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ABSTRACT

HALEIGH NOELLE WEST-PAGE. Optimizing the ICU during epidemics:
developing frameworks supporting healthcare systems during public health

emergencies. (Under the direction of DR. KEVIN MCGOFF)

Public health emergencies like the COVID-19 pandemic motivate the development

of tools supporting the healthcare system. Mathematical modeling plays a role in

creating these frameworks aiding the healthcare system at multiple levels. In this

work, we explore how different models can optimize workflow and resources through

the intensive care unit in the face of an epidemic.

Decision support tools can provide clinicians with augmented views of their pa-

tients, allowing them to deliver precise medical care even during an emergency. At

the clinician level, we leverage machine learning to create decision support tools in

aiding patient classification. Using patient-level data, we explore the predictability

and interpretability of various machine learning models in their ability to classify

COVID-19 severity types. These models provide useful predictions and insight on

severely ill patients with COVID-19.

Public health emergencies place high levels of burden on the healthcare system,

especially the intensive care unit. Aiming to support the systemic level, we develop an

advanced framework simulating the intensive care unit under epidemic conditions.

Investigating the tradeoff between ICU capacity and clinician staffing levels when

constrained by an operating budget, we demonstrate a robust modeling foundation

for optimizing critical care resources. This flexible framework provides the space for

rich analysis of a diverse set of healthcare systems under various scenarios.
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CHAPTER 1: INTRODUCTION

Public health emergencies like the COVID-19 pandemic motivate the development

of tools supporting the healthcare system. Mathematical modeling plays a role in

creating these frameworks aiding the healthcare system at multiple levels. In this

work, we explore how different models can optimize workflow and resources through

the intensive care unit in the face of an epidemic.

1.1 Multi-feature clinical decision support

Accurately differentiating severe from non-severe COVID-19 clinical types is crit-

ical for the healthcare system to optimize workflow. Current techniques lack the

ability to accurately predict COVID-19 patients’ clinical type, especially as SARS-

CoV-2 continues to mutate. We explore predictability and interpretability of multiple

state-of-the-art machine learning (ML) techniques trained and tested under different

biomedical data types and COVID-19 variants.

Comprehensive patient-level data were collected from 362 patients (148 severe, 214

non-severe) with the original SARS-CoV-2 variant in 2020 and 1000 patients (500

severe, 500 non-severe) with the Omicron variant in 2022-2023. The data included 26

biochemical features from blood testing and 26 clinical features from patients’ clinical

characteristics and medical history. Different ML techniques, including penalized

logistic regression (LR), random forest (RF), k-nearest neighbors (kNN), and support

vector machines (SVM), were applied to build predictive models based on each data
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modality separately and together for each variant. Fifty randomized train-test-splits

were conducted per scenario and performance results were recorded.

The fusion (hybrid) characteristic modality yielded the highest mean area under

the curve (AUC), achieving 0.915, while the biochemical modality alone and the

clinical modality alone had AUCs of 0.862 and 0.818, respectively. All ML models

performed similarly under different testing scenarios and were robust when cross-

tested with original and Omicron variant patient data. Our models ranked elevated

d-dimer (biochemical), elevated high sensitivity troponin I (biochemical), and age

greater than 55 years (clinical) as the most predictive features of severe COVID-19.

ML is a useful tool for predicting severe COVID-19 based on comprehensive in-

dividual patient-level data. Further, ML models trained on the biochemical and

clinical modalities together witness enhanced predictive power. The improved per-

formance of these ML models when trained and cross-tested with Omicron variant

data suggests that ML may be used as a clinical decision support tool even as the

virus continues to evolve.

1.2 Modeling emergency preparedness in the healthcare system

Public health emergencies place high levels of burden on the healthcare system,

especially the intensive care unit. Aiming to support the systemic level, we develop

an advanced framework simulating the intensive care unit under epidemic conditions.

