5, 1]

Random Forest n_estimators: [50, 100, 150, 200, 300]
max_depth: [None, 3, 5, 7, 10]
min_samples_split: [2, 5, 10]
min_samples_leaf: [1, 2, 4]

K Nearest Neighbors n_neighbors: [3, 5, 7, 9, 11]
weights: [’uniform’, ’distance’]
metric: [’euclidean’, ’manhattan’, ’minkowski’]
p: [1, 2]

Naive Bayes var_smoothing: [1e-9, 1e-8, 1e-7, 1e-6]

Table 3.2: Selected best hyperparameters through grid search

Model Hyperparameter Best hyperparameters
eICU MIMIC-III SEER-BCS SEER-LCS

XGBoost n_estimators 200 300 300 300
max_depth 5 3 5 5
learning_rate 0.1 0.1 0.1 0.1
subsample 1 1 0.8 0.8
colsample_bytree 1 1 0.8 1

AdaBoost n_estimators 200 200 150 150
learning_rate 0.1 0.1 1 1

Random Forest n_estimators 300 300 300 300
max_depth None None None None
min_samples_split 10 10 2 10
n_neighbors 11 11 11 11

K Nearest Neighbors weights distance distance distance distance
metric euclidean manhattan euclidean euclidean
p 1 1 1 1
var_smoothing 1e-7 1e-6 1e-9 1e-9
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high, or normal range (Equation 3.1). NAZ computes the average NZA difference between

two zones (Equation 3.2), such as normal and critically high zones, indicating how much

neurons react to zone changes. There is no standard value for NAZ. A relatively higher

value indicates a good response.

Neural activation

Given neuron i, its activation value act(neuroni(k)) for input k, and a vital zone bounded by

n1 and n2 (representing critically low, critically high, or normal vital range), we define the

average neural zone activation NZAi(n1, n2) in Equation (1). Given two vital zones z1 and z2,

we further define the average neural zone activation difference ∆NZAavg(z1, z2) in Equation

(2). In Equation (2), z1s and z1e are the zone starting and ending values, respectively. b is

the number of neurons in the activation layer (16 in our case).

NZAi(n1, n2) =
1

|n1 − n2|

n2∑
k=n1

act(neuroni(k)) (3.1)

∆NZAavg(z1, z2) =
1

b

b∑
i=1

|NZAi(z1s, z1e)− NZAi(z2s, z2e)| (3.2)

3.2.6 Statistical methods

Model performance is reported using the average and standard deviations, which are cal-

culated using 9 or 15 trials. The trials were performed using 3 model instances that have

identical architecture and were trained on the same training set with random model pa-

rameter initialization. Each of the 3 model instances is evaluated with 3-5 test sets. The

distribution shift of the synthesized test dataset from the original training sets was quantified

by Wasserstein distance (WD) [53, 54]. We used an implementation from the Python library
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called scipy.stats.wasserstein_distance. First, the WD was calculated between the same fea-

tures from the whole original dataset and the synthesized test set. Then, the feature-specific

WD was averaged to obtain the mean WD for quantifying the distribution shift.

3.2.7 Attribute-based test case generation for in-hospital mortal-

ity risk prediction

We created new cases by increasing or decreasing one or multiple vital health parameters in

the seeding records. To reduce computing complexity, we prioritized by focusing on the most

influential features. Relevant medical terminologies are explained in the Appendix notes A.1

.

In the single-attribute variation, we generated new test cases by varying a single at-

tribute at a time while keeping other attributes unchanged. We then evaluated how the model

reacts to these changes and its ability to recognize associated risks (e.g., hypoglycemia).

Specifically, given an attribute A, single-attribute variation for time series involved the fol-

lowing operations. First, we identified A’s minimum and maximum values in the MIMIC-III

or eICU datasets, which defined the observed range. Then, the mean and the variance of

attribute A were computed from the entire dataset. Using the variance and the observed

range, we generated a series of random values for every value from that range, one value for

each of the 48 hours. Then, the new test case was formed by having these generated values

for attribute A and other attribute values directly inherited from the seed. We repeat this

process for every possible attribute value from the observed range with step 1.

Algorithm for Single-Attribute Variation Test Case Generation for Time Series

Data

Input:
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• Dataset D (e.g., MIMIC-III or eICU)

• Attribute A ∈ {Diastolic bp, Glucose, Respiratory rate, ...}

• Time-series length T = 48 hours

• Seed S

Output: Set of test cases with varied single attribute A

Procedure:

1: Compute minimum Amin, maximum Amax, mean µA, and standard deviation σA values
of attribute A in dataset D.

2: For each value µ in the range [Amin, Amax] with step size α:

1. Generate a vector of length T by sampling random values from the normal distri-
bution N(µ, σ2

A).

2. Replace the feature value of A with the new vector xA in seed S.

3. Save the new sample, Sµ, which is a representative of attribute value µ.

Multi-attribute variation generated new test cases by modifying two or more attributes,

aiming to represent medical conditions that were characterized by variations in multiple

related attributes. We further differentiated two scenarios: i) a single set of medically

correlated attributes driven by one underlying disease condition, e.g., high diastolic and

systolic blood pressure due to hypertension, and ii) medically correlated attributes due to

multiple underlying conditions, e.g., hypertension and diabetes. These test cases were used

to assess the machine learning model’s ability to respond to the risks of multiple disease

conditions in patients. One of the test sets was created by changing multiple vitals such as

systolic blood pressure, diastolic blood pressure, blood glucose level, respiratory rate, heart

rate, and body temperature at the same time. A test case was assigned a ground truth label

using existing literature or under the guidance of medical doctors. 6 multi-attribute test
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cases and 12 deteriorating test cases were directly labeled by the medical doctor (Tables A.6

and A.7).

3.2.8 Deteriorating test case generation for MIMIC-III

We leveraged the gradients of LSTM to guide the generation of new test cases. This method

is automatic and does not require the specification of attributes to change – aiming to

generate new test cases that are challenging for machine learning models to classify correctly.

Such cases typically occur at the decision boundary of the classifier. Our method started

from a healthy patient’s record (i.e., a seed with low or zero mortality risk). The seed

is a time-series record far away from the classifier’s decision boundary. We incrementally

adjusted the attribute values of the seed by following the steepest direction (i.e., gradient)

that can maximize the loss (i.e., prediction errors of the machine learning model). This

process explores the local hyperspace and iteratively produces new cases that are closer

and closer to the machine learning model’s decision boundary. Computationally, given a

trained machine learning model and a healthy patient’s time series record as the seed, we

computed the derivative of the model’s loss function, i.e., gradient (Equation 3.3). The

gradient is a vector of partial derivatives describing the direction and rate of changes of

the loss function. Then, we changed the test case in the direction of increasing gradient.

Our algorithm is described in Equation 3.3. The step size or learning rate to control the

magnitude of the change was set to 0.001-0.2 in our experiment depending on the attribute

(Table A.8 and A.9). Our method focuses on generating special samples; it differs from the

straightforward gradient ascent process, which adjusts model weights to minimize loss. We

have two ways of creating gradient-based test cases from the MIMIC-III dataset – single

attribute gradient approach and multi-attribute gradient approach. In the former, we focus

on a single attribute and apply gradient ascent solely to modify that specific attribute. This
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approach allows one to observe the individual impact of each attribute on the mortality risk.

In the latter, we simultaneously change values of multiple attributes using gradient ascent.

Gradient approaches create test cases that represent deteriorating health conditions in time

series. Table A.10 shows the various categories of test sets and their sizes.

Gradient ascent

Given a sample x, we add the gradient Gi calculated from the trained model with the seed

sample xi to generate a new sample xnew
i , where i represents the feature to be changed by

the gradient ascent process.

xnew
i = xi + αGi (3.3)

Where:

• i is the selected feature index from [0, 1, . . . , 17]

• xnew
i is the sample with updated feature i

• xi is the current feature value

• α is the step size or learning rate that controls the magnitude of change in the input

feature

• Gi =
δy
δxi

is the gradient of the output y with respect to feature xi

3.2.9 Glasgow coma scale test case generation

The Glasgow Coma Scale (GCS) is a neurological scale that assesses a patient’s level of

consciousness. It evaluates responses in three categories: eye-opening (E), verbal response
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(V), and motor response (M), adding up to a score ranging from 3 to 15 [Jain 2018]. A

lower score indicates a more severe impairment of consciousness. Definitions of values in

each category are given in Table A.11. A GCS score can be representative of multiple sets.

For example, GCS total 10 can be the outcome of (E, V, M) = (3, 3, 4), or (4, 4, 2), etc. The

GCS total test set contains all the possible combinations of (E, V, M) for each particular

GCS total value. The double attribute-based GCS cases were also created by varying both

attributes and keeping the other constants to healthy values.

3.2.10 Attribute-based test case generation for 5-year cancer prog-

nosis

Single-attribute variation: Similarly, we engineered cancer test cases by varying one

attribute of a seed record. The attribute may be the size of the tumor (T), the number of

positive lymph nodes (N), the number of examined lymph nodes (ELNs), or the grade of

the cancer cell. T and N are the two most important factors for determining cancer severity

or stage [SBC 2024]. T has 4 categories based on the size. The tumor test set was created

by varying the size of 3 seeds in the surviving class, using the range (0-986 mm) from the

original SEER dataset. This BCS tumor size test set contains 12,891 cases, including 18

T0 cases, 243 T1 cases, 390 T2 cases, and the rest of 12,240 T3 cases. The LCS tumor

size contains 8,367 cases, including 12 T0 cases, 171 T1 cases, 273 T2 cases, and 7,911 T3

cases. (T4 cases cannot be created, as it is not associated with a quantitative value). The

number of positive lymph nodes (N) is divided into 4 categories. The positive lymph node

test case was created similarly by changing the corresponding value from the same 3 seeds

using the attribute range (0-84). For BCS, we generated 7,686 test cases, including 90 N0

cases, 270 N1 cases, 546 N2 cases, and 6,780 N3 cases. For LCS, we generated 24,264 test

cases, including 333 N0 cases, 999 N1 cases, 1998 N2 cases, and 20,934 N3 cases. Appendix
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Notes A.1 have more details of T and N category definitions.

The ELN test case was created similarly by varying the number of ELNs (range in [0, 86])

from 3 seeds and keeping other values the same as the seeds. The ELN test set contains

a total of 3,510 cases for BCS and 1,835 cases for LCS. Although the number of examined

lymph nodes (ELNs) is not directly related to the cancer staging, it is crucial for diagnosing

cancer. Several studies proposed that there should be a standard (or a minimum) number of

ELN cancer diagnoses [55, 56, 57, 58]. The grade of the cancer cell represents the spreading

and growth intensity of the cancer cell [59]. The SEER dataset contains 1-4 grades where

the higher grade represents faster growth and speed and another grade 9 for undetermined

(not stated/applicable). For BCS, we created test sets for each of 1-4 grades, where each set

contains 24,875, created from 21,723 cases from the majority Class 1 (survival) and 3,152

cases from the minority Class 0 (death). We utilized the entire validation set as the seed pool,

allowing for a more comprehensive evaluation. In total, the 1-4 grade test set contains 99,500

cases (24,875 cases for each grade). To create each grade test set, we set the corresponding

grade value to all data points in the validation set.

Double- and triple-attribute variations. Double-attribute variation generated new BCS

test cases by changing a pair of attributes from the 3 continuous attributes, i) the size of

the tumor (T), ii) the number of positive lymph nodes (N), and iii) the number of examined

lymph nodes (ELNs). The grade attribute was excluded, as it is categorical. The tumor

size and positive lymph node combination test set contains 18,531 test cases. The tumor

size and number of examined lymph nodes combination test set also contains 18,531 test

cases. The number of examined lymph node and positive lymph node combination test

sets contain 23,400 test cases. The triple-attribute test set was created by setting three

attributes simultaneously to represent serious disease conditions, e.g., tumor size to T4,

number of positive lymph nodes to N3, and grade to 4. The validation set, consisting of
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24,875 cases including 21,723 cases from Class 1 (survived) and 3,152 from Class 0 (death),

was used as seeds. While the tumor size and number of positive lymph nodes are continuous

variables, we treated them as categorical by selecting a value from the T4 and N3 range

respectively. As a result, the triple-attribute test set contains 21,723 cases derived from

Class 1 seeds and 3,152 cases derived from Class 0 seeds. Table A.12 and A.13 summarizes

the various categories of test sets and their sizes. We performed double- and triple-attribute

variation tests for BCS models, not on LCS models.

For labeling generated breast and lung cancer test cases, we used authoritative literature

to assign labels. We labeled cases with Class 0 (indicating low survivability) if there was a

strong presence of cancer (i.e., T 1-3, N 1-3, and grade 2-4). For ELNs, the previous studies

using SEER datasets [Sun 2020, Chi 2017] suggested using at least 8-9 ELNs for stage T1

diagnosis, 37 ELNs for T2 diagnosis, and 87 ELNs for T3 diagnosis. As ELN is not directly

responsible for the death, that attribute was not considered during labeling.

3.2.11 Selection of Seeds

We used existing patient records from the original dataset as seeds (i.e., starting points) to

generate synthetic test sets. We selected seeds from the in-hospital mortality dataset that are

real-world non-death patient cases that exhibit healthy attribute values. Seeds were chosen as

follows. For attribute-based test case generation, we randomly selected seeds from MIMIC-

III Class 0 (survival case) following two criteria. First, the mean (of 48 hours) attribute

values are within the range of ideal health conditions defined in Table A.14. In addition, the

standard deviation of each attribute needs to be less than or equal to the mean standard

deviation (Table A.15) of the MIMIC-III dataset. Our evaluation of attribute-based test case

generation involved 5 seeds and the statistics of these 5 seeds are given in Table A.16. The
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deterioration test case generation involved another 3 seeds, which were selected randomly

from Class 0 of MIMIC-III. Since the eICU dataset contains similar samples with identical

features and a consistent 48-hour time duration, we utilized the same test set generated from

MIMIC to evaluate models trained on the eICU dataset. Additionally, the selected seed

attributes fall within the healthy (ideal) range, minimizing the out-of-distribution effects on

models trained on the eICU dataset. For the cancer survivability prediction task, test cases

involving changing a numerical variable were generated from 3 randomly selected seeds from

the surviving class. Test sets are separately generated from each of the SEER BCS and LCS

datasets. Test sets involving categorical variables, such as grades test and triple-attribute

test sets, were generated using all validation data points from SEER.

3.3 Results

For in-hospital mortality prediction, we generated 177,507 new time-series test cases based

on MIMIC-III to represent serious patient conditions and used them to evaluate the respon-

siveness of machine-learning models (Table A.10 ). 126,950 cases are generated by modifying

multiple vital attribute values in 5 seed records, 42,500 cases by modifying double attributes

in seed record, 7,075 cases by modifying a single attribute value in a seed record, 970 cases

by modifying Glasgow coma scale (GCS), and 12 cases by gradient ascent. Modifications to

vital attributes are bounded by the minimum and maximum values of the attribute in the

in-hospital mortality (IHM) datasets and focus on critically high and critically low ranges of

the 6 vitals. We carefully use literature [60, 61, 62, 63, 64] to identify these ranges (Table

A.14). The test case generation also ensures the continuity of the time series. The 6 types

of attributes include systolic blood pressure, diastolic blood pressure, blood glucose level,

respiratory rate, heart rate, and body temperature. A seed record is a real-world patient
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case selected from the MIMIC-III dataset that is a non-death case whose attributes are in

the typical healthy ranges [61, 62, 63, 64]. The other 12 test cases are generated using a

gradient-ascent approach, which modifies the seed by following the direction of the steepest

increasing loss function.

Each synthetic test case is assigned a label, death (Class 1) or survival (Class 0) for in-hospital

mortality (IHM) prediction. Labels are verified either by a medical doctor or confirmed

by the literature. These labels are considered ground truth in our study. Two medical

doctors reviewed 18 generated test cases (6 attribute-based cases and 12 gradient-based

cases), where the test cases are time series data and the risk scores of the medical doctors’

output are quantitative, between 0 and 1. The medical experts estimated risk values are in

Tables A.6 and A.7. Labels of the other 177,489 test cases are inferred based on expected

ranges of vital health parameters of healthy individuals extracted from medical literature.

Synthetic test cases persistently containing vital values in critical zones represent patients in

sustained critical health conditions, and thus are labeled Class 1. These cases should receive

a high mortality risk prediction from machine learning models. We define machine learning

responsiveness as the model’s ability to react to significant changes in input values, e.g., by

increasing the mortality risk score for IHM prediction.
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Figure 3.5: Machine learning model performance on the original test set. The death class
is the minority class in MIMIC III, eICU. Death class is represented by 1 in in-hospital
mortality risk prediction datasets.
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Figure 3.6: Machine learning model performance on the original test set. The death class is
the minority class in SEER BCS datasets, whereas the majority in the SEER LCS dataset.
Death class is represented by 0 in cancer survivability prediction datasets.

Based on the SEER 5-year breast cancer survivability dataset, we generated 205,414 test

cases to represent different patient conditions. Among them, 120,077 cases are generated by

changing single attributes (including 7,686 cases representing different N stages, 12,891 cases

for the T stage, and 99,500 cases for grades), 60,462 cases by modifying double attributes,

and 24,875 cases by changing triple attributes from the seed cases. Based on the LCS
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dataset, we generated three sets of single-attribute test cases totaling 31,136 cases, which

include 8,367 cases representing different T stages, 24,264 cases representing N stages, and

1,835 cases representing ELNs (Table ??). We manually assigned labels to synthesized test

cases guided by the literature [55, 56, 57, 58, 59, 65, 66].

3.3.1 ML performance under Glasgow Coma Scale (GCS) testing

For in-hospital mortality prediction, we assess MIMIC III-based LSTM, CW-LSTM, and LR

models with test cases containing varying GCS scores (Figure 3.7 and 3.8), including severe

injury cases with GCS scores 3 to 8, moderate injury with 9 to 12, and mild or no injury with

13 to 15. A low GCS score indicates a poor health condition [67] (medical meanings of each

category are shown in Table A.11). The CW-LSTM model gives near zero mortality risk

values for 15 severe injury cases, for example, E4M1V3 in Figure 3.7 a, i.e., a case with an

eye response score of 4 out of 4, a motor response of 1 out of 6, and a verbal response score

of 3 out of 5. For a moderate injury case E4M1V5, CW-LSTM also gives an unexpectedly

low mortality risk (0.01) prediction, i.e., predicting the healthy outcome of the patient. The

model’s prediction is inconsistent, as another moderate injury case E4M3V5 receives a high

mortality risk of 0.58.
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Figure 3.7: Mortality risk (MR) prediction for Glasgow Coma Scale for different combinations
using three machine learning models. MR predicted by (a) channel-wise LSTM model for
three injury cases, (b) LSTM model for three injury cases, and (c) Logistic regression for
injury cases indicated by all combinations of GCS scores.

Similar inaccuracies and inconsistencies are also observed for the LSTM (MIMIC III) model

tested. For instance, the LSTM model mistakenly considers a severe injury case E1M1V5
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to be much more likely to survive than a moderate injury case E2M2V5 (Figure 3.7 b). In

contrast, the LR model consistently predicts at least 0.3 mortality risk for severe injury cases

and responds well (Figure 3.7 c). For mild injury cases, the LR model consistently predicts

a low mortality risk. The 3D surfaces of the LR model appear smooth and the model reacts

to decreased eye and motor signals (Figure 3.8 a). In contrast, LSTM’s 3D plots are less

monotonic, exhibiting bumps (Figure 3.8). For the most severe cases (subscores being 1 or

2), LSTM’s risk predictions incorrectly drop.
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Figure 3.8: Mortality risk (MR) prediction for Glasgow Coma Scale for different combinations
using three machine learning models. MR prediction of injury cases defined by different
combinations of GCS eye and motor response scores by (a) LSTM and (b) logistic regression
model. MR predicted by (c) LSTM and (d) logistic regression using injury cases defined by
different combinations of GCS eye and verbal response scores. MR prediction of injury cases
defined by different combinations of GCS motor and motor response scores by (e) LSTM
and (f) logistic regression.
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3.3.2 ML performance under critical zone tests

Single-attribute Critical Zone Test Results

Figure 3.9: Mortality risk prediction for single vital-sign tests using three machine learning
models (LSTM, Channel-wise LSTM, and Logistic Regression). LSTM, Channel-wise LSTM,
and Logistic Regression (LR), predict the mortality risk (MR) of (a) respiratory rate, (b)
body temperature, (c) glucose, (d) diastolic blood pressure, (e) systolic blood pressure, and
(f) oxygen saturation test sets (synthesized). The mortality risk (MR) is represented by
X-axis and MR above and below a red horizontal line (threshold = 0.22) indicates a high
or low mortality risk zone respectively. The entire range of each vital sign (except oxygen
saturation) value is divided into three segments, low, normal, and high, by the blue vertical
lines. The low and high values within these ranges indicate critical health conditions.

We evaluate the MIMIC III-based LSTM, CW-LSTM, and LR models’ ability to respond to

a single deteriorating attribute while keeping other attributes stable as in the seed (Figure

3.9). The CW-LSTM model fails to recognize bradypnea, i.e., an abnormally slow breathing
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rate and gives only slightly elevated mortality risk prediction (mean mortality risk 0.05 and

standard deviation 0.04) for tachypnea, i.e., rapid breathing (Figure 3.9 a), insufficient to

trigger an alert. Similarly, CW-LSTM is unable to recognize most of the abnormal vitals.