Healthcare systems are significantly impacted by health emergencies. During the

COVID-19 pandemic intensive care units (ICUs) experienced sudden high utilization

rates, resulting in the need to optimize workflow and resources. We explore the

queueing theoretic framework for modeling the ICU under different scenarios. We
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construct an expanded queueing theoretic model of the ICU with operating budget

constraints to find optimal resource allocation in various scenarios.

Assuming a Markovian arrival and departure process with reneging, we establish

a queueing theoretic model of an ICU. We expand the model by endowing it with

dynamic arrival and departure rates relevant to an epidemic. To this aim, we incor-

porate a deterministic disease transmission model of a novel pathogen through the

simulated community population surrounding the ICU. We add healthcare providers

as a secondary resource to the ICU who are susceptible to the novel pathogen. After

parameterizing the model with values found in published literature, we simulated

two facilities with different resource levels under various epidemic scenarios.

This framework may be able to identify optimal allocations of ICU clinicians and

beds when constrained by an operational budget under various conditions. This

framework can estimate the burden on an ICU assuming non-emergency conditions,

as well as two distinct community outbreak scenarios. Our model captures trends

for both low and high resource settings, including projected queue length, ICU uti-

lization, ICU capacity fluctuations, queue abandonment, and clinician illness. We

compare these trends between scenarios aiming to quantify the effect of the commu-

nity epidemic on the ICU.

This expanded queueing model provides a rich basis for a realistic model of the

ICU. Upon calibration and validation with real world data, this tool can provide in-

sight to hospital administrators and public health policymakers evaluating healthcare

systems for emergency preparedness.
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1.3 Structure of dissertation

This dissertation closely details the relevant work, methods, results, and discussion

of the two projects introduced above. The work done for creating data-driven clinical

decision support is explored in Chapter 2. The work done for establishing a queueing-

theoretic framework of the ICU to conduct scenario modeling is found in Chapter 3.

Final discussions and conclusions are drawn in Chapter 4.



CHAPTER 2: MULTI-FEATURE CLINICAL DECISION SUPPORT

2.1 Introduction

The COVID-19 pandemic caused by the SARS-CoV-2 virus has impacted health-

care systems everywhere. Since 2019, several major SARS-CoV-2 variants and sub-

variants have manifested, with the Omicron variant being the most persistent since

November 2021 [1]. A critical effect of the pandemic has been the sudden increased

burden on healthcare facilities, mostly hospitals. The influx of severe COVID-19

patients overwhelms intensive care units which results in increased mortality [2],

especially in regions with fewer health resources [3, 4].

In current clinical practice, patients with COVID-19 are typically classified as

having severe illness by features such as shortness of breath, low oxygen saturation,

and low PaO2/fraction of inspired oxygen. However these few features cannot suffi-

ciently distinguish between severe and non-severe types of patients with COVID-19,

as some severe types may lack these or any symptoms upon admission [5]. Without

suitable medical intervention, these severe types may progress quickly to a critical

condition, resulting in a high risk of mortality [6]. This uncertainty motivates a pre-

dictive method of patient types that is reliable and efficient, while also making use

of alternative features. Early determination of patient types may enable healthcare

professionals to improve their treatment plans and optimize facility resources.

The interest in integrating machine learning (ML) into general clinical practice
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has grown rapidly in recent years [7]. Particularly, studies of implementing ML as a

method for clinical decision support systems (CDSS) are ongoing. While these studies

have shown great potential, their greatest limitation is a lack of interpretability [7].

Given the weight of their decisions, clinicians are hesitant to rely on “black-box”

systems.

In response, the subfield of explainable artificial intelligence has emerged to pro-

vide clinicians with more transparent ML models [8]. This direction of work seeks to

incorporate mechanisms within ML pipelines that output both reliable predictions

and understandable decision processes. Early detection of COVID-19 patient sever-

ity using ML is often studied using a singular ML technique or data modality [9, 10].

Among the studies using multiple data types or ML techniques [11], many only uti-

lized data from the early waves of infection. Some attempts to provide interpretable

models were found [11], but many lacked this feature.

In this study, we investigated the performance and feature importance of various

ML techniques for COVID-19 severity prediction, and then we evaluated feature

modalities that provide the most predictive and reliable results. We trained ML

models employing different techniques with patient-level biochemical and clinical

feature modalities, both separately and together as a fusion modality. We applied

logistic regression (LR), decision tree-based random forest (RF), k-nearest neighbors

(kNN), and support vector machines (SVM), and we evaluated their abilities to

predict severe COVID-19. We developed these ML models from data collected from

original and Omicron COVID-19 patients to investigate model robustness across

different variants.
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2.2 Methods

Data collection

Our study uses two distinct datasets covering two time periods with distinct dom-

inant viral variants. All patients were confirmed to be positive for COVID-19 by

two independent quantitative reverse transcriptase-polymerase chain reaction (qRT-

PCR) tests before inclusion in this study. The first set includes 362 patients infected

with the original SARS-CoV-2 variant upon admission to Wuhan Union Hospital

in China from January to March 2020. This dataset was previously described and

analyzed by Chen et al. [5] and serves as a comparative baseline in this study.

Among these 362 patients, 148 were in severe condition according to guidelines

established by the National Health Commission of China and the American Tho-

racic Society [12, 13], while the remaining 214 were designated non-severe types.

Severe types were categorized by meeting at least one of the following criteria: (i)

respiratory rate >30 breaths per minute; (ii) oxygen saturation <93% at rest; or (iii)

PaO/fraction of inspired oxygen <300 mm Hg (40 kPa).

As this dataset contains data from patients infected by the original SARS-CoV-2

variant, this set is referred to as “original” in the rest of this study. The second

dataset consists of 1000 patients admitted to Wuhan Union Hospital in China from

December 2022 to January 2023, during which time patients were diagnosed with

the SARS-CoV-2 Omicron variant. Using the same guidelines outlined earlier, 500

of these patients were severe COVID-19 type, while the other 500 were non-severe

type.

All patients were comprehensively evaluated before being admitted to the hospi-
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tals. Their fully de-identified, anonymous biomedical data were extracted from the

electronic health record system. All participants were informed about the study,

agreed to participate, and signed written consent. An institutional review board

(IRB) application was submitted and approved by the Wuhan Union Hospital, Tongji

College of Medicine, Huazhong University of Science and Technology (IRB approval

#IEC-J-345), where the data were collected.

In our study, the input data were complete and without any missing feature data.

The de-identified patient information comprised two main modalities of biomedical

features. The first feature modality had 26 distinct laboratory testing features from

blood tests, most of which were continuous values of the readings. The specifics of

these tests are reported in detail in our prior study [5]. We refer to this feature

modality as “biochemical” hereinafter. The second is a total of 26 features of one-hot

encoded binary values indicating the presence of pre-existing conditions, comorbidi-

ties, symptoms, and other key risk factors such as demographic information. This

modality was referred to as the “clinical” features. A complete description of these

features across the two modalities is present in the supplementary materials of our

prior study [5].

Together, features from both modalities were appended into a single corpus of

de-identified patient data with 52 multi-modal features. This was referred to as

the “fusion” set, as it fused across the continuous, real-valued biochemical feature

modality and the binary clinical feature modality. We note that the specific fea-

tures of respiratory rate, oxygen saturation, and fraction of inspired oxygen were

excluded from our predictive feature list, as they were the original clinical standard
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to determine COVID-19 severity.

ML pipeline development, validation and interpretation

We developed, evaluated, and compared the performance of several state-of-the-

art ML classification techniques, including RF, kNN, and SVM. All ML techniques

were implemented as supervised binary classification problems. To acknowledge LR’s

popularity in the field [14, 15, 16, 17, 18, 19, 20], we included it as a benchmark

method. LR is generally sensitive to highly correlated variables, also known as

multicollinearity, making predictions less precise [21]. This technique is also rather

susceptible to overfitting, and thus it may be less capable of generalizing to unseen

prediction sets. A powerful method of reducing overfitting is through regularization

or penalization of regression. When LR is penalized (usually using l1 or l2 norms),

the multicollinearity issue can be reduced [16].