Its mortality risk prediction gives a negligible change to an abnormal patient’s glucose level

(Figure 3.9 c) and oxygen saturation rate (Figure 3.9 f). For the other 3 attributes tested,

CW-LSTM gives small partial responses to either a high critical zone or a low critical zone,

but not both. For example, it is unable to recognize high body temperature anomalies and

only slightly raises the mortality risk to 0.01 to 0.08 (standard deviation 0.033) for severe

hypothermia below 34 degree C (Figure 3.9 b), which is still much below the classification

threshold (0.22). CW-LSTM’s response to abnormal diastolic and systolic blood pressure is

also inadequate (Figures 3.9 d and e).

The LSTM model gives much more elevated risk prediction than CW-LSTM for tachypnea

(Figure 3.9a) and hypothermia conditions (Figure 3.9b). Out of the 3 models tested, LSTM

is the only machine-learning model that responds to both systolic hypotension and hyper-

tension conditions, producing a U-shaped curve (Figure 3.9e). However, LSTM consistently

gives an ultra-low risk prediction for abnormal diastolic blood pressure (Figure 3.9d). Simi-

lar to CW-LSTM, LSTM does not recognize hypoxemia, i.e., low blood oxygen level (Figure

3.9f), bradypnea, hyperthermia, and abnormal glucose level (Figure 3.9c), exhibiting either

monotonic or near-flat risk prediction curves insensitive to abnormal vitals. Compared to the

other 2 models, logistic regression gives a substantially higher risk prediction for hypoxemia.

It also computes elevated risk scores in response to increasing hyperglycemia and diastolic

hypotension conditions. For all attributes, logistic regression is only able to recognize one

end of the critical zones, but not both. Overall, logistic regression, LSTM, and CW-LSTM

correctly predict 37.7%, 37.8%, and 22.4% of the single-attribute critical zone test cases on

average (Table A.17).
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Neuron activation analysis

Figure 3.10: Visualizing the neural activation map of the LSTM layer (LSTM model) con-
sisting of 16 neurons. Figures (g)-(j) represent the neural activation map. These are the
neural activation values, calculated after applying the sigmoid function, when the model is
fed with test cases varying a single vital, such as (g) glucose, (h) diastolic blood pressure,
(i) temperature, and (j) respiratory rate.

We visualized neuron output from intermediate layers of the MIMIC III-based LSTM model.

Neurons whose activations change with changing variable values are the responsible neurons

for recognizing that variable. We found most of the LSTM neurons have low or no responses

to varying glucose and diastolic blood pressure values (Figures 3.10i and j). In contrast,

neurons are more responsive to temperature and respiratory rate changes, e.g., sharp changes

in all neuron activation between 34°C to 36°C (Figure 3.10h) and around or above 40 bpm

(Figure 3.10g). However, neurons exhibit minimal or no changes in activation for higher
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temperatures or for critically low respiration rates.

To quantify changes in neuron activation, we computed Neural Zone Activation (NZA) and

average zone difference NAZ, new metrics defined by us (Equations 3.1 and 3.2 ). NZA

averages neurons’ activations within a zone, where a zone is a critically low, critically high,

or normal range (Equation 3.1). NAZ computes the averaged NZA difference between zones

(Equation 3.2), indicating how much neurons react to zone changes. The LSTM model shows

low (0.01 to 0.04) ∆NZA in most cases (Table A.18). In a few cases, e.g., temperature

∆NZA(low, normal) and respiratory rate ∆NZA(high, normal), the values are relatively

high (0.14 to 0.16).
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Multi-attribute Critical Zone Test Results

Figure 3.11: (a)-(i) show the mortality risk prediction of patients attributed by double vital
signs and test pair generated by altering 6 attributes at the same time. Risk prediction under
varying respiratory rate and heart rate by (a) logistic regression, (b) LSTM model, and (c)
CW-LSTM model. Risk prediction under varying systolic and diastolic blood pressure by
(d) logistic regression, (e) LSTM model, and (f) CW-LSTM model. Risk prediction under
varying glucose and diastolic blood pressure by (g) logistic regression, (h) LSTM model, and
(i) CW-LSTM model.

We evaluated the 3 MIMIC III-based machine learning models under 42,500 double attribute

varying test cases (Figure 3.11), including respiratory rate and heart rate pair (first row), sys-

tolic and diastolic blood pressure pair (middle row), and glucose and diastolic blood pressure

pair (last row). The CW-LSTM model does not generate high mortality risk predictions for

most critical zone cases, consistent with its single-attribute test performance in Figure 3.9.
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The logistic regression model gives better performance than CW-LSTM, predicting higher

risks for some critical zone combinations (Figures 3.11a, d, and g). However, its prediction

is monotonic, thus, unable to recognize both high and low critical zones of an attribute pair.

For example, logistic regression fails to alert when patients have low respiratory rate and low

heart rate. LSTM model exhibits prediction behaviors (Figures 3.11b, e, and h) consistent

with its single attribute performances in Figure 3.9.

Figure 3.12: This shows the prediction difference between original case and it’s corresponding
critical version by multi-attribute variation. (j), (k), and (l) represent ∆MR for high critical
range cases and (m), (n), and (o) represent ∆MR for low critical range cases. The test set is
generated by simultaneously varying systolic blood pressure, diastolic blood pressure, blood
glucose level, respiratory rate, heart rate, and body temperature and values are randomly
selected from the critical zone. The graph shows mortality risk difference (∆MR) calculated
by subtracting predicted mortality risk of the seed data from the predicted mortality risk
of its corresponding critical case. The X-axis represents the case numbers and the Y-axis
represents ∆MR. It is expected to get a positive MR difference and the negative ∆MR
cases represent failed test cases.
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In a 6-attribute varying test setting, we evaluated the responsiveness of MIMIC III-based

machine learning models under 6 changing vitals, where test cases have abnormal systolic

and diastolic blood pressures, blood glucose level, respiratory rate, heart rate, and body

temperature values in their respective critical zones. We recorded how much mortality

risk scores changed and showed the distributions in Figures 3.12. Figures 3.12a, b, and c

show the mortality risk difference (∆MR) between each high critical zone test case and

its corresponding seed. Medically speaking, the risk should increase under worse health

conditions. The CW-LSTM model consistently predicts high mortality risk for most cases,

resulting in a positive ∆MR for over 90% of the cases (Figures 3.12c and 4f). The logistic

regression model (Figure 3.12a) consistently produces negative ∆MR for all cases, which is

incorrect. The LSTM model generates positive ∆MR for two-thirds of the 12,694 test cases.

The 3 models under low critical zone tests performed similarly (Figures 4m, 4n, and 4o),

where CW-LSTM responds to multi-attribute critical conditions the most effectively and

logistic regression the least. Overall, logistic regression, LSTM, and CW-LSTM correctly

predict 6.2%, 45.7%, and 69.3% of the multi-attribute critical zone test cases on average

(Table A.17 ), respectively.



3.3. RESULTS 49

3.3.3 Results on test cases with deteriorating conditions

Figure 3.13: Gradient-generated deteriorating test cases and machine learning models’ mor-
tality risk predictions by LR, CW-LSTM, and LSTM models. (a)-(c) show the average time
series of the generated abnormal test cases (in red area curves) and the normal seed cases
used (in blue area curves) for each of the 3 attributes. (d) Models’ predicted average mor-
tality risks for each deteriorating attribute. The standard deviation is indicated by the error
bar. The numbers (red) at each of the bars represent the number of detected alerts out of
input 3 cases.

For in-hospital mortality prediction (using the MIMIC III dataset), we used a gradient ascent

method to generate 12 time-series test cases with deteriorating health conditions. 9 of the

12 test cases contain one vital that worsens during the 48 hours and is in the critical zone
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during the last 24 to 48 hours, including 3 cases of decreasing systolic blood pressure (Figure

3.13a), 3 cases of increasing respiratory rate cases (Figure 3.13b), and 3 cases of decreasing

body temperature (Figure 3.13c). The other 3 test cases have multiple (3) worsening vital

signs, with vitals being in critical zones during the last hours (ranging from 30 to 48 hours).

All 12 test cases should receive a high mortality risk prediction, i.e., Class 1. We confirmed

these labels with two medical doctors who manually reviewed the time series data. Average

mortality risks predicted by machine learning models on the 9 single-attribute deteriorating

test cases are in Figure 3.13d. Out of the 9 single-attribute deteriorating test cases, logistic

regression only detects 2 (22%) respiratory rate cases (average risk 0.38) and fails to detect

the other 7. CW-LSTM (MIMIC III) detects 4 (44%) out of the 9 deteriorating test cases,

including 2 systolic BP cases (average risk 0.32) and 2 respiratory rate cases (average risk

0.39). However, it is unable to detect deteriorating temperature cases. LSTM reports 5

(56%) out of the 9 deteriorating test cases, including 2 systolic BP cases (average risk 0.22),

2 temperature cases (average risk 0.23), and 1 respiratory rate case (risk 0.22). Collectively,

the models detect 41% out of single-attribute deteriorating test cases. Multi-attribute test

cases have 3 deteriorating vitals, including oxygen saturation, temperature, and diastolic

blood pressure. The LSTM (MIMIC III) model detects all 3 cases (average risk 0.23),

whereas CW-LSTM fails to generate any alerts. Logistic regression (MIMIC III) issues

alerts for 2 out of 3 cases (average risk 0.56). Collectively, the 3 models detect 56% out of

the multi-attribute deteriorating test cases. Overall, the models’ average accuracy under all

deteriorating test cases is 44%.

3.3.4 5-year cancer survivability results

We found similar deficiencies in the machine learning model, in terms of the model’s ability

to respond to test cases representing serious cancer conditions.
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Single-attribute test results

Figure 3.14: Predicted 5-year breast cancer survivability results of a multi-layer perceptron
(MLP) model on test cases. Four major breast cancer screen attributes are involved, includ-
ing CS tumor size, number of positive lymph nodes, number of lymph nodes examined, and
grade. (a)-(c) and (g) Predicted survivability results on single-attribute varying test cases.
The blue area of (a)-(c) represents the standard deviation. (d)-(f) Predicted survivability
results on double-attribute varying test cases. (h) Predicted survivability results on triple-
attribute varying test cases involving CS tumor size, number of positive lymph nodes, and
grade. In the boxplots (g) and (h) the horizontal line within the box represents the median
value, while the box itself encompasses the interquartile range (IQR), containing the middle
50% of the data. The whiskers extend to the values within 1.5 times the IQR from the box
(upper and lower quartiles). The green triangle point on the box represents the mean of the
distribution.
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We evaluated the responsiveness of MLP models trained on the BCS dataset to a single

deteriorating attribute (Figure 3.14 and Table A.19) while keeping other attributes the same

as the seed. The BCS-MLP model shows some responsiveness with varying tumor size

(Figure 3.14a), however, remains above the survivability threshold (0.71) in all cases. As a

result, the model fails to trigger an alert for tumor sizes representing critical stage T1 (tumor

size less than 20 mm) to T3 (tumor size larger than 50 mm). On the other hand, the model

triggers alerts for 74.4% of the 6,780 N3 stage (Figure 3.14b). It fails to generate any alert

for 270 N1 and 546 N2 stage cases. The BCS-MLP model accurately generates alerts for

66.4% of critical cases (N1-N3). It decreases the survivability for lower numbers of examined

lymph nodes (ELNs), however, still fails to trigger any alerts (Figure 3.14c). For the grade

test sets (1-4) generated from 21,723 surviving patient seeds, the BCS-MLP model generates

alerts for 989 cases (4.6%) for grade 2 test, 1,616 cases (7.4%) for grade 3 test, and 1,446

cases (6.7%) for grade 4 test (Figure 3.14g). On the other hand, for the grade test generated

from 3,152 death events, the model generates alerts for 1,826 cases (57.9%) for grade 2 test,

2,073 cases (65.8%) for grade 3 test, and 2,013 (63.9%) cases for grade 4 test. The model did

not generate any alerts for 97% and 48.7% of grade 1 cases generated from seeds of survived

and death events, respectively.

The LCS-MLP model shows higher responsiveness with variations in tumor size (Figure

3.18 d), generating alerts in 80.1% of the test cases (Figure 3.20). It also responds well to

varying positive lymph node numbers (Figure 3.18 e) with alerts generated in 92.9% of the

cases. However, the LCS-BCS model does not react to the increasing number of lymph nodes

examined (Figure 3.18 f).
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Double-attribute test results

The BCS-MLP model was tested under 60,462 double attribute varying test cases, including

i) tumor size (T) and positive lymph node (N) combination test (Figure 6d), ii) number of

examined lymph node (ENL) and positive lymph node (N) combination test (Figure 6e), and

iii) tumor size (T) and number of examined lymph nodes (ENL) combination test (Figure 6f).

The predicted survivability decreases with an increasing number of positive lymph nodes.

However, collaborative staging (CS) tumor size or number of examined lymph nodes does

not significantly decrease the predicted survivability. The MLP model accurately predicts

93% of T-N cases, 19.6% of N-ENL cases, and 0% of T-ENL cases (Table A.19). In a 3-

attribute varying test, the BCS-MLP model is evaluated using cases with T4 tumor size, N3

number of positive lymph nodes, and grade 4 condition at the same time (Figure 6h). The

BCS-MLP accurately predicts 90% of cases generated from surviving seeds (Class 1) and

98.9% of cases generated from death event seeds (Class 0).

Tree-based ensemble

AdaBoost, Random Forest, and XGBoost, produced somewhat similar results across all four

datasets (Figure 3.15). The random forest model demonstrates good responsiveness for most

attributes in both MIMIC III and eICU datasets. However, it does not respond to critically

high respiratory rates. XGBoost and AdaBoost have little reaction to attribute changes.

In cancer survivability tasks, none of the models responds to worsening patient conditions,

except AdaBoost for LCS-positive lymph nodes.
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Figure 3.15: Performance comparison between tree-based ensemble methods, AdaBoost,
XGBoost, and Random Forest (RF), with LSTM and MLP models under single-attribute
varying tests. (a)-(c) and (d)-(f) Mortality risk prediction results by the models under
MIMIC-III and eICU test cases for respiratory rate, temperature, and systolic blood pressure,
respectively. Horizontal dashed lines represent model-specific thresholds.



3.3. RESULTS 55

Figure 3.16: Performance comparison between tree-based ensemble methods, AdaBoost,
XGBoost, and Random Forest (RF), with LSTM and MLP models under single-attribute
varying tests. (a)-(c) and (d)-(f) 5-year cancer survivability prediction results by the models
under SEER BCS and LCS test cases for CS tumor size, the number of positive lymph nodes,
and the number of lymph nodes examined, respectively. Horizontal dashed lines represent
model-specific thresholds.

3.3.5 Comparison of Wasserstein distances

We computed the Wasserstein distance between the original dataset and the generated test

cases. Wasserstein distance captures the probability distribution shift given a metric space

[53, 54]. For in-hospital mortality prediction, the Wasserstein distance between the original

MIMIC-III training set and the synthesized multi-attribute tests is 33.4. This value is much

larger than the Wasserstein distance (12.4) between the training data and test data split

within the original MIMIC-III. In comparison, for breast cancer survivability prediction, the

distribution shift of the generated triple-attribute-based test cases from the original SEER
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dataset is smaller, with the Wasserstein distance being 9.8. WD for the original SEER

training and test set is 2.1 (Table A.20).

3.3.6 Impacts of resampling and reweighting methods

Figure 3.17: Performance comparison between the original machine learning models and
the resampled (SMOTE or AdaSyn) or reweighted models under single-attribute varying
tests. (a)-(c) and (d)-(f) Mortality risk prediction results by the original LSTM model
and the resampled or reweighted LSTM models under MIMIC-III and eICU test cases for
respiratory rate, temperature, and systolic blood pressure, respectively. Horizontal dashed
lines represent model-specific thresholds.

We trained and tested new ML models to assess the impact of resampling and reweighting

methods on models’ responsiveness. SMOTE and AdaSyn oversampling methods are used

to enrich the minority prediction class. For mortality prediction, resampled LSTM models

are tested with our single-attribute critical zone test cases. Overall, the new models remain

to have low responsiveness to high-risk patient conditions (Figure 3.17 a-c). Similar to the
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original models, models with resampling are still unable to recognize critical patient condi-

tions. For example, LSTM with SMOTE consistently assigns low mortality risk scores to

patients with critically high vitals (e.g., respiratory rate, temperature, systolic blood pres-

sure). LSTM with AdaSyn is better at responding to elevated systolic blood pressures than

the original model, however, it performs poorly in other tests. Tests with the eICU dataset

give a similar or worse performance (Figures 3.17 7d-7f). For BCS and LCS prediction, new

MLP models trained with SMOTE or AdaSyn oversampling methods exhibit similar trends

as the original MLP model (Figures 3.17). The new models fail to recognize many critical

cancerous conditions. In addition, for LCS prediction, SMOTE and AdaSyn methods make

the LCS-MLP model less sensitive to increasing CS tumor size (Figure 3.18 d).

Figure 3.18: Performance comparison between the original machine learning models and the
resampled (SMOTE or AdaSyn) or reweighted models under single-attribute varying tests.
(a)-(i) and (j)-(l) 5-year cancer survivability prediction results by the original MLP model
and the resampled or reweighted MLP models under SEER BCS and LCS test cases for CS
tumor size, the number of positive lymph nodes, and the number of lymph nodes examined,
respectively. Horizontal dashed lines represent model-specific thresholds.
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We also applied the reweighting approach to training. Table A.4 shows the cost parameters

used. For mortality prediction, LSTM with reweighting gives comparable performance to

the original model (Figures 7a-7g), except in one testing scenario. For eICU critically low

systolic BP tests, reweighted LSTM generates elevated risk scores and is slightly better at

responding to abnormal patient conditions. However, reweighted LSTM performs worse for

similar MIMIC-III test cases (Figure 7c). For cancer survivability prediction, reweighting

does not impact MLP’s performance in most testing scenarios (Figure 7). For BCS test

cases, the reweighted MLP model has slightly better responses to the increasing number of

positive lymph nodes than the original MLP, however, it performs worse than the original

MLP in terms of recognizing larger tumor sizes.
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Figure 3.19: The performance of machine learning models was evaluated on synthesized
single-attribute test sets, including (a) ICU vital systolic blood pressure and (b) ICU vital
respiratory rate. Models were trained on the original datasets, with the top halves of (a)
and (b) representing MIMIC III and the bottom halves representing eICU. Model names are
aligned along the Y-axis. For ICU mortality prediction (a) and (b), Class 1 corresponds to
the death class.
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Figure 3.20: The performance of machine learning models was evaluated on synthesized
single-attribute test sets, including (a) cancer attribute CS tumor size, and (b) cancer at-
tribute number of positive lymph nodes. Models were trained on the original datasets, with
the top halves of (c) and (d) representing SEER BCS and the bottom halves representing
SEER LCS, as indicated on the left. Model names are aligned along the Y-axis. For SEER
cancer survivability prediction (a) and (b), Class 0 represents the death class.
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3.3.7 Responsiveness results of transformer models

Figure 3.21: The performance of the transformer model compared with the LSTM. Figures
(a) and (b) show the various Class 1 (death) and Class 0 (survival) performance metrics
of the transformer model trained and tested on the original MIMIC-III and eICU datasets,
respectively, with error bars indicating the standard deviation from three experimental trials.
The dashed line represents the performance of the LSTM model. Rec_C1, Pre_C1, F1_C1,
AU_PRC_C1, Rec_C0, Pre_C0, F1_C0, AU_PRC_C0, Accuracy, Bal_Acc, and AUROC stand for
Recall Class 1, Precision Class 1, F1 score Class 1, Area Under the Precision-Recall Curve
Class 1, Recall Class 0, Precision Class 0, F1 score Class 0, Area Under the Precision-Recall
Curve Class 0, Accuracy, Balanced Accuracy, and Area Under the Receiver Operating Curve,
respectively.

The transformer models exhibit more responsiveness than LSTM in mortality prediction

though the performance on original test set are similar (Figure 3.22). They show elevated

response in critically high zones for respiratory rate and systolic blood pressure, as well as in

the critically low zone for temperature (Figure 3.22). This trend is observed for the single-

attribute test cases of both MIMIC-III and eICU datasets. In addition, transformer models

recognize both critical zones of systolic blood pressure, yielding a desired U-shaped response

curve (Figures 3.22 e and h). However, the transformer models fail to recognize critically low

respiratory rates and critically high temperatures and exhibit low responsiveness to critically

low systolic blood pressure. It also has delayed response to abnormally high respiratory rates.
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The transformer model’s risk prediction fluctuates significantly for eICU test cases.

Figure 3.22: Responsiveness of the transformer model compared with LSTM. Figures (a)-(c)
show the predicted mortality risk by the transformer model for respiratory rate, temperature,
and systolic blood pressure on MIMIC-III single-attribute test cases, while (d)-(f) show
the same for eICU test cases. Horizontal dashed lines denote model-specific thresholds for
mortality risk prediction.

3.4 Discussion

3.4.1 Need for measuring machine learning (ML) responsiveness

and metrics

Our findings highlight the importance of measuring how clinical machine learning (ML)

models respond to serious patient conditions. Our results show that most ML models tested
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are unable to adequately respond to patients who are seriously ill, even when multiple vital

signs are extremely abnormal. For time-sensitive in-hospital mortality prediction, the lack of

response to disease conditions is particularly troublesome. ML responsiveness is somewhat

related to feature importance in some cases, e.g., the low responsiveness of LSTM to oxygen

saturation tests (Figure 3.9f and Table A.17) is consistent with that feature’s low (15th)

ranking (Figure 3.23). However, for high-ranking features such as glucose and temperature,

ML responsiveness to them is still inadequate. This poor responsiveness is also observed in

the lack of responses in neural activation values (Figure 3.10 and Table A.18) to important

vital changes, such as extremely low respiratory rate or high body temperature.
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Figure 3.23: SHAP-average (of one-hot encoded features) feature importance of the (a)
LSTM trained on MIMIC III dataset, (b) LSTM trained on eICU dataset, (c) MLP trained
on BCS dataset. (d) MLP trained on LCS dataset.

New ML responsiveness metrics, especially for the healthcare domain, are urgently needed.

ML responsiveness is a new problem. It differs from the well-studied ML robustness [68].

ML robustness aims to ensure model stability and the ability to resist sample perturbations

so that small (maliciously injected) noises to samples cannot change the prediction results.

Lipschitzness, a common ML robustness metric, measures the model’s resilience to noisy data

and perturbations [69]. However, for healthcare applications, optimizing Lipschitzness may

lead to models being even more insensitive to changes in patient conditions, as adherence
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to Lipschitz continuity may hinder the model’s ability to capture crucial input variations.

In image and natural language domains, a common testing approach is adversarial attacks

[70, 71, 72, 73]. That testing approach involves intentionally manipulating input data to

deceive the model’s predictions and does not apply to our medical settings.

3.4.2 Engineered testing data

Our results identified serious deficiencies in conventionally trained binary classification mod-

els in recognizing seriously abnormal medical conditions. For example, in-hospital mortal-

ity prediction models fail to generate alerts for bradypnea (low respiratory rates) or hy-

poglycemia conditions (Figure 3.9). Similarly, the models also consistently underestimate

some of the mortality risks when given multiple abnormal vital time series in conjunction

(Figure 3.11 and 3.12). When given test cases representing various injury levels, neural net-

work models (namely, LSTM and CW-LSTM) gave inconsistent risk predictions – assigning

higher mortality risk (> 0.5) to cases of moderate injury (e.g., GCS score 12), while assigning

disproportionately lower risk (< 0.05) to severe injuries (e.g., GCS score 7). The two neural

network models exhibit insensitivity to changes in eye response (Figures 2d and 2f). For

most attributes, we found the training data’s distribution is highly centered, not sufficiently

representing high or low critical zones (Figure 3.2 and 3.3). Death and non-death cases ex-

hibit somewhat similar value distributions, means, and standard deviations (Table A.15) for

individual attributes, despite the drastically different outcome. Machine learning methods

produced by supervised training approaches are unable to recognize the meanings of vitals in

dangerous zones. This semantic deficiency of ML models was also reported in image recog-

nition studies, e.g., melanoma classification overinterpreting surgical skin markings [36]. We

found similar kinds of semantic deficiencies in an ML model predicting 5-year breast cancer

survivability. These findings indicate the importance of using crafted test cases to assess
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clinical ML models.

The conventional test set is limited in its distribution shift from the training data. For

example, for in-hospital mortality prediction, our generated multi-attribute test cases present

a high Wasserstein distance (33.4) from the original MIMIC-III training data, much larger

than the split test set’s Wasserstein distance (12.4). A similar distribution shift pattern is

observed for the breast cancer survivability model. For triple-attribute test cases, the breast

cancer survivability prediction model performs better (89-98% triple-attribute test accuracy)

than in-hospital mortality prediction models (6-69% multi-attribute test accuracy). This

difference in accuracy may be partly due to the different distribution shift in generated test

data – there is a much smaller distribution shift in triple-attribute breast cancer test cases

(Wasserstein distance 9.8) than in multi-vital test cases (Wasserstein distance 33.4), with

respect to their original training data. The LSTM model is slightly better at recognizing

multi-attribute test cases (45.7% accuracy) than single-attribute ones (37.8%) and CW-

LSTM exhibits a similar pattern (69.3% vs. 22.4%, Table A.17). Multiple abnormal vitals

likely provide more clues for the ML models to classify, whereas single isolated attribute

changes appear more difficult.

The poor performance of the ML models is somewhat expected because of the distribu-

tion shift between training data and our synthetic test data. Yet, these deficiencies are

unacceptable from a clinical deployment perspective, as the test cases represent potential

real-life medical conditions. Our work points out a fundamental limitation of pure data-

driven machine-learning models – models purely trained by patient data do not perform well

for tasks that require implicit medical knowledge (e.g., normal vital ranges). This limitation

has not been reported in the literature.
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3.4.3 Accuracy comparison across models

For in-hospital mortality prediction, all 3 models have multiple deficiencies under single-

attribute critical zone test cases and are unable to generate high enough risk predictions

for serious patient conditions (Figure 3.9 and Table A.17). Out of all the dual critical zone

attributes such as body temperature, only one model recognizes one such attribute – LSTM

exhibits a U-shape risk curve for systolic blood pressure (Figure 3.9e). The other risk curves

are all monotonic or flat, failing to raise alerts for both ends of the abnormal conditions

(Figure 3.9). For multiple attribute testing, logistic regression performs the worst (Figure

3.11 and 3.12 and Table A.17), mispredicting 93.7% of test cases. CW-LSTM’s accuracy is

the lowest (22.4%) in single-attribute testing, however, it gives the highest average accuracy

(69.3%) for multiple-attribute testing. Brain injury-related Glasgow Coma Scale test cases

(Figure 3.7 and 3.8) involve simple categorical data (as opposed to numerical data). Logistic

regression gives the best performance, generating appropriate and consistent risk estimates,

and substantially outperforms the two neural network models (Table A.17). These results

suggest that for categorical attributes such as GCS, a simpler model like logistic regression

may be more suitable than complex deep learning models, indicating the importance of

evaluating a wide variety of machine learning models before clinical use. Deficiencies in ML

responsiveness were also observed in the 5-year breast cancer prediction task – the MLP

model gave an average of 48.9% prediction accuracy under our test case (Table A.19). This

accuracy is much lower than the widely reported death class accuracy of 90% (standard

deviation 0.45), computed based on the original test data from SEER [9, 46].
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Figure 3.24: Logistic regression coefficients (averaged) for (a) vitals, (b) time-period, and
(c) statistical-extract features.

The linear logistic regression model tested is unsuitable for analyzing vitals due to multiple

reasons. It reduces time series to statistical summaries, e.g., mean, min, max, etc. (Figure

3.24 c), and is unable to capture data’s dynamic details. Linear logistic regression is unable

to model non-linear (e.g. U-shaped curve) features, as it responds monotonically to features.

In multi-attribute tests, the model gives poor performance (6.2% accuracy, Table A.17),

partly because of its many negative coefficients associated with attributes. 13 out of the 17

attributes have negative coefficients, e.g., the temperature is strongly inversely correlated

with the predicted probability (Figure 3.24a), resulting in underestimated risk prediction.

Gaussian Naive Bayes and KNN show weaker performance on the original test sets than the

others (Figure 3.5 and 3.6) and, thus, are excluded from subsequent attribute tests. For

completeness, all models’ performance on the original test set was given in Figure 3.5 and

3.6.
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3.4.4 Deteriorating trends vs. steady values in critical zones

For in-hospital mortality prediction, the LSTM models are slightly better at recognizing

deteriorating trends (average 44%, Figure 3.13) than cases with steadily low or steadily

high vitals in critical zones (average 36.5%, Figures 3 and 4). When test cases contain 3

simultaneously deteriorating attributes, the models detected 56% of them on average, which

is better than their performance of 41% on a single deteriorating attribute. When using

LSTM gradient ascent to automatically generate multi-attribute deteriorating test cases, we

found the resulting test cases all have significantly decreased oxygen saturation and body

temperature values in the last 24 hours. Because the gradient ascent process follows the

shortest path within the loss function space of the model, these findings indicate that i)

oxygen saturation and body temperature are top LSTM features and ii) the last 24 hours

(out of the entire 48-hour timespan) are important in the model’s decision-making process,

which is also consistent with logistic regression feature ranking (Figure 3.24 b).

3.4.5 ML responsiveness in cancer survivability prediction

The BCS multilayer perceptron model (MLP) model exhibited responsiveness to critical

attributes, such as tumor size and lymph node involvement (Figure 6). For example, for

N3 stage (extensive lymph node involvement) test cases, the model was able to raise alerts

for 74.4% of them (Table A.19). The model also performed well (nearly 100% alerts) when

all three critical features (T4 tumor size, N3 lymph node stage, and grade 4) were high.

These observations suggest the MLP model’s prediction capability in extreme cases is good.

However, the model does not respond to severe tumor sizes (T3 stage) – generating no

alerts. The consistency in predicted survivability scores is also low, as the model generated

slightly more alerts for grade 3 cancer (65.8%) than grade 4 terminal cancer (63.9%). This
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inconsistency may be the outcome of the imbalanced dataset (Figure 3.4), as the SEER

dataset contains a total of 81,749 (death 15,628 and survived 66,121) grade 3 cases, while

only 3,002 (death 640 and survived 2,362) grade 4 cases. The number of examined lymph

nodes (ELNs) does not directly indicate a cancerous condition, thus, the model’s lack of

response to ELN is somewhat expected.

Despite overall good performance on the original test set (Figure 3.5 and 3.6), tree-based

ensemble methods such as XGBoost, AdaBoost, and Random Forest exhibit low responsive-

ness to critical zone tests (Figure 3.15 and 3.16). Ensemble methods perform much worse

than MLP for SEER BCS and LCS settings, which is likely due to the sparsity in the one-hot

encoded input space. The SEER dataset has much larger feature dimensions (56 for BCS

and 47 for LCS) than the MIMIC III and eICU time-series data (17 features). Using the one-

hot encoding to encode categorical features leads to an expansive number of sparse encoded

representations (1,423 for encoded BCS and 1,315 for encoded LCS), posing challenges to

tree-based models.

3.4.6 Countermeasures to reduce blind spots in ML models

One clinical mitigation is to deploy a filter-then-predict 2-step workflow where domain-

specific rules are first applied to identify cases with obvious disease conditions. Thus,

corner-case scenarios will never reach machine learning models. However, designing such

rule-based classifiers, especially under time-series data, is challenging and may require sub-

stantial manual efforts. A more efficient approach is out-of-distribution detection, which

identifies cases that present a significantly large distribution shift from the model’s train-

ing data. Existing solutions for detecting out-of-distribution images, e.g., [74], cannot be

directly applied to clinical settings. For medical applications, out-of-distribution detection
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is challenging. For example, out-of-distribution patient cases still need to be examined and

classified. Thus, an overly strict detection may produce too many such out-of-distribution

cases for the downstream examination. Finding the right balance will facilitate clinical

translation.

A promising direction is medical foundation models based on clinical large language mod-

els (LLMs) [75, 76, 77, 78]. Our findings suggest that statistical machine-learning models

solely trained from patient data are grossly inadequate. They are unable to capture basic

clinical knowledge, e.g., patients with extremely low Glasgow Coma Scale values have a high

mortality risk. LLMs are likely able to recognize common sense health conditions and serve

as a filter mechanism before ML classifiers. However, it is crucial to quantitatively char-

acterize the trustworthiness of medical LLMs before clinical adoption. Our work suggests

the urgent need for new clinical decision-making workflows, as existing models solely trained

from patient samples are extremely limited. At clinical time, a human-friendly interface is

also important for interpreting ML results. Conventional interpretability techniques were

designed for ML experts, not for clinicians, e.g., SHapley Additive exPlanations (SHAP) [79],

Local Interpretable Model-Agnostic Explanations (LIME) [80], or TRUSTEE [81]. There-

fore, these tools cannot be directly used in clinical settings. An innovative clinical workflow

needs to place large language models (LLMs) as the final component to generate narrative

explanations based on ML predictions and interpretability results. An interesting research

direction is how to fine-tune LLMs for these specific tasks.

The boost provided by conventional resampling and reweighting methods is very limited

(Figure 7). Under some scenarios (e.g., tachypnea and increasing CS tumor size), they may

perform even worse than the original models. This poor performance is expected, as these

methods rely on existing minority class samples in the training set, which are limited in

their ranges and variations. The root problem is that the space of all possible minority class
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samples is vast. Attempting to cover all or most of them through training data engineering

(such as oversampling) is not feasible. Thus, data engineering does not appear to be a

feasible direction for the ML responsiveness problem. A more promising approach is to

directly encode vital semantics into the clinical decision workflow as discussed above.

Our work provides the first look into ML responsiveness. Comprehensive measurement

studies in other medical settings are needed. Our gradient ascent testing methodology can

be extended to other health conditions (e.g., rare diseases or comorbidities). Scalability is

the key to testing in medicine, because of the complex high-dimensional space. Innovative

methods that prioritize testing are needed to reveal the most critical blind spots in a model.

3.4.7 Data and Code Availability

The MIMIC-III, eICU, and SEER data used in this study are not publicly downloadable, but

can be requested at their original sites after completing proper training. Parties interested in

data access should visit the MIMIC-III website (https://mimic.physionet.org/gettingstarted/access/),

eICU website (https://eicu-crd.mit.edu/)

The SEER website (https://seer.cancer.gov/data/access.html) to submit access requests.

Because our test cases are generated from these access-controlled datasets, they cannot be

publicly released. However, we have released the code for reproducing all our test cases.

We have released all our code used on GitHub, which can be used to generate the test cases

and reproduce our experiments. https://github.com/PiasTanmoy/TRUSTWORTHY-ML



Chapter 4

Improving Responsiveness of Machine

Learning Model by Integrating

Medical Domain Knowledge

4.1 Introduction

This study proposes a novel methodology for targeted mitigation techniques aimed at en-

hancing model responsiveness and robustness. Our solutions incorporate adaptive training

adjustments and data-specific augmentation strategies tailored to reinforce model perfor-

mance in high-risk areas. These techniques are inspired by recent advances in robust ML

training and data augmentation, yet are adapted specifically to address the complexities of

clinical datasets [5, 6].

Finally, we conduct a rigorous evaluation of our methodology across multiple prediction tasks,

examining its effectiveness and generalizability in diverse AI contexts. By systematically

assessing model performance in these high-risk areas, this work provides insights into the

trustworthiness of ML models across applications and underscores the importance of robust

model evaluation for safe and ethical AI deployment in healthcare [7, 8].

• We propose two methodologies to integrate domain knowledge: i) by building custom

73
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loss function for training machine learning models; ii) crafting a custom rule-based

decision tree model along with a data-driven machine learning model.

• We integrate domain knowledge in different types of machine learning models: i) cus-

tom loss function for LSTM and Transformer models; ii) custom decision tree model

with data-driven XGBoost model.

• We evaluated our approach on two different domains: i) Mortality risk prediction using

the MIMIC III dataset, ii) Early prediction of Sepsis from the PhysioNet in cardiology

challenge 2019 dataset.

4.2 Method

4.2.1 Prediction tasks, datasets, and model selection

Our work aims to test medical ML models for their binary classification accuracy under

serious disease conditions. We focus on two binary prediction tasks, namely 48-h In-hospital

mortality risk prediction and early sepsis prediction using time-series vitals and lab tests

data.

The datasets in our study include a 2019 benchmark based on the MIMIC III dataset. The

first two datasets contain patients’ 48-h time series data in critical care units (ICU). Our

study excludes clinical free text notes. As with many medical datasets, the MIMIC-III

dataset for IHM, containing 21,139 samples, is imbalanced, with 13.2% death cases (Class

1), and 86.8% non-death cases (Class 0). S1 shows the distributions of key attributes of both

MIMIC III.

For sepsis prediction task, we selected PhysioNet/Computing in Cardiology Challenge 2019
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dataset.

We select ML models that are commonly used in the medical literature for these prediction

tasks. Specifically, we select long short term memory (LSTM) as it is widely used for

predicting mortality risk in a 48-h ICU time series dataset—in recent literature. For sepsis

prediction, we selected the XGBoost model as it showed the highes performance.

4.2.2 Data preprocessing

We train ML models with benchmark datasets of MIMIC-III, following the conventional

pre-training processing (e.g., encoding, standardization). As MIMIC-III benchmark datasets

contain missing values, we imputed the values that are missing using the most recent obser-

vation (within 48h) if it exists, otherwise, a value from the normal range of corresponding

vitals is mentioned in ref. 11. Masking was used to indicate whether the vital value was

original or imputed. The categorical variables, including binary ones, were encoded using a

one-hot vector. The numerical features, such as diastolic blood pressure and glucose level,

were converted to their standardized form. After preprocessing, each time-series data point

became a 76-by-48 matrix (76 computed features and 48h). The processed dataset was used

for training and testing neural network-based models such as LSTM.

Figure 4.1: Sepsis dataset preprocessing



76
CHAPTER 4. IMPROVING RESPONSIVENESS OF MACHINE LEARNING MODEL BY INTEGRATING

MEDICAL DOMAIN KNOWLEDGE

Table 4.1: Model architecture

Input
layer

BiLSTM
layer1

LSTM
layer 2

Batch
norm

Drop
out

Dense
layer Epochs

LSTM 76 8 units 16 units Yes 0.3 16 units 100
Input
layer

Transformer
encoder block

Num of
heads

Batch
norm

Drop
out

Dense
layer Epochs

Transformer 76 3 4 Yes 0.3 64 units 100

For early sepsis prediction, we selected 6 hours of window 6 hours before sepsis onset. For

non-neural network models such as XGBoost that cannot directly process time series, we

extracted 6 statistical features (mean, min, max, standard deviation, skew, and number of

measurements) from various sub-periods (first/last 10%, 25%, 50%, and full 100%). We did

not encode the categorical variables, as they contain values with a meaningful scale. The

missing values were replaced with mean values computed on the training set and numerical

variables were standardized. The continuous variables were standardized before training.

4.2.3 Configuration of machine learning models

For IHM risk prediction, we utilized the LSTM model. We utilized the optimal settings

of neural network models (i.e., layers, activation, hyperparameters) for each of the tasks

from corresponding benchmarks11,16. The LSTM model consisted of an input layer (76

dimensions), a masking layer (76 dimensions), a bidirectional LSTM layer (16 dimensions),

an LSTM layer (16 dimensions), a dropout layer, and finally a dense layer (1 dimension). In

total, the LSTM had 7569 trainable parameters.
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4.2.4 Model training and threshold tuning

For IHM prediction, LSTM models and transformer models were trained for 100 epochs

using the MIMIC-III datasets. The models were trained using binary cross-entropy loss.

An epoch was selected based on the threshold-agnostic validation area under the precision-

recall curve (AUPRC) and validation loss to avoid overfitting. Specifically, we first selected

the top 3 epochs with the highest validation AUPRC and then selected the epoch with the

minimum validation loss (Supplementary Tables 2 and 3). We monitored the validation loss

and training loss difference to prevent overfitting. In all experiments, the chosen ML model

demonstrated a small loss difference (Supplementary Tables 2 and 3).

The training, validation, and test set breakdown for MIMIC-III datasets is 70%, 15%, and

15% . After model calibration, a threshold-tuning process is conducted on the validation set,

and an optimal threshold is selected based on balanced accuracy and F1 score for the minority

class. Specifically, after training, we first conducted model calibration by applying Isotonic

Regression using the validation set. Model calibration mapped the predicted probabilities

to actual probabilities. Then, we performed threshold tuning to determine the optimal

threshold. The minority F1 score and balanced accuracy were computed on the validation set

for each threshold ranging from 0.0 to 1.0 with a step size of 0.01. Subsequently, the top three

thresholds yielding the highest minority F1 scores were identified, and the optimal threshold

maximizing balanced accuracy across all validation samples was selected. This process was

repeated for 3 independently trained models of each type, and the average threshold was

calculated from these independent trials. Thresholds are shown in Supplementary Table 6.

The tasks were executed on a machine with Ubuntu 18.04 operating system, x86-64 core-i9

architecture, 8 physical cores (16 virtual cores), and 32 GB RAM. The experimental code

and models were written using Python 3.7, TensorFlow 1.15, and Keras 2.1.2. The cancer

survivability prediction MLP model was trained on a machine with x86_64 Intel(R) Xeon(R)
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CPU 2.40 GHz (40 cores) and 125 GB RAM. The experimental code and model were written

using Python 3.6, TensorFlow 2.9.0, and Keras 2.9.0.

4.2.5 Custom test set generation

We created new cases by increasing or decreasing one or multiple vital health parameters

in the seeding records. To reduce computing complexity, we prioritized by focusing on the

most influential features. Relevant medical terminologies are explained in the Supplementary

Notes.

In the single-attribute variation, we generated new test cases by varying a single attribute at

a time while keeping other attributes unchanged. We then evaluated how the model reacts

to these changes and its ability to recognize associated risks (e.g., hypoglycemia). Specifi-

cally, given an attribute A, single-attribute variation for time series involved the following

operations. First, we identified A’s minimum and maximum values in the MIMIC-III, which

defined the observed range. Then, the mean and the variance of attribute A were computed

from the entire dataset. Using the variance and the observed range, we generated a series of

random values for every value from that range, one value for each of the 48h. Then, the new

test case was formed by having these generated values for attribute A and other attribute

values directly inherited from the seed. We repeat this process for every possible attribute

value from the observed range with step 1.

Multi-attribute variation generated new test cases by modifying two or more attributes,

aiming to represent medical conditions that were characterized by variations in multiple

related attributes. We further differentiated two scenarios: (a) a single set of medically

correlated attributes driven by one underlying disease condition, e.g., high diastolic and

systolic blood pressure due to hypertension, and (b) medically correlated attributes due to
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multiple underlying conditions, e.g., hypertension and diabetes. These test cases were used

to assess the ML model’s ability to respond to the risks of multiple disease conditions in

patients. One of the test sets was created by changing multiple vitals such as systolic blood

pressure, diastolic blood pressure, blood glucose level, respiratory rate, heart rate, and body

temperature at the same time. A test case was assigned a ground truth label using existing

literature or under the guidance of medical doctors. 6 multi-attribute test cases and 12

deteriorating test cases were directly labeled by the medical doctor (Supplementary Tables

7 and 8).

4.2.6 Knowledge Infused Custom Loss Function

Figure 4.2: Knowledge guided machine learning model with custom loss function

A critical advancement in domain knowledge integration is modifying the model’s loss func-

tion to incorporate domain-specific constraints, a method that helps guide the model towards

clinically relevant outcomes [82]. For instance, by adjusting the loss function to penalize

mispredictions in high-stakes clinical scenarios, we can make the model more responsive to

specific medical priorities, such as accurately predicting deterioration in critical patients.

Along with the traditional loss function, which penalizes the model based on deviation of
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the prediction from the ground truth, custom loss units are added for each input feature

which penalize the model when the prediction deviates from the domain knowledge. Each

loss units are added using a scaler variable to control the impact of each domain feature. In

other words, these loss units can be called as regularizer units as well. The loss functions are

custom made based on the characteristics of each domain features. By embedding clinical

priorities and constraints directly into the training objective, this technique effectively aligns

the model’s optimization process with healthcare objectives. In practice, this modified loss

function can help the model prioritize detecting severe cases, reducing false negatives in

critical zones, and ensuring that high-risk patients are less likely to be overlooked.

Mapping a Quadratic Function to Loss Function

Figure 4.3: Generalized quadratic function

We apply either a monotonic or U-shaped transformation to each feature before computing

the loss. The generic form is

Ftransformed = a
(
f − foptimal

)n
+ b, (4.1)
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where

• f — raw feature value,

• foptimal — domain‐defined optimal value of the feature,

• a — scaling hyperparameter that controls the strength of the penalty,

• b — baseline offset,

• n — shape exponent (n = 1 yields a linear, monotonic penalty; n = 2 produces a

symmetric U-shape; higher even values sharpen the U).

Equation (4.1) is applied element-wise to the feature vector and the resulting Ftransformed is

passed to the loss function, ensuring that deviations from foptimal incur a smoothly scaled

penalty.

4.2.7 Custom Loss Function Types

We introduce three custom loss functions that penalize predictions based on their deviation

from medically preferred ranges. These loss functions are incorporated as additional penalty

terms in the overall loss formulation, encouraging the model to align with clinical reasoning.
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Figure 4.4: Custom loss functions

Let x represent the predicted (or observed) feature value, and xideal denote the clinically

ideal target value. The penalty function f(x) is constructed based on the magnitude and

direction of deviation from xideal, using the following three loss formulations:

Symmetric U-shaped Loss

This loss penalizes deviations equally on both sides of the ideal value and is defined as:

f(x) = λ(x− xideal)
2 + b (4.2)

where λ controls the steepness of the penalty curve, and b is the minimum baseline risk,

typically set to zero. This formulation is appropriate for vitals such as heart rate and

temperature, where both increases and decreases from the ideal range are equally undesirable.
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Asymmetric U-shaped Loss

To account for scenarios where one direction of deviation is more harmful than the other (e.g.,

hyperglycemia being more dangerous than mild hypoglycemia), we define an asymmetric

penalty function:

f(x) =


λ1(x− xideal_max)

2 + b, x > xideal

λ2(x− xideal_min)
2 + b, x < xideal

(4.3)

Here, λ1 and λ2 allow different penalty rates for high and low deviations, and xideal_max,

xideal_min define the upper and lower bounds of the ideal range, respectively.

Piecewise Linear Approximation

To provide a simpler yet interpretable approximation of risk, we also define a piecewise linear

loss function:

f(x) =


λ1(x− xideal_max) + b, x > xideal

λ2(x− xideal_min) + b, x < xideal

(4.4)

This is useful when risk increases approximately linearly with deviation from the ideal range,

or when clinical guidelines are based on thresholds.

Total Loss Function

Total Loss = Model Loss + Knowledge guided (KG) loss (4.5)

Model Loss

LBCE =
1

N

N∑
j=1

[−ytrue,j log(ypred,j)− (1− ytrue,j) log(1− ypred,j)] (4.6)
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Knowledge guided (KG) loss

Deviation from ideal value:

uexpected,i,j = ai ·
(
vital_valuesj,i − xopt,i

)2
+ bi (4.7)

The penalty for the i-th column is:

Lpenalty,i =
1

N

N∑
j=1

λmini,i · (ypred,j − uexpected,i,j)
2 (4.8)

The total penalty combines penalties across all vital columns:

LU =
C∑
i=1

Lpenalty,i (4.9)

The total loss function is:

L = LBCE + λpenalty · LU (4.10)

L =
1

N

N∑
j=1

[
−ytrue,j log(ypred,j)− (1− ytrue,j) log

(
1− ypred,j

)]
+ λpenalty

C∑
i=1

{
1

N

N∑
j=1

λmini,i

[
ypred,j −

(
ai (vital_valuesj,i − xopt,i)

2 + bi
)]2} (5.12)

Let:

ytrue: Ground truth labels (binary: 0 or 1).
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ypred: Predicted probabilities from the model, ypred ∈ [0, 1].

BCE(ytrue, ypred): Binary Cross-Entropy Loss.

C: Number of vital columns (length of vital_column_index).

xopt,i: Optimal value for the i-th vital column.

ai: Steepness parameter for the U-shaped curve for the i-th vital column.

bi: Baseline risk for the i-th vital column.

λmini,i: Penalty weight for the i-th vital column.

λpenalty: Overall weight for the U-shaped penalty.

Illustrative Example:

Consider a patient with two abnormal vital signs:

• Systolic Blood Pressure (SBP) = 200 (mean = 120, std = 20)

• Glucose = 300 (mean = 110, std = 40)

We standardize the input:

zSBP =
200− 120

20
= 4.0

zGlucose =
300− 110

40
= 4.75

We compute the expected risk using a U-shaped function:

uexpected,i = ai · (zi)2 + bi (4.11)
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where ai = 0.01, bi = 0.1 for both features.

Expected risk values:

uexpected,SBP = 0.01 · (4.0)2 + 0.1 = 0.26

uexpected,Glucose = 0.01 · (4.75)2 + 0.1 ≈ 0.3256

Assume the model predicts ypred = 0.7 and ytrue = 1, the binary cross-entropy is:

LBCE = − log(0.7) ≈ 0.357 (4.12)

Penalty terms:

Lpenalty,SBP = (0.7− 0.26)2 = 0.1936

Lpenalty,Glucose = (0.7− 0.3256)2 ≈ 0.1402

Total loss (with λpenalty = 0.5):

LU = 0.1936 + 0.1402 = 0.3338

Ltotal = 0.357 + 0.5 · 0.3338 = 0.5239

This method allows the model to stay grounded in learned patterns while gently encouraging

outputs that align with clinically meaningful risk profiles.
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4.2.8 Rule-based Decision Tree Integration

Figure 4.5: Outline of merging rule-based custom decision tree with data driven trained
machine learning model

Established medical rules are converted to a decision tree with custom response settings and

integrated with a data driven machine learning model. The response of the decision tree

is mapped using a mathematical function representative of the realistic output. Here, two

different types of monotonic mapping functions are used: i) linear step function, ii) quadratic

non-linear function. The output of the custom decision tree is merged with a data-driven

(i.e., trained) machine learning model using a weighted average.

To integrate expert clinical knowledge with data-driven predictions, we designed a custom

rule-based decision tree module and merged its output with that of a trained XGBoost model.

This approach enables interpretability from medical rules while leveraging the predictive

power of machine learning.

Established medical rules, such as critical value thresholds for lab measurements (e.g., biliru-
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bin, creatinine, platelet count), were encoded into a decision tree structure. Each node of

the tree represents a feature condition (e.g., x < a, a ≤ x < b, x > b), derived directly from

clinical guidelines or expert-defined cutoffs.

Each path through the tree results in a leaf node where a probability score PDTx is assigned.

This score quantifies the likelihood of the target condition (e.g., sepsis) based on rule-based

logic. The structure is designed such that the sum of all PDTx values for a given instance

yields the total decision tree prediction:

PDT =
∑

PDTx (4.13)

To convert binary rules into a smooth probabilistic response, each branch or node applies a

monotonic mathematical mapping function. Two types of mapping functions were used:

• Step Function: A linear step assigns fixed probabilities to discrete rule zones. For

example, P = 0 if x < a, and P = λ if x ≥ a.

• Quadratic Function: A soft boundary is applied by penalizing the distance from the

optimal value using a quadratic function, such as P = λ(x− a)2, where λ is a tunable

scaling factor.

These mappings allow the decision tree to output continuous probabilities, maintaining clin-

ical interpretability while approximating real-world trends.

Model Fusion via Weighted Averaging

The outputs of the XGBoost model (Pmodel) and the custom decision tree (PDT ) were fused

using a weighted average. A merge coefficient m controls the relative contribution of the
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data-driven model:

Pfinal = m · Pmodel + (1−m) · PDT (4.14)

By varying m from 0 to 1, we explore a continuum of models, ranging from fully rule-based

(m = 0) to fully data-driven (m = 1). This flexible design enables detailed analysis of

trade-offs between performance and interpretability.

Listing 4.1: Function to estimate SOFA sub-score

1 def estimate_sofa_score(Creatinine , Bilirubin_total , Platelets):

2

3 score = 0

4

5 if Platelets < 20: score += 4

6 elif Platelets < 50: score += 3

7 elif Platelets < 100: score += 2

8 elif Platelets < 150: score += 1

9

10 if Bilirubin_total > 12.0: score += 4

11 elif Bilirubin_total > 6.0: score += 3

12 elif Bilirubin_total > 2.0: score += 2

13 elif Bilirubin_total > 1.2: score += 1

14

15 if Creatinine > 5.0: score += 4

16 elif Creatinine > 3.5: score += 3

17 elif Creatinine > 2.0: score += 2

18 elif Creatinine > 1.2: score += 1
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19

20 return score

In this formulation we replace the discrete SOFA thresholds with a monotonic quadratic

score that grows smoothly as the physiological value x departs from its normal range.

SOFAcurve(x) =


α (x− β)2, x /∈ [xnorm

min , xnorm
max ],

0, x ∈ [xnorm
min , xnorm

max ],

(4.15)

• x – observed laboratory or vital‐sign measurement.

• β – nearest boundary of the normal range (either xnorm
min or xnorm

max ).

• α – scaling factor chosen so that SOFAcurve attains the maximum sub-score (conven-

tionally 4) at the clinically worst value xworst.

Selecting the scaling factor α. To ensure the curve rises smoothly from 0 and reaches

the canonical maximum of 4 at the worst physiological state, set

α =
4(

xworst − β
)2 . (4.16)

Equation (4.16) is applied separately for each SOFA attribute (e.g. platelets, bilirubin, cre-

atinine), yielding attribute-specific scaling constants that preserve both monotonicity and

the original 0–4 scoring range.

Applying Eq. (4.16) to each SOFA attribute yields the following scaling constants:
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αPlatelets =
4(

150− 20
)2 = 0.0002, (4.17)

αBilirubin =
4(

12− 1.2
)2 ≈ 0.03, (4.18)

αCreatinine =
4(

5.0− 1.2
)2 ≈ 0.30. (4.19)

These values ensure that each continuous SOFA curve rises smoothly from 0 at the edge

of the normal range to the maximum sub-score of 4 at the corresponding worst clinical

condition.

To estimate final risk, we combine the probabilistic output of an XGBoost model with the

normalized SOFA score (derived from the three continuous components: platelets, bilirubin,

and creatinine).

Since each component contributes a maximum of 4 points, the total SOFA score has an

upper bound of:

SOFAmax = 4platelets + 4bilirubin + 4creatinine = 12 (4.20)

We define the final prediction probability as a weighted combination of the XGBoost model

output and the normalized SOFA score:

Final Probability = m · XGBprob + n ·
(

SOFA
12

)
(4.21)

where:
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• XGBprob is the probability output by the XGBoost model,

• SOFA is the combined continuous SOFA score from the three selected attributes,

• m and n are scalar weights such that m+ n = 1.

This fusion leverages both the machine-learned model’s predictive power and the inter-

pretable clinical scoring system to enhance robustness and interpretability. Here we show

some sample case studies.

Case 1: No Dysfunction

Inputs: Platelets = 140, Bilirubin = 1.5, Creatinine = 1.5, XGBoost Probability = 0.01

Platelets SOFA = 0.0002× (150− 140)2 = 0.2

Bilirubin SOFA = 0.03× (1.5− 1.2)2 = 0.027

Creatinine SOFA = 0.3× (1.5− 1.2)2 = 0.027

Total SOFA = 0.254

Final Probability = 0.5× 0.01 + 0.5×
(
0.254

12

)
≈ 0.0156

Case 2: Moderate Dysfunction

Inputs: Platelets = 70, Bilirubin = 6.0, Creatinine = 3.0, XGBoost Probability = 0.10
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Platelets SOFA = 0.0002× (150− 70)2 = 1.28

Bilirubin SOFA = 0.03× (6.0− 1.2)2 = 6.912 → capped at 4

Creatinine SOFA = 0.3× (3.0− 1.2)2 = 0.972

Total SOFA = 1.28 + 4 + 0.972 = 6.252

Final Probability = 0.5× 0.10 + 0.5×
(
6.252

12

)
≈ 0.3105

Case 3: Severe Dysfunction

Inputs: Platelets = 20, Bilirubin = 11.0, Creatinine = 6.0, XGBoost Probability = 0.15

Platelets SOFA = 0.0002× (150− 20)2 = 3.38

Bilirubin SOFA = 0.03× (11.0− 1.2)2 = 8.618 → capped at 4

Creatinine SOFA = 0.3× (6.0− 1.2)2 = 6.912 → capped at 4

Total SOFA = 3.38 + 4 + 4 = 11.38

Final Probability = 0.5× 0.15 + 0.5×
(
11.38

12

)
≈ 0.549
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4.3 Results

4.3.1 Responsiveness of knowledge-infused loss function

Figure 4.6: Single attribute response of LSTM + KG Loss and Transformer + KG Loss

Figure 4.6 illustrates the model responsiveness of both LSTM and Transformer architectures

before and after incorporating Knowledge-Guided Loss (KG Loss), across single-attribute

test sets for glucose, respiratory rate, and systolic blood pressure. Both models show signif-

icantly improved responsiveness to clinically critical input ranges when KG Loss is applied,

indicating that embedding domain knowledge into the training objective helps models better

align with medical understanding of risk.

Glucose is one of the most clinically sensitive features in ICU mortality prediction, yet the

original LSTM and Transformer models exhibited very limited risk response to changes in

glucose levels. In contrast, the KG Loss-enhanced models show clear U-shaped mortality
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risk curves (Figure 4.6a and d), accurately capturing both hypoglycemia and hyperglycemia

as high-risk zones. This correction in model behavior is critical because failure to respond to

glucose extremes can result in overlooked patient deterioration. The smooth, interpretable

curve produced by the KG Loss models demonstrates an improved understanding of how

glucose abnormalities contribute to mortality risk.

A similar pattern is seen for respiratory rate, where the baseline models were nearly flat in

the critically low zone (bradypnea), failing to elevate risk appropriately. With KG Loss, both

LSTM and Transformer models show a much steeper rise in mortality risk as respiratory rate

drops below normal thresholds (Figure 4.6b and e), better reflecting clinical expectations.

Notably, the Transformer model exhibits a saturation effect in the critical zones—particularly

visible at very low and very high respiratory rates—which is likely a byproduct of model

calibration and the way Transformers process and embed input values. Despite this, the

model’s improved sensitivity in the low-response zone marks a meaningful advancement in

critical patient detection.

For systolic blood pressure (SBP), both original models showed some degree of responsiveness

to hypotension and hypertension. However, after applying KG Loss, the LSTM and Trans-

former models demonstrate steeper and more well-defined U-shaped risk curves (Figure 4.6c

and f), better capturing the nonlinear relationship between SBP and mortality. These en-

hanced curves suggest that the models are learning more medically relevant thresholds and

responding more decisively to shifts in vital signs. As with respiratory rate, the Transformer

model again shows early saturation in the critical zones, which reflects the calibration limits

of the model’s internal representations but does not diminish the improvement in detection.
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Figure 4.7: Multi-attribute test result LSTM+KG Loss and Transformer+KG Loss

Figure 4.7 presents the difference in predicted mortality risk (∆MR) between the seed cases

(healthy patients) and their corresponding multi-attribute critical cases, where six vitals—

systolic blood pressure, diastolic blood pressure, blood glucose level, respiratory rate, heart

rate, and body temperature—were simultaneously shifted into critical zones. A higher ∆MR

indicates greater model responsiveness to worsening patient conditions. In both LSTM and

Transformer models, the addition of KG Loss led to a pronounced rightward shift in the ∆MR

distribution, demonstrating a stronger increase in predicted risk when confronted with severe

health deterioration.

For high critical zone cases (Figure 4.7a and 4.7c), LSTM and Transformer models trained

with KG Loss consistently output higher ∆MR values compared to their baseline counter-

parts. A large concentration of KG Loss predictions appears near ∆MR = 1.0, indicat-

ing that the models correctly flagged most critical cases with maximal mortality risk. In
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contrast, the baseline models exhibit many predictions clustered around ∆MR = 0.3–0.5,

suggesting partial or muted response to the same critical inputs. For low critical zone cases

(Figure 4.7b and 4.7d), a similar pattern is observed: the KG Loss models produce sharper

and more distinct ∆MR distributions centered around 0.4–0.6, whereas the original models

remain closer to the decision boundary with weaker risk shifts. These results confirm that

KG Loss enhances model sensitivity to multi-vital sign deterioration, enabling more decisive

risk assessment under complex clinical scenarios.

Different loss functions

Figure 4.8: Responsiveness of LSTM knowledge guided asymetric and linear loss functions.

Figure 4.8 illustrates the responsiveness of LSTM models trained with asymmetric and piece-

wise linear knowledge-guided loss functions across key physiological attributes. The asym-

metric loss function significantly improved the model’s responsiveness in the high critical
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zones of glucose and respiratory rate (Figure 4.8a and 4.8b), where elevated values indicate

higher risk. However, the same model showed comparatively lower sensitivity in the low crit-

ical zones, such as hypoglycemia and bradypnea. This pattern stems directly from the loss

weighting scheme: the loss function applied a reduced penalty (weight λ = 0.5) in the lower

critical range while maintaining a stronger penalty (weight λ = 1.0) in the upper critical

range. As a result, the model was guided to prioritize the more clinically severe upper-bound

deviations.

In contrast, the LSTM model trained with a piecewise linear loss function did not show

marked improvement over the baseline across any of the attributes (Figure 4.8d–f). Despite

applying equal weight across both critical zones, the linear nature of this loss function was not

well-suited to reflect the true nonlinear relationships between attribute values and mortality

risk. This limited its ability to guide the model toward clinically realistic response curves.
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Knowledge as features

Figure 4.9: Responsiveness of knowledge-guided feature integration with the KG loss function

Figure 4.9 evaluates the impact of integrating clinical knowledge as input features, both

with and without the knowledge-guided loss function. When knowledge features were used

alone (without modifying the loss), the model’s responsiveness to critical attribute deviations

remained largely unchanged compared to the original LSTM baseline (Figure 4.9a–c). This

suggests that simply appending knowledge as additional features is insufficient to drive the

model toward more clinically meaningful predictions.

However, when knowledge features were combined with the knowledge-guided loss function,

the model exhibited a substantial improvement in responsiveness across all tested physio-

logical attributes (Figure 4.9d–f). This enhancement is particularly striking in the glucose

response curve (Figure 4.9d), where the model more accurately distinguishes hypoglycemic

and hyperglycemic zones—surpassing the responsiveness of the version using KG loss alone
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(cf. Figure 4.6a). These results highlight that feature-level knowledge, when combined with

loss-based guidance, can produce compound effects in aligning the model’s behavior with

clinical expectations.

Impact of knowledge guided loss

Figure 4.10: Impact of KG loss coefficient on the responsiveness of the model

Figure 4.10 illustrates the effect of varying the knowledge-guided (KG) loss coefficient λ

on the model’s responsiveness to physiological changes. When λ = 0, corresponding to

the baseline LSTM without domain knowledge influence, the response curves remain flat or

uninformative across all attributes. As the KG loss coefficient increases (i.e., λ = 0.1, 0.5,

and 1), the model’s response becomes progressively steeper and more aligned with clinical

expectations, indicating heightened sensitivity in the critical ranges of systolic blood pressure

(a), respiratory rate (b), and glucose (c).



4.3. RESULTS 101

This pattern suggests that higher values of λ strengthen the influence of domain knowledge,

thereby enabling the model to more effectively differentiate between normal and pathological

conditions. Notably, with λ = 1, the model exhibits sharp transitions in mortality risk around

the clinical thresholds—highlighting the potential of KG loss to enforce medically plausible

prediction behavior. These results demonstrate that tuning the KG loss coefficient offers

a flexible mechanism to calibrate the degree of responsiveness imposed by expert-driven

knowledge.

Performance on original test set

Figure 4.11: Performance of different variants of the KG LSTM and the Transformer model
on the original MIMIC III test set.

In terms of classification performance, both LSTM and Transformer variants enhanced with

KG loss demonstrate improved detection of severe (class 1) outcomes; however, this comes

at a cost to precision. As shown in Figure 4.11(a) and Table 4.2, the LSTM with KG loss

improves recall for class 1 by approximately 6–7%, rising from 58.3% to 65%, while precision

declines due to a higher false positive rate. When KG features are also included, recall

reaches 64% with a similar precision decline. For the Transformer model (Figure ??(b) and

Table 4.3), recall improves more dramatically from 57.6% to 68%, with a parallel drop in
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Table 4.2: LSTM KGML Performance on original test set

LSTM
(Original) SD LSTM +

KG Features SD LSTM +
KG Loss SD

LSTM +
KG Loss +

KG Features
SD

Recall C1 58.33 1.47 60.42 3.48 65 2.48 64 4.89
Precision C1 39.67 0.7 39.79 4.07 26 2.72 27 1.03

AUC_PR_C1 49 0.75 50.46 3.77 27 2.76 27 1.26
F1 C1 47.33 1.01 47.98 3.79 37 2.46 38 1.41

Recall C0 88.67 1.65 88.05 4.04 76 3.06 78 0.54
Precision C0 94.33 2.28 94.45 4.19 94 3.79 94 1.75

AUC_PR_C0 98 2.09 97.3 4.87 96 2.88 97 3.66
F1 C0 91 1.39 91.14 4.56 84 4.56 85 0.98

Accuracy 85 1.64 84.86 1.26 75 3.09 77 2.87
Bal_acc 73.33 2.85 74.24 4.83 71 3.7 71 2.95

AUC 85.33 4.75 84.09 4.98 77 5 78 3.54
MCC 40 1.97 40.74 2.83 29 4.7 29 4.29

precision. These findings suggest that the KG loss promotes sensitivity to critical cases,

making the models more proactive in high-risk detection, though potentially at the expense

of specificity.
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Table 4.3: Transformer performance on original test set

Transformer (Original) SD Transformer + KG Loss SD
Recall C1 57.67 5.77 68 3.33

Precision C1 39.00 2.00 24 3.62
AUC_PR_C1 46.33 0.58 29 3.33

F1 C1 43.00 1.00 35 3.21
Recall C0 88.33 2.52 72 4.62

Precision C0 93.67 0.58 94 4.03
AUC_PR_C0 91.00 1.00 96 3.7

F1 C0 97.00 0.00 82 2.79
Accuracy 84.33 1.53 71 3.19
Bal_acc 73.00 1.73 70 2.5

AUC 82.67 0.58 76 2.64
MCC 39.33 1.15 27 4.9

Performance on synthetic test set

Figure 4.12: Performance of KG LSTM and Transformer models on the synthetic test set
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Table 4.4: Performance of KG ML models on synthetic test set

Attribute Rec
C1

Prec
C1

F1
C1

PRC
C1

Rec
C0

Prec
C0

F1
C0

PRC
C0 Acc Bal

Acc
AU

ROC

LSTM
(Original)

Glucose 0 0 0 0.86 1 0.33 0.49 0.69 0.33 0.5 0.58
Resp 0.18 0.6 0.27 0.99 1 0.16 0.28 0.72 0.29 0.59 0.92
SBP 0.08 1 0.14 0.93 1 0.27 0.42 0.71 0.31 0.54 0.74

LSTM +
KG Loss

Glucose 0.94 0.94 0.94 0.99 0.88 0.88 0.88 0.97 0.92 0.91 0.98
Resp 0.83 1 0.91 1 1 0.47 0.64 0.95 0.85 0.91 0.99
SBP 0.97 0.9 0.93 0.98 0.69 0.89 0.78 0.9 0.9 0.83 0.94

Transformer
(Original)

Glucose 0 0 0 0.86 1 0.33 0.49 0.69 0.33 0.5 0.58
Resp 0.75 1 0.86 0.99 1 0.37 0.54 0.34 0.78 0.87 0.9
SBP 0.13 1 0.22 0.99 1 0.28 0.44 0.9 0.35 0.56 0.96

Transformer +
KG Loss

Glucose 0.99 0.98 0.99 1.00 0.96 0.98 0.97 1.00 0.98 0.97 1.00
Resp 0.95 1.00 0.98 1.00 1.00 0.76 0.87 0.97 0.96 0.98 1.00
SBP 1.00 0.88 0.94 1.00 0.61 1.00 0.76 0.98 0.90 0.80 0.99

Adding KG Loss to both LSTM and Transformer models led to substantial improvements in

detecting high-risk (Class 1) patients under synthetic critical conditions Figure 4.12. Without

KG Loss, the LSTM model failed to recognize mortality risk in glucose-related cases, with

recall, precision, and F1 score all at 0.00. After incorporating KG Loss, the same model

correctly identified 94% of Class 1 cases (recall = 0.94) with nearly perfect precision (precision

= 0.94), yielding an F1 score of 0.94. For respiration-related cases, the KG Loss-enhanced

LSTM achieved perfect recall and precision (both 1.00), indicating it successfully recognized

all critical cases without false positives. In the case of systolic blood pressure (SBP), the

LSTM’s recall improved from 0.08 to 0.97, and its balanced accuracy increased from 0.39 to

0.91.

Transformer models showed similar gains when trained using the KG loss function. Orig-

inally, the Transformer model failed to detect any high-risk glucose cases (recall = 0.00),

but with KG Loss, it recognized 99% of such cases (recall = 0.99) with 98% precision. For

SBP-related critical cases, the recall rose from 0.13 to 1.00. Across all evaluated attributes,

the Transformer with KG Loss achieved balanced accuracy values up to 0.94 and AUROC
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scores as high as 0.99, indicating strong and reliable separation between critical and non-

critical cases. Integrating KG Loss enabled both LSTM and Transformer models to move

from missing or weakly responding to critical health conditions, to identifying nearly all

high-risk cases with high confidence.
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Table 4.5: LSTM KG Loss Segmented test performance

Attribute
zone

Rec
C1

Prec
C1

F1
C1

AUPRC
C1

Rec
C0

Prec
C0

F1
C0

AUPRC
C0 Acc Bal

Acc
AU

ROC
LSTM (Original)

Critically
High 0.73 0.52 0.61 0.73 0.8 0.91 0.85 0.95 0.78 0.77 0.86

Normal 0.55 0.38 0.45 0.45 0.89 0.94 0.92 0.97 0.86 0.72 0.84Glucose Critically
Low 0 0 0 1 1 0.5 0.67 1 0.5 0.5 1

Critically
High 0.66 0.48 0.56 0.6 0.79 0.88 0.83 0.93 0.76 0.72 0.8

Normal 0.54 0.35 0.43 0.43 0.9 0.95 0.93 0.98 0.87 0.72 0.86Resp
rate Critically

Low 0.67 0.25 0.36 0.69 0.77 0.95 0.85 0.98 0.76 0.72 0.88

Normal 0.61 0.41 0.49 0.5 0.88 0.94 0.91 0.97 0.85 0.75 0.85Systolic
BP Critically

Low 0.78 0.49 0.6 0.64 0.75 0.92 0.83 0.95 0.76 0.77 0.85

LSTM + KG Loss
Critically

High 1 0.24 0.38 0.48 0.04 1 0.08 0.91 0.26 0.52 0.64

Normal 0.48 0.29 0.36 0.27 0.86 0.93 0.89 0.96 0.82 0.67 0.78Glucose Critically
Low 1 1 1 1 1 1 1 1 1 1 1

Critically
High 0.8 0.29 0.43 0.35 0.41 0.87 0.56 0.88 0.5 0.61 0.66

Normal 0.51 0.26 0.34 0.28 0.86 0.95 0.9 0.97 0.82 0.68 0.78Resp
rate Critically

Low 1 0.2 0.33 0.64 0.54 1 0.7 0.98 0.59 0.77 0.85

Normal 0.53 0.36 0.43 0.37 0.88 0.93 0.9 0.96 0.83 0.7 0.8Systolic
BP Critically

Low 0.8 0.36 0.5 0.55 0.57 0.91 0.7 0.9 0.63 0.69 0.73
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Performance on segmented test set

Figure 4.13: Performance of KG LSTM model on segmented attribute test using original
MIMIC III test set

The LSTM model trained with KG Loss exhibited a significant improvement in identifying

patients experiencing critical conditions, particularly in clinically important but underrep-
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resented zones such as extreme glucose levels (Figure 4.13. Specifically, the KG Loss LSTM

model successfully detected all 65 critically high glucose cases, achieving a recall of 100%,

while the baseline model detected only 48 out of 65 cases (recall = 73%). This gap illustrates

a clear blind spot in the baseline model, which failed to recognize nearly one out of every four

high-risk hyperglycemic patients. The improvement is even more striking in the critically low

glucose zone, where the baseline LSTM completely failed—detecting 0 out of 2 cases—while

the KG Loss model identified both cases (recall = 100%). Although the sample size for this

zone is small, such extreme glucose levels can be life-threatening, and the ability to detect

even rare but severe events demonstrates the value of integrating domain knowledge via KG

Loss.

For systolic blood pressure (SBP), another vital sign closely tied to cardiovascular function,

the KG Loss model demonstrated a more consistent and robust response in identifying

hypotensive patients. In the critically low SBP zone, the baseline model detected 186 out

of 238 cases (recall = 78%), while the KG Loss-enhanced model improved detection slightly

to 190 cases (recall = 80%). While the precision remained moderate (36% with KG Loss

vs. 49% in the baseline model), the improvement in sensitivity means more patients at risk

of circulatory collapse were flagged for clinical attention. Both models performed similarly

in the normal SBP zone, with balanced accuracy values around 0.75–0.77, indicating that

KG Loss improves responsiveness in high-risk zones without degrading performance in stable

ones.

The most substantial gains were observed in detecting respiratory rate abnormalities, where

the KG Loss LSTM model addressed one of the baseline model’s most significant failures. In

the critically low respiratory rate zone, which may indicate respiratory failure or neurological

suppression, the baseline model detected only 19 out of 29 cases (recall = 67%), whereas the

KG Loss model successfully identified all 29 cases (recall = 100%). Similarly, in the critically
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high respiratory rate zone—often a sign of sepsis or acute respiratory distress—the KG Loss

model detected 300 out of 375 cases (recall = 80%), compared to 248 cases detected by

the baseline model (recall = 66%). These improvements are especially valuable, as abnormal

respiratory patterns are among the earliest warning signs of clinical deterioration in intensive

care settings.

Although the KG Loss model significantly enhanced recall in critical zones across all at-

tributes, the precision in these zones remained relatively low, typically ranging between 20%

and 36%. This suggests that while more critically ill patients are being detected, some false

positives remain. However, in high-risk environments like ICUs, prioritizing sensitivity is of-

ten clinically justified, as missing a patient in crisis may be far more harmful than issuing a

false alarm. Overall, this segmented analysis confirms that KG Loss helps machine learning

models better identify life-threatening physiological changes, particularly in edge-case sce-

narios that are often overlooked by conventional training. This makes KG Loss a valuable

addition for improving the safety and trustworthiness of clinical AI systems.



110
CHAPTER 4. IMPROVING RESPONSIVENESS OF MACHINE LEARNING MODEL BY INTEGRATING

MEDICAL DOMAIN KNOWLEDGE

Figure 4.14: Performance of KG Transformer model on segmented attribute test using orig-
inal MIMIC III test set

The Transformer model trained with KG Loss showed strong improvements in identifying

life-threatening cases across all tested vital sign zones, especially in rare or extreme con-

ditions where baseline models often struggle. For instance, in the critically high glucose



4.3. RESULTS 111

Table 4.6: Transformer KG Loss Segmented test performance

Attribute
zone

Rec
C1

Prec
C1

F1
C1

AUPRC
C1

Rec
C0

Prec
C0

F1
C0

AUPRC
C0 Acc Bal

Acc
AU

ROC
Transformer (Original)

Critically
High 0.73 0.46 0.56 0.68 0.74 0.90 0.81 0.94 0.74 0.74 0.83

Normal 0.59 0.36 0.44 0.42 0.87 0.95 0.91 0.97 0.84 0.73 0.83Glucose Critically
Low 0.00 0.00 0.00 1.00 1.00 0.50 0.67 1.00 0.50 0.50 1.00

Critically
High 0.70 0.42 0.52 0.56 0.70 0.89 0.79 0.92 0.70 0.70 0.78

Normal 0.55 0.32 0.40 0.35 0.88 0.95 0.92 0.98 0.85 0.72 0.83Resp
rate Critically

Low 0.67 0.29 0.40 0.69 0.81 0.95 0.88 0.98 0.79 0.74 0.88

Normal 0.65 0.34 0.44 0.46 0.83 0.95 0.88 0.97 0.81 0.74 0.82Systolic
BP Critically

Low 0.85 0.44 0.58 0.63 0.67 0.94 0.78 0.94 0.71 0.76 0.83

Transformer + KG Loss
Critically

High 1.00 0.23 0.38 0.40 0.02 1.00 0.04 0.88 0.25 0.51 0.68

Normal 0.62 0.24 0.35 0.27 0.77 0.94 0.85 0.96 0.75 0.69 0.77Glucose Critically
Low 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Critically
High 0.94 0.27 0.42 0.34 0.22 0.93 0.36 0.86 0.39 0.58 0.65

Normal 0.64 0.23 0.33 0.27 0.78 0.96 0.86 0.97 0.77 0.71 0.79Resp
rate Critically

Low 1.00 0.17 0.29 0.58 0.42 1.00 0.59 0.99 0.48 0.71 0.88

Normal 0.67 0.27 0.38 0.33 0.75 0.94 0.84 0.96 0.74 0.71 0.78Systolic
BP Critically

Low 0.96 0.29 0.44 0.50 0.28 0.96 0.43 0.91 0.44 0.62 0.76
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zone, the Transformer + KG Loss model correctly identified all 65 high-risk cases (recall

= 1.00), whereas the baseline Transformer model missed 27% of them, detecting only 48

out of 65 cases (recall = 0.73). Although precision for these cases remained low (0.23), the

perfect sensitivity ensures no high-risk patient is overlooked. Most notably, for the critically

low glucose zone—a highly dangerous but rare condition with only 2 samples—the baseline

Transformer completely failed (recall = 0.00), while the KG Loss-enhanced model detected

both cases with perfect precision and recall (1.00), a critical safety improvement.

Similar trends emerged in respiratory rate detection. For the 375 critically high respiration

cases, the Transformer + KG Loss model achieved a 94% recall (353 out of 375), compared to

just 70% (263 out of 375) in the original model. While precision stayed low (0.27), the benefit

of correctly identifying nearly all patients at risk of acute respiratory distress significantly

boosts clinical utility. The critically low respiration zone also showed clear benefits: the KG

Loss model flagged all 29 such cases (recall = 1.00), while the original Transformer missed

nearly 10 of them (recall = 0.67). This again illustrates the KG Loss model’s heightened

sensitivity to early signs of physiological failure.

For systolic blood pressure (SBP), the results further reinforced the model’s improved per-

formance with KG Loss. In the critically low SBP zone, the KG Loss-enhanced Transformer

detected 228 out of 238 patients (recall = 0.96), while the baseline Transformer identified

only 202 cases (recall = 0.85). Although the precision remained modest at 0.29, the balanced

accuracy reached 0.76 for the KG Loss model, consistent with other high-risk categories. In

the normal SBP range, the KG Loss model achieved stable performance with a balanced

accuracy of 0.78, confirming that its enhanced responsiveness in critical zones does not come

at the cost of over-alerting in stable patients.

In conclusion, the Transformer model trained with KG Loss consistently outperformed the

baseline model in recognizing critically ill patients across all vital sign zones. Particularly
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for rare but severe cases such as low glucose or low respiration, the KG Loss approach

transformed the model from entirely unresponsive to perfectly sensitive. While the precision

in some zones remains an area for future optimization, the clear gain in recall and balanced

accuracy confirms that incorporating domain knowledge into model training can close crucial

gaps in AI-based clinical decision support systems.

4.3.2 Integration rule-based decision tree

Figure 4.15: Performance of models trained and tested on the original dataset.

To evaluate early sepsis prediction performance, we used a 6-hour observation window po-

sitioned 6 hours prior to sepsis onset and trained models on two datasets: Dataset A and

Dataset B. XGBoost was trained on statistically extracted features, while LSTM and Trans-

former models were trained directly on the raw time series data. As shown in Figure 4.15,

XGBoost models achieved consistently strong performance across both datasets. In particu-

lar, XGBoost trained on Dataset B achieved the highest F1-score for the positive class (0.80),

with near-perfect precision (0.84) and recall (0.77), indicating robust early identification of

septic cases with minimal false alarms. It also achieved the highest balanced accuracy (0.98)

and AUROC (0.90), demonstrating strong discriminative ability.

In contrast, both LSTM and Transformer models showed relatively poor performance in

detecting septic cases. The LSTM model on Dataset B had a recall of only 0.26 for class
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1 and a high false negative rate (FNR = 0.64), reflecting its limited sensitivity. Although

the Transformer models performed slightly better than LSTMs, particularly on Dataset

B, their recall and F1-scores for the septic class remained substantially lower than those

of the XGBoost models. The results suggest that XGBoost trained on engineered features

outperforms sequence models trained end-to-end on raw time series for early sepsis prediction,

especially in highly imbalanced clinical datasets.

Figure 4.16: Response of the XGBoost model integrated as an equal weight with the decision
tree (DT) is indicated by the red curve compared to the original model (XGBoost), repre-
sented by the blue area curve. (a)-(c) represents the response of the conditional decision
tree model, and (d)-(f) shows the response of the decision tree curve model. The X axis
represents the attribute value, and the Y axis shows the predicted probability of sepsis. The
vertical line represents different stages of sepsis from 0 to 4, starting from left to right for
creatinine and total bilirubin and opposite for platelets.

Figure 4.16 compares the response behavior of the original XGBoost model (shown in blue)

with the XGBoost model integrated with a decision tree (DT)–based knowledge-guided ad-
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justment (shown in red). The blue shaded region represents the predictive uncertainty of the

original model, while the red curve illustrates the adjusted predictions after incorporating

decision tree rules derived from clinical knowledge on sepsis stages. The X-axis represents

attribute values, and the Y-axis shows the predicted sepsis probability. Vertical green dashed

lines represent clinically defined stage boundaries, with stage severity increasing from left to

right for creatinine and bilirubin, and decreasing for platelets.

Panels (a)–(c) display the results using the conditional decision tree, which imposes stepwise

jumps in prediction based on clinical thresholds. For instance, in Figure 4.16a, the predicted

probability of sepsis increases sharply at creatinine levels 1.5, 2.0, 3.5, and 5.0 mg/dL,

climbing from around 0.06 to 0.18 beyond the highest threshold. A similar pattern is seen in

bilirubin levels (Figure 4.16b), where probabilities increase step-wise from 0.05 to over 0.18

as bilirubin exceeds 12 mg/dL. In contrast, platelet count (Figure 4.16c) shows decreasing

sepsis probability as counts increase, reflecting lower risk with higher platelet levels.

Panels (d)–(f) illustrate results using a smoothed DT curve model that provides a gradual

transition in predictions. For example, Figure 4.16d shows a continuous increase in sepsis

probability from 0.05 to 0.18 as creatinine rises from 2 to 8 mg/dL. Similarly, in Figure 4.16e,

the probability increases smoothly with bilirubin concentration, peaking above 0.18 around

12 mg/dL. In Figure 4.16f, platelet count is associated with a gradual decline in sepsis

probability, from around 0.18 at low counts (∼20×109/L) to below 0.05 at high counts

(∼180×109/L).
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Figure 4.17: Response of XGBoost, XGBoost + Decision Tree (Conditional), and XGBoost
+ Decision Tree (Curve) models for double attribute test.

Figure 4.17 illustrates the response surfaces of the XGBoost model and its knowledge-guided

variants using combinations of two clinical attributes—creatinine and bilirubin total in (a–

c), bilirubin total and platelet count in (d), and creatinine and platelet count in (e). In

the baseline XGBoost model (Figure 4.17a), the sepsis risk surface appears flat, indicating

limited responsiveness to joint attribute changes and a lack of interaction modeling. When

domain knowledge is incorporated through a conditional decision tree (Figure 4.17b), the

risk surface becomes step-like, increasing sepsis probability as both creatinine and biliru-

bin exceed clinical thresholds. The maximum risk rises to 0.30 when both biomarkers are

elevated, but the transition remains abrupt and less interpretable.

The curve-based decision tree model (Figure 4.17c) produces a smoother, more clinically

realistic surface. Sepsis risk increases gradually and jointly with creatinine and bilirubin,
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capturing the synergistic effect of both features. A similar improvement is observed when

creatinine is paired with platelet count (Figures 4.17d–e), where the surface reflects high

sepsis risk under high creatinine and low platelet values—consistent with medical under-

standing.

Figure 4.18: Attribute-based response of the combined XGBoost and Knowledge-based De-
cision Tree model using calibrated probabilities. Each subfigure demonstrates how varying
the merge coefficient from 0.0 (pure XGBoost) to 1.0 (pure Decision Tree) in 0.1 increments
affects the model’s sepsis probability output. Subfigures (a)-(c) show the response of the
smooth curve-based knowledge model, while (d)-(f) present the stepwise conditional response
model. DT_1.0 denotes the pure knowledge-based response, and XGB_1.0 corresponds to
the pure data-driven response.

To analyze how the integration of domain knowledge influences model behavior, we varied

the merge coefficients between the knowledge-based decision tree and the XGBoost model

from 0.0 to 1.0 in steps of 0.1. Figure 4.18 illustrates the calibrated sepsis probability
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predictions for key clinical variables: creatinine, bilirubin_total, and platelets. As expected,

the predictions progressively transition from the data-driven XGBoost response (XGB_1.0) to

the domain-guided knowledge response (DT_1.0) as the weight of the decision tree increases.

In the smooth curve-based model (subfigures a–c), the integration leads to gradual, inter-

pretable changes in probability aligned with clinical thresholds. For example, in the case of

creatinine, sepsis probability increases steeply beyond 5 mg/dL as the contribution of the

domain model increases. A similar trend is observed for bilirubin, where probabilities rise

sharply beyond 7.5 mg/dL. In contrast, platelet count shows a negative association with

sepsis risk, with predicted probabilities decreasing as platelet values increase.

The stepwise conditional model (subfigures d–f) displays discrete shifts in risk at domain-

defined threshold levels, closely following the encoded expert rules. These results demon-

strate that varying the merge coefficient enables a flexible and interpretable control over

model responsiveness, balancing domain knowledge with data-driven learning without sacri-

ficing calibration or clarity.

Table 4.7: Class distribution across full dataset, training, validation, and test sets

Dataset Class (True) Count Percent (%)

Full Dataset (19,780) 0.0 18,354 92.79
1.0 1,426 7.21

Train (11,868) 0.0 11,012 92.79
1.0 856 7.21

Validation (3,956) 0.0 3,671 92.80
1.0 285 7.20

Test (3,956) 0.0 3,671 92.80
1.0 285 7.20
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Figure 4.19: Performance of XGBoost and Knowledge-based Decision Tree combined model.
Each subfigure demonstrates the performance of different combinations of merge coefficients
starting from 0 to 1 with step of 0.1. XGB_1.0 represents the original model performance,
whereas DT_1.0 represents the Knowledge-based Decision Tree performance only.

To assess the performance of the proposed knowledge-guided XGBoost framework, we con-
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Table 4.8: Performance of DT_m_XGB_n_simulation

Model (DT_m_XGM_n) Rec
C1

Prec
C1

F1
C1

PRC
C1

Rec
C0

Prec
C0

F1
C0

PRC
C0 Acc Bal

Acc
AU

ROC
DT_0.0_XGB_1.0 0.71 0.71 0.71 0.75 0.98 0.98 0.98 0.99 0.96 0.84 0.94

DT_0.0_XGB_1.0_curve 0.71 0.71 0.71 0.75 0.98 0.98 0.98 0.99 0.96 0.84 0.94
DT_0.1_XGB_0.9 0.71 0.71 0.71 0.74 0.98 0.98 0.98 0.99 0.96 0.84 0.92

DT_0.1_XGB_0.9_curve 0.71 0.72 0.71 0.74 0.98 0.98 0.98 0.99 0.96 0.84 0.94
DT_0.2_XGB_0.8 0.71 0.68 0.70 0.72 0.97 0.98 0.98 0.99 0.96 0.84 0.90

DT_0.2_XGB_0.8_curve 0.70 0.72 0.71 0.73 0.98 0.98 0.98 0.99 0.96 0.84 0.93
DT_0.3_XGB_0.7 0.72 0.58 0.64 0.70 0.96 0.98 0.97 0.98 0.94 0.84 0.89

DT_0.3_XGB_0.7_curve 0.67 0.71 0.69 0.72 0.98 0.97 0.98 0.99 0.96 0.83 0.93
DT_0.4_XGB_0.6 0.74 0.39 0.51 0.68 0.91 0.98 0.94 0.98 0.90 0.82 0.88

DT_0.4_XGB_0.6_curve 0.66 0.67 0.67 0.70 0.97 0.97 0.97 0.99 0.95 0.82 0.92
DT_0.5_XGB_0.5 0.75 0.26 0.39 0.64 0.83 0.98 0.90 0.98 0.83 0.79 0.86

DT_0.5_XGB_0.5_curve 0.65 0.50 0.56 0.68 0.95 0.97 0.96 0.99 0.93 0.80 0.92
DT_0.6_XGB_0.4 0.76 0.25 0.38 0.56 0.83 0.98 0.90 0.98 0.82 0.79 0.84

DT_0.6_XGB_0.4_curve 0.62 0.48 0.54 0.62 0.95 0.97 0.96 0.99 0.92 0.79 0.91
DT_0.7_XGB_0.3 0.76 0.14 0.23 0.40 0.63 0.97 0.76 0.97 0.64 0.70 0.81

DT_0.7_XGB_0.3_curve 0.56 0.44 0.50 0.48 0.94 0.97 0.95 0.99 0.92 0.75 0.89
DT_0.8_XGB_0.2 0.72 0.13 0.22 0.21 0.63 0.97 0.76 0.96 0.64 0.68 0.72

DT_0.8_XGB_0.2_curve 0.48 0.39 0.43 0.30 0.94 0.96 0.95 0.98 0.91 0.71 0.86
DT_0.9_XGB_0.1 0.60 0.11 0.19 0.14 0.63 0.95 0.76 0.95 0.63 0.61 0.62

DT_0.9_XGB_0.1_curve 0.15 0.17 0.16 0.21 0.94 0.93 0.94 0.98 0.88 0.55 0.82
DT_1.0_XGB_0.0 0.68 0.06 0.11 0.08 0.17 0.87 0.28 0.91 0.21 0.42 0.47

DT_1.0_XGB_0.0_curve 0.11 0.12 0.12 0.09 0.94 0.93 0.93 0.92 0.88 0.53 0.51
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ducted a comprehensive simulation where the merge coefficient was varied from 0 to 1 in

increments of 0.1. Table 5.8 and Figure 5.19 present the detailed performance metrics across

all configurations, evaluated on a test set of 3,956 samples (7.2% positive class, as shown

in Table 5.7). The original model (DT_0.0_XGB_1.0) achieved strong performance, with

F1 score for class 1 (F1_C1) of 0.71, AUROC of 0.94, and balanced accuracy of 0.84. How-

ever, as the merge coefficient increased—shifting more weight from the data-driven XGBoost

model to the knowledge-based Decision Tree—the performance on minority class (class 1)

metrics degraded substantially. For example, with DT_0.5_XGB_0.5, the F1_C1 dropped

to 0.56 and AUROC to 0.86, indicating reduced sensitivity to the positive class.

At the extreme end (DT_1.0_XGB_0.0), the model exhibited a sharp decline across all

metrics, with F1_C1 = 0.12, AUROC = 0.53, and balanced accuracy = 0.51—barely better

than random guessing. These results, visualized in Figure 5.19, show a consistent perfor-

mance degradation as the model transitions from purely data-driven to purely rule-based

(domain knowledge). Notably, the conditional integration method (step-wise merging based

on thresholds) consistently outperformed the curve-based merging (smooth interpolation) in

terms of F1_C1 and AUROC for most values of the merge coefficient. This suggests that the

conditional method better preserves the predictive strength of the original XGBoost model

while introducing domain priors in a controlled manner.

4.4 Discussion

The incorporation of domain knowledge into machine learning models remains a key strategy

for improving clinical relevance, robustness, and responsiveness. In this study, we proposed

a knowledge-guided modeling framework that integrates vital sign heuristics into the loss

function via a U-shaped penalty and encodes rules in a decision tree. This design encour-
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ages model predictions to be not only data-driven but also physiologically meaningful. The

penalty term effectively embeds clinical expectations by penalizing deviations from opti-

mal values of vital signs—defined as the standardized mean—using a quadratic formulation.

This mechanism reflects the non-linear, risk-sensitive nature of vital deviations in clinical

decision-making.

The proposed custom loss function is flexible and can be adapted to capture non-linear re-

lationships between vital signs and risk. However, designing this loss function or setting

its parameters requires domain knowledge. In our work, we rely on two primary sources:

published clinical literature and expert input from medical professionals. One way to con-

ceptualize the relationship between vitals and risk is as monotonic. As a vital sign deviates

further from its ideal reference value, the associated risk should consistently increase. For

example, a patient with a fever of 104°F should be assigned a higher risk score than one with

a fever of 100°F, assuming all other vitals are within normal ranges. We consider models that

demonstrate this kind of regular, monotonic behavior to be clinically reasonable. However,

a key limitation is that we did not quantitatively estimate this monotonic relationship, as

no such established mapping currently exists in the literature.

Our results demonstrate that the inclusion of this penalty improves model calibration and

reduces overconfidence in predictions made under abnormal physiological conditions. For

example, when systolic blood pressure or glucose levels were excessively high, the baseline

model tended to output confident survival predictions, likely due to class imbalance or insuf-

ficient coverage in those regions of feature space. In contrast, the knowledge-guided model

exhibited more cautious and aligned behavior, adjusting its predictions to reflect increased

clinical risk. This shift is critical in high-stakes applications such as mortality prediction,

where underestimating risk can lead to harmful outcomes.

Furthermore, the approach retains flexibility by allowing adjustable weights (λpenalty, λmini,i)
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that tune the strength of the domain-guided regularization. This tunability enables a con-

tinuum between purely empirical models and strictly rule-based systems, offering a hybrid

formulation that balances generalization with interpretability. The use of standardized in-

puts and setting the optimal value to zero simplifies the implementation while preserving

the core clinical meaning.

One of the key advantages of this approach is its generalizability. The U-shaped penalty

can be extended to any tabular feature with a known safe range, making it applicable be-

yond vital signs to laboratory test results, risk scores, or even derived features. Moreover,

this methodology can complement existing fairness-aware or uncertainty-aware frameworks,

further enhancing trustworthiness. We also outlined a more generalized version of the U-

shaped loss function which is asymmetric. This asymmetric loss can incorporate custom

weights across different critical zones, enabling greater flexibility in penalizing deviations.

When the weights are equal on both sides, the function reduces to a symmetric form, allow-

ing it to be tailored to various clinical contexts. In other words, the asymmetric function

can be considered as more general compared to the symmetric function.

We selected the hyperparameters of the custom loss function manually through simulation,

guided by qualitative similarities with known associations reported in the literature. How-

ever, a quantitative evaluation of this similarity is currently lacking. This is primarily due

to the absence of an established quantitative relationship between vital signs and hazard

ratios. Further research is needed to identify a meaningful relationship that could serve as

an objective function for automatically determining the custom loss parameters.

Our methods rely on the assumption that the optimal values and true characteristics of each

vital sign are well-known and constant across populations, which may not always hold. Fu-

ture work may explore adaptive or learned optimal characteristics based on subgroups (e.g.,

age, comorbidities) to make the penalty more context-aware. Additionally, while the cur-
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rent formulation uses a quadratic loss, other biologically inspired shapes (e.g., asymmetric or

piecewise) could be investigated to better reflect varying clinical thresholds. The knowledge-

guided model introduces several additional hyperparameters, such as the steepness of the

penalty function, the optimal clinical values for each vital sign, and the weights assigned

to different types of penalties. These hyperparameters play a critical role in shaping how

strongly the model responds to deviations from medically accepted norms. While our current

implementation sets these values based on clinical intuition and manual tuning, future work

could adopt more systematic optimization strategies. For instance, grid search, Bayesian op-

timization, or reinforcement learning-based hyperparameter tuning could be used to identify

the most effective configuration. Additionally, AI-driven approaches such as neural archi-

tecture search or meta-learning could further refine these parameters in a data-driven yet

clinically meaningful way. This would not only improve the robustness and performance of

the model but also make the integration of domain knowledge more adaptive and scalable

across diverse clinical tasks.

The integration of a Knowledge-based Decision Tree (KDT) with machine learning models

offers a transparent and clinically grounded mechanism for improving decision quality, es-

pecially in high-risk healthcare settings. In our framework, we employed a human-crafted

decision tree that encodes domain rules derived from clinical heuristics and merged its output

with a data-driven model such as XGBoost using a tunable coefficient. This hybrid approach

enables the system to balance learned patterns with medically validated logic, mitigating the

risk of spurious correlations and data-driven overfitting.

The decision tree contributes responsiveness and robustness, particularly in regions of the

feature space that are poorly represented in the training data or inherently uncertain. For

example, in cases where vital signs lie in extreme or clinically abnormal ranges, the KDT

provides a strong corrective influence that reflects medical knowledge, steering predictions
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toward outcomes that align with clinical risk. This is especially important when the data-

driven model may underrepresent rare but high-risk cases due to class imbalance.

We also observed that the model’s behavior varies meaningfully as we adjust the merge

coefficient α, which controls the relative weight of the KDT and XGBoost predictions. When

α = 1, the model purely follows the decision tree, acting as a rule-based expert system; when

α = 0, it relies entirely on XGBoost.

Another important future direction for this research is the inclusion of appropriate baseline

models from the literature to strengthen comparative analysis and contextualize the perfor-

mance of our proposed approach. For instance, causal inference models, such as structural

causal models, could be used to explicitly model the causal relationships between vital signs

and clinical outcomes [83]. These models can help disentangle correlation from causation

and may offer more robust predictions, especially when dealing with confounding variables

or evaluating interventions. In addition, counterfactual models can be leveraged to explore

“what-if” scenarios—for example, estimating how a patient’s risk profile might change if

a particular vital sign were within a normal range [84]. This perspective aligns well with

clinical reasoning and could offer meaningful insights into patient management strategies or

treatment prioritization. Another promising avenue is the inclusion of Kernelized Attention

Networks (KAN), a more generalized form of neural networks that employs learnable acti-

vation functions [85]. KANs are particularly well-suited for capturing complex, non-linear,

and domain-informed relationships between inputs (such as vital signs) and outcomes, which

could potentially improve model interpretability and fit, especially in critical care settings

where physiological signals often follow irregular patterns. Furthermore, integrating out-of-

distribution (OOD) testing into the evaluation pipeline would make the testing framework

more robust and realistic. This would involve testing the model on data that differ in dis-

tribution from the training set—such as data from different hospitals, patient subgroups,
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or time periods—to assess generalizability and identify failure modes. OOD evaluation is

particularly critical in healthcare, where models must perform reliably across diverse patient

populations and clinical environments. Also, making the models more interpretable can help

to understand the causal relationships [86, 87].



Chapter 5

Enhancing Fairness and Accuracy in

Diagnosing Type 2 Diabetes in Young

Population

5.1 Introduction

Diagnosing chronic diseases like diabetes is crucial, given the substantial global burden of

diabetes-related complications and deaths, particularly in low- and middle-income countries

[88, 89]. At the present rate of expansion, the International Diabetes Federation predicts

that by 2045, a staggering 693 million individuals globally will be affected by diabetes [90].

The prevalence of diabetes, specifically type 2 diabetes, has been steadily increasing over

the past few decades [91, 92]. While diabetes has traditionally been associated with the

elderly population, recent studies indicate a rising prevalence of diabetes among the younger

population as well [93]. According to CDC, by 2060, type 2 diabetes cases might increase by

about 70-700% in the young population [94]. Young adults with diabetes face a significantly

elevated risk of early health complications and even premature death compared to their

counterparts without diabetes [95]. Younger people diagnosed with diabetes face an increased

risk of developing early and severe complications, encompassing microvascular (retinopathy,

neuropathy, ulceration, nephropathy) and macrovascular (cardiovascular, cerebrovascular,

127
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peripheral vascular) diseases [96, 97, 98]. Early detection and awareness can help the young

population at risk take steps to prevent or delay type 2 diabetes, and early intervention can

even reverse prediabetes [99, 100].

Machine learning (ML) has been increasingly integrated into the healthcare systems [101,

102, 103] because of its potential to assist clinicians and medical doctors in taking better

care of patients. Many machine learning models have been applied to diagnose diabetes [92].

However, health data can be imbalanced, which could potentially lead machine learning mod-

els to learn patterns with existing bias from the provided data [104, 105, 106, 107, 108, 109].

Data bias, if not addressed, can exacerbate and perpetuate inequalities in the performance

of algorithms in different subgroups [110, 111, 112], particularly in historically underserved

populations like female patients [113], black patients, or those with low socioeconomic status

[114]. AI models can be susceptible to digital ageism, potentially leading to biased diagnoses

that could harm patients [115, 116]. Moreover, AI models existing in the healthcare domain

can show faithfulness issues [117]. It is of high importance that we evaluate the machine

learning model before deployment ensuring social fairness [118, 119].

This paper identifies that the traditional machine learning models such as Logistic regression

(LR), Multi-Layer Perceptron (MLP), Naive Bayes (NB), AdaBoost (AB), Random Forest

(RF), and K Nearest Neighbor (KNN), trained on imbalance BRFSS (with only 15% repre-

senting the diabetes population) dataset [20], tend to misdiagnose diabetes more frequently

in the younger population (30-44 years) compared to other subgroups. The recall of the posi-

tive class (Rec_C1) in the 30-34 age group is only 30%, whereas the positive class (Rec_C1)

is 68-72% in the gender group and 66-84% in the ethnic group. Moreover, we bring attention

to the fact that solely relying on AUROC can be misleading – while the overall group’s

AUROC is 82%, the age group 30-34 exhibits a seemingly high 84% AUROC that masks the

poor diabetes detection rate (recall C1) within that specific age group. So, we focus mostly
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on recall of class 1, balanced accuracy (average recall of class 1 and class 0), and AUROC

for a fair comparison.

We propose an effective solution which successfully mitigates bias from young groups and

increases type 2 diabetes (T2D) diagnosing sensitivity. None of the existing papers developed

any effective machine-learning-based approach for effectively diagnosing T2D in the young

population (30-44 years). To the best of our knowledge, our work is the first precision

T2D diagnosis paper using machine learning and improving the diagnostic performance of

machine learning models to diagnose T2D in young populations.

Our major contributions are:

1. We address a critical gap in the literature by developing a machine learning approach

specifically designed for precision type 2 diabetes (T2D) diagnosis in a young adult

population (30-44 years old). This is a new study to target this specific age group for

T2D diagnosis using machine learning.

2. We show that multiple machine learning models and a number of sampling techniques

(SMOTE, random sampling, etc.) fail to achieve fair performance in terms of detecting

T2D in young adults.

3. We propose a bias correction technique specifically for improving T2D diagnosis in

young adults. This demonstrates the effectiveness of subgroup-focused bias correction,

promoting fairer and more accurate machine learning models in healthcare settings.

In this study, we train diverse machine learning models, incorporating a transparent model

like logistic regression, to uncover the roots of bias and missed detections. This is achieved

through a thorough analysis of association coefficients responsible for shaping model deci-

sions.
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Figure 5.1: The Enhanced-DP approach in contrast to traditional approaches, enriches the
minority age groups and creates new training sets by replicating diabetic samples (1 to n
times) from a minority age group. n machine learning models are trained on each of the n
versions of the training sets. The best model is selected based on performance metric balance
accuracy (Bal_Acc) and area under precision and recall curve (AUPRC). The top left bar
chart represents age distribution (histogram) in the original dataset.

5.2 Methods

5.2.1 Dataset

The Behavioral Risk Factor Surveillance System (BRFSS) is an annual health survey con-

ducted in the United States to monitor various health behaviors such as cardiovascular

diseases, chronic diseases, diabetes, obesity, and other risk factors that contribute to the

leading causes of death and disability [20]. The BRFSS datasets have been collected from all

50 states in the U.S. and the District of Columbia and included responses from over 400,000

participants which makes it one of the largest publicly available datasets related to public
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health. Each record contains an individual’s BRFSS survey responses on various health be-

haviors and risk factors such as tobacco use, physical activity, alcohol consumption, existing

chronic diseases, and mental health. The survey also gathered demographic information such

as age, gender, and race/ethnicity, which are helpful to explore important correlations and

even causation.

This survey is conducted every year, and the CDC makes it publicly available for research.

In this study, we selected the BRFSS dataset from 2021, which contains more than 400,000

subject information and 330+ attributes from each subject. The BRFSS dataset is a valuable

resource for identifying health disparities and evaluating the effectiveness of public health

programs and policies. However, the dataset is not free from challenges because a large

portion of attribute values are missing (25%) and this dataset can be a highly imbalanced

data imbalance (diabetes class 15%).

5.2.2 Data Preprocessing

According to the literature on the risk factors for diabetes, [92, 120], we selected 30 attributes

including diabetes labels. Subjects aged over 30 are selected for this study [92, 121, 122]. We

create age groups spanning 5 years starting from 30 up to 80+ years. The selected cohort

contains 200,136 subjects information where 169,296 subjects (84.6%) are diabetes negative

and 30,840 subjects (15.4%) are positive.

As we mentioned before, this dataset is not balanced for the age, gender, and racial sub-

groups. In the age group 30-34, the number of negative cases is 10,864 but the number of

positive cases is only 324. The age groups 35-39 and 40-44 are also highly imbalanced as the

positive-negative ratio is only 4.4% and 7.2%.

The selected variables fall into three distinct types: nominal, ordinal, and binary. Nominal
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variables lack any inherent order, ordinal variables possess a meaningful order, and binary

variables exclusively hold two distinct values. For example, the presence of high blood

pressure, cholesterol, or heart disease can be represented by a binary variable. BMI category,

education level, and income level are considered ordinal variables. On the other hand,

marital status and race are nominal variables. Binary variables are represented using a

binary encoding, where 1 signifies a positive outcome and 0 represents a negative outcome.

Ordinal variables are encoded using integers, preserving their meaningful order. Nominal

variables are transformed into one-hot encoding for appropriate representation. The selected

variables are listed in Fig. 5.8(c) .

5.2.3 Bias Mitigation Approach

We utilized a modified and enhanced version of the prioritized (DP) bias correction method

(Fig. 5.1) which is inspired by [123] prioritizes a specific subgroup, the young age group

in this case, that suffers from data imbalance. We incrementally replicate data points of

the minority class (diabetes positive indicated by class 1) and choose an optimal unit of

replication based on the model performance. As a result, the enriched training set contains

the original samples as well as the replicated samples. However, the vanilla DP technique

by [123] has several shortcomings, including the selection of replication units.

Our proposed Enhanced-DP technique replicates all samples of the diabetes class from the

young population up to n times. Each time the duplicated sample units are merged with

the original dataset, including the original set. In our experiment, we set the maximum DP

unit “n” based on the lowest subgroup positive-negative sample ratio. In order to achieve a

balanced set, the lowest subgroup ratio is for the age group 30-34. The number of negative

cases is 10,864 but the number of positive cases is 324. So, the ratio is 34, which is the limit of
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DP unit n. We also employed early stopping to select the best n quickly as the performance

curve contains a global maximum point. This makes our Enhanced-DP algorithm faster

compared to the original DP algorithm [123].

Each training set containing the original set and the duplicated n 1 to 34) units is used to

train a single model. In this way, we train 35 models (34 models trained on the enriched

training sets and 1 model trained on the original training set) and select the best-performing

model based on balanced accuracy and the area under the curve (AUC) of the minority

class (C1) precision-recall curve, denoted by PRC_C1. We identify the top three machine

learning models with the highest balanced accuracy values and select the model that gives

the highest PR_C1 for that particular age group. This selected model is used only for

diagnosing diabetes for that particular group, e.g., the Enhanced-DP model trained with

duplicated age-group 30-34 samples is used to diagnose new patients from age-group 30-34

years.
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Figure 5.2: Performance of logistic regression model trained and tested on the original (a)
BRFSS 2021 and (b) BRFSS 2015. (c) Performance of multiple machine learning models for
the young adult age group (30-44 years) along with the whole group. The x-axis represents
performance metrics where Rec, PRC, Acc, Bal_Acc, AUROC, represent Recall, Area Under
the Precision-Recall Curve, Accuracy, Balanced Accuracy, and area under the ROC curve
respectively. C1 and C0 stand for class 1 (diabetes positive) and class 0 (diabetes negative)
respectively. The Y-axis represents the different subgroups.
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Figure 5.3: Performance of logistic regression model trained and tested on the original (a)
BRFSS 2021 and (b) BRFSS 2015. (c) Performance of multiple machine learning models for
the young adult age group (30-44 years) along with the whole group. The x-axis represents
performance metrics where Rec, PRC, Acc, Bal_Acc, AUROC, represent Recall, Area Under
the Precision-Recall Curve, Accuracy, Balanced Accuracy, and area under the ROC curve
respectively. C1 and C0 stand for class 1 (diabetes positive) and class 0 (diabetes negative)
respectively. The Y-axis represents the different subgroups.
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5.2.4 Sampling Algorithms

A frequently employed technique for addressing the challenges of data imbalance is the

utilization of sampling methods. To evaluate the effectiveness of the sampling algorithms

detecting diabetes in young groups, we first compared multiple sampling algorithms, in-

cluding (1) random oversampling, randomly duplicating instances from the minority class

[124]; (2) random undersampling, randomly removing instances from the majority class [124];

(3) SMOTE (Synthetic Minority Over-sampling Technique), creating synthetic samples for

the minority class by interpolating between existing instances [125]; (4) ADASYN (Adaptive

Synthetic Sampling), similar to SMOTE, but generating more synthetic samples for difficult-

to-learn instances [126]; (5) Tomek Links, removing instances from the majority class that are

close to instances in the minority class [127]; (6) ENN (Edited Nearest Neighbors), removing

instances from the majority class that are misclassified based on the nearest neighbors from

both classes [128]; and (7) NearMiss, selecting instances from the majority class based on

their distance to instances in the minority class [129]. These sampling techniques have been

proven to be effective in the literature, however, these techniques are not tailored to tackle

subgroup biases. As a result, diabetes is misdiagnosed in the young population. Therefore,

we utilize a new concept of using one model for a single group which deviates from the

traditional one model-fits-all ideology.

5.2.5 Machine Learning Models

We selected six commonly used ML models including Logistic Regression (LR) [130], Random

Forest (RF) [131], Adaboost (AB), Multilayer Perceptron (MLP) [132], and Naive Bayes

(NB) to evaluate the effectiveness of the sampling strategy. We purposely selected simple

models such as logistic regression because of their interpretability. It is very important
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for the science community, especially for healthcare to create interpretable models to find

out the root cause of a prediction, however, [133] evaluated 511 scientific papers across

different ML domains and identified a notable deficiency in reproducibility metrics, including

dataset and code accessibility in clinical ML domain papers. Moreover, complex and high-

end models which have recently been applied to the healthcare domain might pose difficulties

in reproducibility [134]. Using simple models like logistic regression will pave the way both

for explaining the results and making it easy for other researchers to reproduce the model

and the same results.

In the RF, we selected 100 trees or estimators to achieve optimal performance. In our MLP

configuration, we used a single hidden layer with 100 ReLU-activated neurons and optimized

training with the Adam gradient descent optimizer for efficiency and effectiveness. For Naive

bayes we utilized the Gaussian kernel. For Adaboost we select the default settings from scikit-

learn Python library. We repeated the training process at least five times with different test

train splits to ensure consistent performance and calculate the standard deviation of the

performance.

For LR, we utilized the liblinear equation to establish the decision boundary between positive

and negative classes. This analysis can provide valuable insights into feature importance,

offering a comprehensive understanding of how each variable contributes to the model’s out-

come. We investigate the features responsible for biased outcomes from the original model.

The logistic regression estimates the probability from the coefficients and the corresponding

feature value which makes it a white box and fully interpretable.

To examine the potential unfairness in the datasets, we calculated class-based accuracy,

recall, AUROC, and AU-PRC. Nonetheless, our primary focus lies in prioritizing the recall

of the positive class, also known as sensitivity, as the detection of diabetes holds paramount

importance in our specific case. The dataset undergoes a random division into three disjoint
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sets namely training (60% or 120,081 samples), validation (20% or 40,027 samples), and

testing set (20% or 40,028 samples) through the utilization of the Python sklearn library.

The training dataset serves as the foundation for model training, while the testing dataset

remains consistent across all the experiments, ensuring the robustness and comparability of

our results. Only the training set is used for DP, ensuring no data leakage. The performance

of the models in each experiment is recorded as the average value of 3-5 independent trials.

5.2.6 Model Calibration and Threshold Tuning

Before mapping probabilities into labels, we calibrate the predicted probabilities for each

model on the validation set. Calibration involves adjusting the distribution of probabilities

to enhance accuracy. We calibrate the output probabilities using the Isotonic Regression

[135] technique. We then perform threshold tuning to find the optimal threshold based on

balanced accuracy and the F1_C1 score. Threshold tuning is the process of selecting an

optimal threshold value in binary classification models. In these models, predictions are

typically expressed as probabilities, and a threshold is applied to determine the class label.

Adjusting this threshold can impact the trade-off between false positives and false negatives.

At first, we identify the top 3 thresholds that produce the highest F1_C1 scores and then

select the optimal threshold that generates the highest balanced accuracy for all samples in

the validation dataset. For some subgroups, only a few samples (< 100) are present in the

validation set. Selecting the threshold based on subgroup samples may overfit the validation

set. So, we select a threshold based on the whole validation performance. We calculate the

optimal threshold to be 0.195 from 10 independent trials by averaging the best thresholds

from each trial. We use the F1 score and balanced accuracy jointly to select a model with a

balanced performance.
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5.3 Results

5.3.1 Performance of Original Model

The machine learning models trained on the original training set show different performances

for the minority diabetes-positive group (C1) and the majority-negative group (C0). Fig.

5.3 (a) and (b) shows the performance of the original logistic regression model on 2021 and

2015 datasets. The whole group recall C1 is 0.70-0.72 whereas recall C0 is 0.77-0.78. For

males, recall_C1 is 0.72 and for Female recall_C1 is 0.68. The ethnic groups such as White,

Asian, and multicultural show recall_C1 of 0.66, 0.66, and 0.73 respectively. On the other

hand, Black, Indian, and Hawaiian show recall_C1 of 0.84, 0.82, and 0.84 respectively.

However, the young age group suffers the most from missed detection of diabetes. For age

groups [30-34], [35-39], and [40-44] recall C1 is only 0.30-0.31, 0.42-0.45, and 0.45-0.50 re-

spectively. This means out of 100 diabetic patients aged 30-34, 70 patients are misdiagnosed.

The Adaboost, Naive bias, random forest, and KNN models also show similar performance,

represented in Fig. 5.3 (c). The standard deviation of each metric is less than 0.04 (from

multiple experimental trials) unless mentioned otherwise. The model behaves similarly in

the BRFSS 2015 dataset (this is not shown due to space constraints).

In imbalanced datasets, commonly employed metrics like AUC_ROC and accuracy can be

misleading and do not accurately represent the performance of the minority class. Despite

potentially poor performance in the minority class, these metrics might indicate falsely ele-

vated values. The AUROC of the whole population, age groups [30-34], [35-39], and [40-44]

are 0.82, 0.84, 0.87, and 0.84. However, these age groups show very poor recall_C1 which

is not reflected with AUROC. In contrast to the AUROC and accuracy metrics which can

be overly optimistic, we use Recall_C1 to measure the true detection rate reflecting the
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performance of the model.

Figure 5.4: Performance of the original logistic regression model (a) when tested on the
whole population and minority age group. (b) Performance difference between Enhanced-
DP and original model Logistic Regression model. ”Diff Rec_C1” means subtracting the
recall of class 1 of the original model from the Enhanced-DP model and ”Diff Bal_Acc”
means subtracting the balanced accuracy of the original model from the Enhanced-DP model.
Positive values indicate performance improvement from the original model. The error bars
represent the standard deviation of the experiment results.
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5.3.2 Enhanced-DP model improves diagnostic accuracy

The Enhanced-DP model for three age groups improves the diabetes detection accuracy

significantly (Fig. 5.4 (a)). Fig. 5.4 (b) shows the performance difference between the

Enhanced-DP model and the original model in terms of positive recall and balanced accuracy.

Diff Rec_C1 means subtracting the recall of class 1 of the original model from the Enhanced-

DP model. The Enhanced-DP model for age groups [30-34], [35-39], and [40-44] improves

the positive recall by 41% (SD 6.4%), 32% (SD 6.4%), and 24% (SD 2.8%) respectively. This

means the Enhanced-DP models are better at detecting diabetes in the young population.

On the other hand, Diff Bal_Acc means subtracting the balanced accuracy of the original

model from the Enhanced-DP model. The balanced accuracy (average recall of both C0 and

C1 classes) is also improved by 13% (SD 2.3%), 10.5% (SD 1%), and 7.7% (SD 2.8%) for

the Enhanced-DP model.
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5.3.3 Whole-population sampling

Figure 5.5: Comparing whole group sampling method performance with Enhanced-DP (age
group 35-39) for the young adult age groups 30-34, 35-39, and 40-44 along with the whole
group.
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The whole group-based sampling approach doesn’t improve the detection rate in the young

group Fig. 5.5. Moreover, AdaSyn (Rec_C1 0.19), SMOTE (Rec_C1 0.19), Tomek-Link

(Rec_C1 0.28), Random oversampling (Rec_C1 0.25) and undersampling (Rec_C1 0.26)

methods decrease the original detection accuracy (Rec_C1 0.30) for age group [30-34]. A

similar performance decrease is observed in the other two age groups [35-39] and [40-44].

Near Miss and ENN merely improve the recall C1 by 9% and 2%. On the other hand, the

respective Enhanced-DP models (i.e. trained on age group [30-34] and applied to age group

[30-34]) improve the positive recall by at least 24%.

The whole group sampling methods also show poor performance in terms of balanced ac-

curacy. For example, for the age group [35-39] all of the methods decrease the balanced

accuracy from the original value. On the other hand, the Enhanced-DP model increases

balanced accuracy by 3-9%.
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5.3.4 Segmented training

Figure 5.6: Models trained on age-segmented training sets composed of age groups spanning
5 years or 15 years. The models are trained and tested on the same or overlapping age group.
We utilized all 7 resampling techniques (Fig. 5.5) and reported the best performance for
each model. The baseline model represents logistic regression model trained on the whole
training set whereas DP is our proposed model.

We compared the performance of models trained on age-segmented datasets, where the

original dataset was divided into groups with 5-year and 15-year spans. Each model was

trained and tested on data from the same or overlapping age groups. For example, a model

trained on individuals aged 30-34 was evaluated using a test set from the same age range.

Similarly, a model trained on the 30-44 age group was tested across the 30-34, 35-39, and 40-

44 age groups. Each model was calibrated using the Isotonic Regression and model-specific

decision threshold was calculated. We applied all seven resampling techniques outlined in

Fig. 5.5 and reported the best performance for each model. As shown in Fig. 5.6, the
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DP method consistently performed the best. Interestingly, models trained on 15-year spans

outperformed the baseline model trained on the entire dataset. These findings were also

consistent with results obtained from the BRFSS’15 data.

5.3.5 Cross-group performance

Figure 5.7: Cross-group performance analysis using class 1 recall (Rec_C1) and balanced ac-
curacy (Bal_Acc) on (a) BRFSS 2021 and (b) BRFSS 2015. In each subfigure, each column
corresponds to an Enhanced-DP model trained for a specific subgroup. Each row represents
a subgroup that a model is evaluated on. (c) Represents logistic regression model coefficient
values which are associated with each feature from the original model and Enhanced-DP
models. The one hot encoded feature (marital status, employment status, and race) coeffi-
cients are averaged
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Enhanced-DP model trained for a specific age group is applied to all other age groups Fig.

5.8 (a) and (b). For example, a DP model trained for age group [30-34], is tested on age

groups [30-34], [35-39], and [40-44]. We also compare the whole group’s performance with

the DP models. The original model shows very poor recall C1 for all three age groups.

Interestingly, the DP model trained for the age group [30-34] can also be applied to age

groups [35-39] and [40-44]. DP model for age group [35-39] shows the highest recall C1 of

73% - 84% for all age groups. The balanced accuracy is also high when one DP model is

applied to another age group.

On the other hand, the DP model trained for the young age group shows poor performance

when applied to gender or ethnic groups for which the DP model is not trained. The recall of

class 1 goes down by 8% and 19% when the DP model for the age group [40-44] is applied to

the female and Asian groups respectively. The balanced accuracy also declines if age group

DP models are applied to female or Asian groups.
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5.3.6 Feature analysis

Figure 5.8: Cross-group performance analysis using class 1 recall (Rec_C1) and balanced ac-
curacy (Bal_Acc) on (a) BRFSS 2021 and (b) BRFSS 2015. In each subfigure, each column
corresponds to an Enhanced-DP model trained for a specific subgroup. Each row represents
a subgroup that a model is evaluated on. (c) Represents logistic regression model coefficient
values which are associated with each feature from the original model and Enhanced-DP
models. The one hot encoded feature (marital status, employment status, and race) coeffi-
cients are averaged

One of the major motivations for selecting a logistic regression model is its interpretability.

[136] showed that deep learning models are mostly black-box and cannot always be correctly

interpretable.

Fig. 5.8 (c) shows the logistic regression model coefficients of the original and the Enhanced-
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DP models. It shows that the original model had a strong correlation with the subject’s race

(-0.40), employment status (-0.40), and marital status (-0.54). The Enhanced-DP model

reduces the strength of these attributes by at least 19%. Moreover, age was positively

correlated in the original model while it was negatively correlated in the Enhanced-DP

models. Other attribute coefficients show minor changes.

5.4 Discussion

The machine learning trained on the original dataset shows poor diabetes diagnosis perfor-

mance in the young group. Because the diabetes data is limited in the original dataset the

traditional machine learning model tends to pick the general statistics to build a diagnostic

model. As a result, the models show poor performance in the minor young group. Whole

group-based data enrichment such as sampling methods cannot overcome the problem of

poor performance as it doesn’t enhance the young group. Some of them such as SMOTE, a

popular sampling method which is well known for removing bias from imbalanced datasets,

decrease the performance. This is because these sampling methods are not equipped to

reduce disparate ratios in the minority group. Moreover, we tested multiple and diverse

machine learning models. However, all the models show consistently poor performance in

this scenario.

Finally, we proposed an enhanced version of the double prioritized bias correction technique

(DP) to make the model effective and useful for the young age group. By replicating the

minor group population dynamically, the technique improves the model’s performance. How-

ever, one DP model can be targeted for one particular group. The results show that the DP

model trained for the young age group is not applicable for both gender or ethnic groups.

This limitation can be easily overcome by using multiple DP models for each minor group.
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However, one of the limitations of this approach is the use of multiple models compared to

a single model. This limitation only applies in the training phase but not in the application

phase. Training multiple DP models will take more time than a single model approach but

the DP model will take the same time during diagnosis as only one model is going to be used

for predicting a particular sample. Interestingly, this technique has broader applications

beyond the specific dataset evaluated and can be utilized in any domain to overcome bias or

data limitation challenges.

We also investigated the root cause of bias in the original model by visualizing the coefficients

of the logistic regression model. Being a white box model, we can easily understand the

feature importance and the correlation of each feature with the detection probability. The

original model shows a strong correlation with non-medical attributes such as marital status,

employment status, and race. The DP model decreases the strength of correlation with these

factors significantly. Moreover, the original model is positively correlated with age. It means

the diabetes-positive probability increases with age. However, this positive correlation was

one of the key factors why the original shows poor performance in the young age group.

However, changing label prevalence through oversampling introduces several important chal-

lenges. In particular, it can lead the model to overestimate the likelihood of rare outcomes,

such as diabetes in the young population. It also increases the risk of model overfitting to

the oversampled group and introduces bias, especially when the duplicated positive cases

dominate the training data. Additionally, there is a clear precision-recall tradeoff as over-

sampling tends to improve recall by making the model more sensitive to the minority class,

but at the cost of reduced precision. For example, in our case, the model becomes more

accurate for the oversampled young subgroup (which is intentional), but this comes at the

cost of reduced performance and potential bias against the older subgroup. To overcome

these issues, we are creating custom models for each of the underperforming subgroups.
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In conclusion, we identified a major deficiency in the traditional machine learning and com-

monly used sampling approach when it comes to diagnosing diabetes in the young age group

which is the minority population in this case. We proposed an enhanced DP method to

overcome this issue and improved diagnostic performance significantly. This approach has

the potential to mitigate bias issues in the diagnosis of diabetes among young adults, offering

a pathway toward more equitable and accurate healthcare practices in this demographic.



Chapter 6

Conclusion

This research addresses critical challenges in the deployment of machine learning (ML) mod-

els in healthcare, focusing on improving model responsiveness, reducing bias, and enhanc-

ing trustworthiness in high-stakes clinical applications. Through the development of novel

methodologies for detecting and mitigating misprediction regions, we propose systematic ap-

proaches that allow ML models to adapt and perform reliably within diverse clinical scenar-

ios, particularly in areas associated with high-risk or minority groups often underrepresented

in training data. Our work also introduces targeted mitigation techniques, including adap-

tive re-weighting and data-specific augmentation, to reinforce model accuracy and robustness

where it matters most.

Our findings underscore the limitations of traditional model evaluation approaches, which of-

ten fail to capture the real-world complexities of healthcare data, especially in time-sensitive

and ethically sensitive domains. By employing clustering and density estimation methods,

this research successfully identifies misprediction regions in the model’s hyperspace, allowing

for precise interventions in areas likely to impact patient outcomes.

This study presents a novel knowledge-guided machine learning framework that integrates

clinical domain expertise with data-driven modeling to enhance prediction reliability and in-

terpretability in healthcare. By embedding structured knowledge through U-shaped penalty

functions and custom decision trees, the model aligns its predictions with physiologically

meaningful patterns, particularly in regions where data is sparse, noisy, or clinically ambigu-

151
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ous. The hybrid architecture ensures that the learning process not only minimizes empirical

loss but also adheres to established medical reasoning. This approach improves general-

ization, enhances clinician trust, and identifies critical “problem regions” where predictions

deviate from expected behavior. Our findings underscore the importance of incorporating

domain knowledge as a first-class component in machine learning pipelines, especially in

high-stakes applications like clinical decision support.

The comprehensive evaluations conducted in this work, including cross-dataset testing and

ablation studies, provide a clear pathway for enhancing model trustworthiness in digital

health. This research contributes not only to the technical development of more robust ML

models but also to the ethical imperative of ensuring fairness and reducing bias in clinical

predictions. By advancing model responsiveness and accountability, this dissertation lays a

foundation for future work in safe and equitable AI in healthcare, paving the way for models

that are both scientifically rigorous and socially responsible.
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Appendix A

Appendix: Chapter 3

A.1 Supplementary Notes

ML responsiveness (defined by us): A machine learning model’s ability to recognize

changing patient conditions, such as severely impaired medical conditions and (rapidly)

deteriorating health, and to adjust the model’s prediction accordingly.

In-hospital mortality prediction Class 1 : Based on the first 48 hours of ICU informa-

tion, the patient dies in the ICU.

Breast cancer survivability Class 1: Patient survives more than 5 years after breast

cancer diagnosis.

Lung cancer survivability class 1 : Patient survives more than 5 years after the lung

cancer diagnosis.

Glasgow Coma Scale (GCS): A scale for assessing a person’s level of consciousness by

scoring their eye, verbal, and motor responses [Jain 2018] .

High risk zone (defined by us) : The mortality risk range (threshold, 1.0] is defined as

the high-risk zone.

Low risk zone (defined by us) : The mortality risk range [0, threshold] is defined as the

low-risk zone.
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Bradypnea : Abnormally slow breathing (< 12 BPM).

Tachycardia : Abnormally fast heart rate (> 100 BPM).

Hypothermia: Body temperature below normal (< 35°C / 95°F).

Hyperthermia: Elevated body temperature (> 38.5°C / 101.3°F).

Hypoglycemia : Low blood glucose levels (< 70 mg/dL).

Hyperglycemia : High blood glucose levels (> 180 mg/dL).

Hypotension: Low blood pressure (< 80/60 mmHg).

Hypertension: High blood pressure (> 130/90 mmHg).

Hypoxemia : Low blood oxygen saturation (< 90

CS tumor size: Collaborative Staging (CS) tumor size records the largest dimension

(length, width, or height) or the diameter of the primary tumor in millimeters.

T: The extent (size) of the tumor.

• T0: absence of such tumor.

• T1: tumor size less than 20 mm.

• T2: tumor size 20-50 mm.

• T3: tumor size larger than 50 mm.

• T4: any size growing into skin.

N: The spread to nearby lymph nodes.

• N0: 0 positive lymph nodes.
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• N1: 1-3 positive lymph nodes.

• N2: 4-9 positive lymph nodes.

• N3: more than 10 positive lymph nodes.

ELNs: Examined number of lymph nodes.

A.2 Tables
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Table A.1: Training and validation losses of selected in-hospital mortality risk predictor
models.

Prediction
task Model Trial Selected

Epoch
Validation
AUPRC

Training
Loss

Validation
Loss Difference

MIMIC III LSTM 1 39 0.568 0.273 0.278 0.005
2 29 0.564 0.279 0.278 0.001
3 33 0.566 0.274 0.279 0.005

CW-LSTM 1 37 0.556 0.270 0.284 0.014
2 24 0.556 0.280 0.286 0.006
3 20 0.561 0.283 0.281 0.002

LSTM+ SMOTE 1 4 0.410 0.438 0.385 0.054
2 11 0.410 0.342 0.355 0.013
3 2 0.366 0.473 0.417 0.056

LSTM+ AdaSyn 1 18 0.337 0.318 0.411 0.093
2 6 0.413 0.395 0.353 0.042
3 33 0.408 0.305 0.343 0.038

LSTM+ Reweight 1 63 0.568 0.436 0.429 0.007
2 58 0.559 0.428 0.431 0.003
3 66 0.561 0.429 0.424 0.005

eICU LSTM 1 81 0.476 0.277 0.280 0.003
2 87 0.510 0.274 0.283 0.009
3 86 0.492 0.279 0.276 0.003

LSTM+ SMOTE 1 49 0.385 0.495 0.410 0.085
2 55 0.402 0.445 0.391 0.055
3 42 0.433 0.412 0.471 0.059

LSTM+ AdaSyn 1 39 0.320 0.410 0.419 0.009
2 38 0.376 0.454 0.499 0.045
3 35 0.336 0.439 0.468 0.029

LSTM+ Reweight 1 99 0.473 0.532 0.526 0.006
2 90 0.495 0.512 0.539 0.026
3 89 0.454 0.494 0.502 0.008
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Table A.2: Training and validation losses of selected cancer survivability predictor models.

Prediction
task Model Trial Selected

Epoch
Validation
AUPRC

Training
Loss

Validation
Loss Difference

SEER BCS

MLP
1 3 0.673 0.231 0.230 0.002
2 3 0.672 0.232 0.229 0.003
3 4 0.675 0.230 0.228 0.002

MLP+SMOTE
1 4 0.654 0.323 0.340 0.017
2 2 0.650 0.350 0.340 0.010
3 5 0.647 0.310 0.338 0.028

MLP+AdaSyn
1 1 0.643 0.393 0.384 0.010
2 3 0.622 0.391 0.357 0.034
3 2 0.618 0.378 0.353 0.025

MLP+Reweight
1 7 0.677 0.389 0.352 0.037
2 5 0.666 0.391 0.354 0.037
3 5 0.672 0.389 0.361 0.028

SEER LCS

MLP
1 5 0.724 0.248 0.254 0.006
2 4 0.725 0.250 0.254 0.004
3 4 0.727 0.245 0.244 0.002

MLP+SMOTE
1 3 0.705 0.311 0.339 0.028
2 5 0.710 0.322 0.345 0.024
3 4 0.708 0.341 0.362 0.021

MLP+AdaSyn
1 3 0.682 0.328 0.391 0.063
2 3 0.701 0.342 0.366 0.024
3 4 0.682 0.322 0.375 0.054

MLP+Reweight
1 3 0.726 0.376 0.351 0.026
2 3 0.715 0.367 0.354 0.012
3 5 0.725 0.371 0.362 0.009

Table A.3: Number of samples in the training set after resampling

Dataset Resampling Method Total Samples Class 0 Class 1

MIMIC III SMOTE 25,222 12,694 12,528
AdaSyn 24,872 12,694 12,178

eICU SMOTE 38,030 19,015 19,015
AdaSyn 37,417 19,015 18,402

BCS SMOTE 347,436 173,718 173,718
AdaSyn 344,528 170,810 173,718

LCS SMOTE 276,218 138,109 138,109
AdaSyn 277,264 138,109 139,155
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Table A.4: Cost-sensitive learning balanced class weights

Dataset Class 0 Class 1
MIMIC III 0.578 3.694

eICU LSTM 0.565 4.363
LCS MLP 0.595 3.122
BCS MLP 3.936 0.573

Table A.5: Thresholds of various models. Thresholds are identified through the validation
process.

Models/
Datasets NN NN+

SMOTE
NN+

AdaSyn
NN+

Reweight
XG-

Boost
Random
Forest

Ada-
Boost KNN Naive

Bayes
eICU

(NN: LSTM) 0.24 0.11 0.14 0.24 0.22 0.24 0.24 0.21 0.17

MIMIC-III
(NN: LSTM) 0.22 0.19 0.18 0.22 0.26 0.25 0.18 0.21 0.06

SEER-BCS
(NN: MLP) 0.71 0.694 0.695 0.69 0.67 0.70 0.70 0.71 0.83

SEER-LCS
(NN: MLP) 0.34 0.29 0.31 0.31 0.32 0.34 0.32 0.31 0.11
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Table A.6: Mortality risk prediction of two medical experts on attribute-varying test cases.
Doctors were given below and told the attribute values may fluctuate.

Case Attribute values Predicted risk - Synthesized test cases
MR

MD 1
MR

MD 2
MR (avg)

MD
MR

LSTM

1

Systolic blood pressure (mm Hg): 52
Diastolic blood pressure (mm Hg): 48

Glucose level (mg/dL): 22
Respiratory rate (BPM): 37

Heart rate (BPM): 21
Oxygen saturation (%): 34

0.75 0.95 0.85 0.084

2

Systolic blood pressure (mm Hg): 79
Diastolic blood pressure (mm Hg): 35

Glucose level (mg/dL): 47
Respiratory rate (BPM): 41

Heart rate (BPM): 20
Oxygen saturation (%): 43

0.80 0.90 0.85 0.137

3

Systolic blood pressure (mm Hg): 61
Diastolic blood pressure (mm Hg): 32

Glucose level (mg/dL): 35
Respiratory rate (BPM): 42

Heart rate (BPM): 48
Oxygen saturation (%): 26

0.85 0.90 0.875 0.611

4

Systolic blood pressure (mm Hg): 61
Diastolic blood pressure (mm Hg): 43

Glucose level (mg/dL): 35
Respiratory rate (BPM): 42

Heart rate (BPM): 48
Oxygen saturation (%): 20

0.85 0.90 0.875 0.56

5

Systolic blood pressure (mm Hg): 223
Diastolic blood pressure (mm Hg): 153

Glucose level (mg/dL): 253
Respiratory rate (BPM): 30

Heart rate (BPM): 117
Oxygen saturation (%): 68

0.50 0.50 0.50 0.117

6

Systolic blood pressure (mm Hg): 295
Diastolic blood pressure (mm Hg): 153

Glucose level (mg/dL): 253
Respiratory rate (BPM): 45

Heart rate (BPM): 136
Oxygen saturation (%): 62

0.55 0.60 0.575 0.455
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Table A.7: Deteriorating test cases labeling of mortality risk by 2 medical doctors. Doctors
are given the time series.

Attribute name Case Predicted risk - Deteriorating test cases
MR

MD 1
MR

MD 2
MR (avg)

MD
MR

LSTM

Respiratory rate
1 0.85 0.60 0.73 0.13
2 0.90 0.80 0.85 0.19
3 0.90 0.60 0.75 0.16

Temperature
1 0.90 0.40 0.65 0.18
2 0.50 0.35 0.43 0.17
3 0.40 0.30 0.35 0.18

Systolic BP
1 0.95 0.90 0.93 0.13
2 0.95 0.90 0.93 0.03
3 0.95 0.90 0.93 0.20

Multi-attribute
1 0.80 0.90 0.85 0.20
2 0.85 0.90 0.88 0.18
3 0.80 0.90 0.85 0.19

Table A.8: The table shows the gradient-based test case generation steps. Each step of
gradient ascent creates a new test case by changing a single attribute value.

Attribute Deteriorating
test case Step factor # of Steps Seed attribute

value
Final attribute

value

Diastolic BP
(mm Hg)

1 0.01 16 52.94 10.77
2 0.01 100 55.89 1.19
3 0.01 100 89.37 4.49

Systolic BP
(mm Hg)

1 0.2 54 119.85 95.00
2 0.2 35 124.70 105.35
3 0.2 170 125.59 67.99

Resp. Rate
(BPM)

1 0.01 82 15.67 27.51
2 0.01 138 17.49 31.14
3 0.01 218 20.49 42.40

Oxygen Sat.
(%)

1 0.01 9 69.26 0.00
2 0.01 21 69.83 0.00
3 0.01 44 80.68 0.00

Temp
(C)

1 0.001 27 36.78 35.96
2 0.001 38 36.62 35.64
3 0.001 57 36.79 35.41
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Table A.9: The table shows the gradient-based test predictions.

Attribute Deteriorating
test case

MR by
LSTM 1

MR by
LSTM 2

MR by
LSTM 3

MR by
LR

MR by
CW-LSTM

Diastolic BP
(mm Hg)

1 0.04 0.22 0.22 0.03 0.05
2 0.10 0.04 0.08 0.20 0.02
3 0.07 0.06 0.09 0.14 0.05

Systolic BP
(mm Hg)

1 0.14 0.22 0.06 0.02 0.27
2 0.07 0.11 0.22 0.13 0.19
3 0.18 0.21 0.22 0.05 0.37

Resp. Rate
(BPM)

1 0.22 0.12 0.06 0.05 0.28
2 0.17 0.22 0.20 0.45 0.22
3 0.11 0.15 0.22 0.32 0.11

Oxygen Sat.
(%)

1 0.03 0.15 0.15 0.18 0.01
2 0.03 0.01 0.03 0.67 0.01
3 0.02 0.01 0.01 0.38 0.03

Temp
(C)

1 0.15 0.22 0.20 0.02 0.18
2 0.15 0.14 0.23 0.14 0.10
3 0.15 0.17 0.23 0.05 0.13
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Table A.10: Number of test cases (excluding deteriorating condition) in one test set created
from a single seed case in the original MIMIC-III dataset. Five test sets are produced for
each attribute or combination of attributes using five different seeds. The deteriorating
conditions test is generated by three seeds resulting in 12 test cases.

Test type Tested attribute Number of cases
(per set)

Number of
total cases

GCS test

GCS total 120 600
GCS eye-motor 24 120
GCS eye-verbal 20 100

GCS motor-verbal 30 150
GCS test total case 194 970

Single attribute
critical zone test

Diastolic BP 250 1,250
Glucose 600 3,000

Oxygen saturation 101 505
Respiratory rate 101 505

Systolic BP 350 1,750
Temperature 13 65

Critical zone test total case 1415 7,075

Double-attribute
critical zone test

Diastolic BP & Glucose 2,500 12,500
Diastolic BP & Systolic BP 3,500 17,500

Respiratory rate & Heart rate 2,500 12,500
Double attribute critical zone test

total case 8,500 42,500

Multi-attribute (6 attributes)
critical zone test

High zone 12,695 63,475
Low zone 12,695 63,475

Multi-attribute critical zone test
(6 attributes) total case 25,390 126,950

Deteriorating conditions test
(gradient ascent method)

Single attribute 9 9
Triple-attribute 3 3

Deteriorating conditions test
total case 12 12

Grand total 35,511 177,507
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Table A.11: Clinical Assessment of Neurological Function: Glasgow Coma Scale (GCS)
Scoring System.

GCS component Response GCS score

Eye-opening (E)

No response 1
To pain 2

To verbal 3
Spontaneous 4

Verbal response (V)

No response 1
Incomprehensible sounds 2

Inappropriate words 3
Confused, disoriented 4
Oriented, converses 5

Motor response (M)

No response 1
Abnormal extension to pain 2

Abnormal flexion to pain 3
Withdraws to pain 4

Localizes pain 5
Obeys commands 6
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Table A.12: Data distribution of created single attribute test set for SEER 5-year breast
cancer survivability (BCS) and lung cancer survivability (LCS).

Single attribute
test

EOD 10 - positive lymph nodes examined continuously

N stage Group
(count)

Lung cancer set Breast cancer set
# case
per set # total case # case

per set # total case

N0 0 111 333 30 90
N1 (0, 4) 333 999 90 270
N2 [4, 10) 666 1,998 182 546
N3 >10 6,978 20,934 2,260 6,780

Total 8,088 24,264 2,562 7,686
CS Tumor size continuous

T stage Group (mm) Lung cancer set Breast cancer set
# case
per set # total case # case

per set # total case

T0 0 4 12 6 18
T1 (0, 20] 57 171 81 243
T2 (20-50] 91 273 130 390
T3 (50, 988] 2,637 7,911 4,080 12,240

Total 2,789 8,367 4,297 12,891
Grades

Grade
stage status Seed Class Breast cancer set

# case
per class # total case

1 Well
differentiated

Survived (C1) 21,723 24,875Death (C0) 3,152

2 Moderately
differentiated

Survived (C1) 21,723 24,875Death (C0) 3,152

3 Poorly
differentiated

Survived (C1) 21,723 24,875Death (C0) 3,152

4 Undifferentiated Survived (C1) 21,723 24,875Death (C0) 3,152
Total 99,500
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Table A.13: Data distribution of created multi-attribute test set for SEER 5-year breast
cancer survivability (BCS) and lung cancer survivability (LCS).

Double attribute test

Combinations Breast cancer set
# case per set # total case

T-N Tumor size and
positive lymph node 6,177 18,531

T-ENLs Tumor size and
# examined lymph nodes 6,177 18,531

N-ENLs # examined lymph nodes
and positive lymph node 7,800 23,400

Total 60,462

Triple attributes test

Three attributes
(T4, N3, Grade 4)

Breast cancer set
# case per class # total case

Seed class survived (C1) 21,723 24,875Seed class death (C0) 3,152
Total 24,875

Table A.14: Ranges of important vitals.

Attribute Ideal range Critical risk zone
Low High

Diastolic BP (mm Hg) 70-80 0-60 120-250
Glucose (mg/dL) 70-180 0-54 250-600

Respiratory Rate (BPM) 12-18 0-10 24-100
Temperature (C) 37 30-35 39-42

Oxygen Saturation (%) 95-100 0-90 -
Systolic BP (mm Hg) 100-120 0-90 180-350



A.2. TABLES 185

Table A.15: Mean standard deviation of the attribute of the original MIMIC-III dataset.

Attributes All Class 0 (Non-death) Class 1 (Death)
Mean SD (avg) Mean SD (avg) Mean SD (avg)

Diastolic bp (mm Hg) 61.45 15.61 61.60 14.20 60.46 24.63
GCS eye-opening 3.22 0.59 3.34 0.58 2.47 0.63

GCS motor response 5.33 0.61 5.46 0.60 4.47 0.70
GCS total 11.85 1.65 12.28 1.67 9.24 1.51

GCS verbal response 3.32 0.67 3.48 0.71 2.30 0.46
Glucose (mg/dL) 141.54 48.34 140.72 49.67 146.81 39.78

Heart Rate (BPM) 86.67 10.08 86.14 9.91 90.03 11.13
Oxygen saturation (%) 97.98 11.50 98.23 12.61 96.44 4.39
Respiratory rate (BPM) 20.96 19.92 21.05 22.27 20.44 4.95

Systolic bp (mm Hg) 120.25 15.67 120.78 15.48 116.85 16.92
Temperature (C) 36.94 0.71 36.95 0.69 36.88 0.86
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Table A.16: Selected seeds from the MIMIC-III dataset. These five seeds are used to create
attribute-based test cases. Mean and SD represent the average and standard deviation
values of the particular attribute. Missing values were ignored for calculating the mean and
standard deviation.

Seeds 1 2 3 4 5
Attribute Mean SD Mean SD Mean SD Mean SD Mean SD
Diastolic

BP (mm Hg) 55.40 8.27 55.85 7.00 55.77 4.29 66.08 5.39 66.72 10.05

GCS eye
opening 4.00 0.00 4.00 0.00 4.00 0.00 4.00 0.00 4.00 0.00

GCS motor
response 6.00 0.00 6.00 0.00 6.00 0.00 6.00 0.00 6.00 0.00

GCS
total 15.00 0.00 15.00 0.00 15.00 0.00 15.00 0.00 15.00 0.00

GCS verbal
response 5.00 0.00 5.00 0.00 5.00 0.00 5.00 0.00 5.00 0.00

Glucose
(mg/dL) 118.75 13.84 153.70 22.60 97.00 8.19 126.50 7.33 109.00 21.21

Heart
Rate (BPM) 74.27 8.29 64.40 5.72 66.90 6.22 99.34 9.89 67.67 5.84

Mean
BP (mm Hg) 73.15 5.69 84.67 7.32 72.64 4.63 84.88 4.87 84.92 10.53

Oxygen sat.
(%) 96.71 1.68 96.81 1.13 98.51 2.01 99.06 0.91 95.10 1.79

Respiratory rate
(BPM) 15.33 3.87 16.33 3.50 17.07 2.11 15.52 3.38 14.22 2.83

Systolic
BP (mm Hg) 108.00 8.91 116.34 12.62 106.38 6.54 122.48 5.96 121.32 14.61

Temperature
(C) 37.38 0.37 36.97 0.56 37.41 0.27 37.21 0.27 37.52 0.50
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Table A.17: Average accuracy of machine learning models under various testing conditions
for in-hospital mortality prediction.

Single attribute
critical zone tests

Accuracy
Attributes LSTM CW-LSTM LR

Respiratory rate 64.67% 13.00% 59.00%
Temperature 58.97% 23.08% 46.15%
Diastolic BP 23.60% 23.60% 23.60%

Oxygen saturation 10.89% 10.89% 38.61%
Systolic BP 35.24% 30.00% 25.43%

Glucose 33.62% 33.62% 33.62%
Average accuracy of
single-attribute tests 37.83% 22.36% 37.74%

GCS 33.33% 33.33% 100%

Multiple attribute
critical zone tests

Zones
High critical zone 22.50% 40.10% 0.15%
Low critical zone 68.80% 98.40% 12.30%

Average accuracy of
multi-attribute tests 45.65% 69.25% 6.23%

Deteriorating condition tests Any critical zones 83.33% 66.66% 33.33%

Table A.18: Changes in neural zone activation values of the LSTM model. Values in columns
2 and 3 represent the average difference of a neuron’s activation score between two different
regions (critically low zone, normal zone, and critically high zone).

Test Attribute NZA(Low zone, normal zone) NZA(normal zone, high zone)
Temperature 0.16 0.01

Glucose 0.01 0.04
Diastolic blood pressure 0.02 0.01

Respiratory rate 0.01 0.14
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Table A.19: Average accuracy of MLP model under different test scenarios for 5-year breast
cancer survivability prediction.

Single attribute test

Positive lymph nodes examined
N stage Group (count) Accuracy

N0 0 100%
N1 (0, 4) 0%
N2 [4, 10) 0%
N3 >10 74.4%

Average 43.6%
CS Tumor size

T stage Group (mm) Accuracy
T0 0 100%
T1 (0, 20] 0%
T2 (20-50] 0%
T3 (50, 988] 0%

Average 25%
Grades

Grade stage status Seed Class Accuracy

1 Well
differentiated

Survived (C1) 96.97%
Death (C0) 48.67%

2 Moderately
differentiated

Survived (C1) 4.55%
Death (C0) 57.93%

3 Poorly
differentiated

Survived (C1) 7.44%
Death (C0) 65.77%

4 Undifferentiated Survived (C1) 6.66%
Death (C0) 63.86%

Average 43.98%

Double attribute test

Double Combinations Accuracy
T-N: Tumor size and

positive lymph node combination 92.97%

T-ENL: Tumor size and
number of examined lymph nodes 0%

N-ENL: Number of examined lymph nodes
and positive lymph node 19.6%

Average 37.52%

Triple attributes test

Three attributes
(T4, N3, Grade 4) Accuracy

Seed class survived (C1) 89.89%
Seed class death (C0) 98.92%

Average 94.41%
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Table A.20: Wasserstein distances between various training and testing datasets.

Training data Testing data Wasserstein
distances (avg)

Original MIMIC-III train set Original MIMIC-III test set 12.42
Original MIMIC-III train set Synthesized MIMIC-III multi-attribute test set 33.38
Original SEER BCS train set Original SEER BCS test set 2.1
Original SEER BCS train set Synthesized SEER BCS triple-attribute test set 9.75
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Figure B.1: Performance of the logistic regression and multi-layer perceptron models trained
on the original training set (BRFSS 2021).
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Figure B.2: Performance of the machine learning models trained on the original training set
(BRFSS 2021).



192 APPENDIX B. APPENDIX: CHAPTER 5

Figure B.3: Performance of the logistic regression model trained on resampled training set.
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Figure B.4: Performance of the enhanced-DP logistic regression model optimized for age
group 30-34 years patient group.
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Figure B.5: Performance of the enhanced-DP logistic regression model optimized for age
group 35-39 years patient group.
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Figure B.6: Performance of the enhanced-DP logistic regression model optimized for age
group 40-44 years patient group.
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