To contrast with LR, we evaluate RF, kNN, and SVM. RF is an ensemble learning

algorithm that adapts to nonlinearities within the data [22]. Within the “forest,”

each individual binary decision tree is built by recursively partitioning subsets of the

training data according to the features that yield the most information gain. Like

LR, RF is interpretable after training and is a frequent choice for CDSS tasks. The

kNN classifier assigns samples to their predicted classes with which they share the

most similarities, as determined by a chosen distance function [23]. This technique’s

performance depends on the choice of number of “neighbors” to the sample that the

algorithm consults when predicting a class. We included kNN since it is a popular

classifier due to its ease of use and effectiveness when dealing with larger datasets

[24]. Lastly, SVMs are classifiers trained to create boundaries between classes in
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the high dimensional feature space. SVM aims to maximize the distance between

samples of different classes. This decision boundary is referred to as a hyperplane,

and its geometry allows for application to both linear and non-linear problems. SVM

is also a frequent choice of classification algorithm for CDSS tasks [25, 26].

Utilizing Python 3.10 and a variety of ML-related libraries from Sci-Kit Learn

[27], we developed an end-to-end ML framework for each of the four classifiers to

predict COVID-19 severity types from patients’ clinical, biochemical, and fusion

feature modalities. A full list of packages is included in the Appendix. We provide

a graphical display of this pipeline in Figure 2.1.

The non-severe and severe COVID-19 types were labeled as 0 and 1, respectively.

Each classifier was constructed to predict the outcome (0 or 1) based on the input

features provided. For a given dataset, the corpus was first randomly partitioned

into training and hold-out testing sets by an 80% to 20% split, respectively. Each

feature type- biochemical, clinical and fusion were then preprocessed by a standard

scaler separately prior to training to ensure consistency across different features.

Following the scaling step, a grid search method of hyperparameter tuning was

utilized during training to maximize the ML model’s performance. The resulting

optimal hyperparameters for each classifier were detailed in the Appendix. Upon

completion, the model with trained hyperparameters was then applied to the 20%

hold-out data for testing. This process was repeated 50 times to generate different

random training-testing splits and hyperparameter searches, each resulting in an

independent model. To summarize, each model only witnessed 80% of a given dataset

for training, and was evaluated for its performance on the remaining 20% of unseen
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Figure 2.1: De-identified patient biomedical data were collected from Wuhan Union
Hospital from January to March 2020 (original COVID-19 patients n=362) and De-
cember 2022 to January 2023 (Omicron variant patients n=1000). The data were
grouped by their feature modality: biochemical, clinical or fusion. An 80:20 split was
performed to generate training and testing sets, respectively. Four classifiers were
developed and evaluated for their performance: LR=logistic regression, RF=random
forest, kNN=k-nearest neighbors, and SVM=support vector machine. Upon hyper-
parameter tuning, each classifier was validated with the same-variant hold-out set,
as well as the preprocessed cross-variant set.
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data. This process was conducted to avoid overfitting [28] and establish an average

performance for each setting.

ML classifiers’ performances were evaluated by the receiver operating characteristic

(ROC) curve and computing the area under the curve (AUC) of ROC. In this study,

AUC was selected as the main performance metric (as opposed to F-measure or

accuracy) because AUC has been shown to be more reliable than the other metrics

[29]. For both the original and Omicron variant data sets, we evaluated ML classifier

performance of training and testing on each modality separately and fused.

Each data set (binary clinical feature modality alone, continuous biochemical fea-

ture modality alone, and fusion modality that incorporates both feature modalities)

underwent the pipeline defined earlier. To evaluate the robustness of the developed

ML classifiers, we swapped and cross tested with testing data from the other vari-

ant. For example, models trained on the original SARS-CoV-2 variant data were

also tested with Omicron variant data, and vice versa: this process was mirrored

for classifiers trained on the Omicron variant data. For cross testing, the testing

data was standardized according to the scaling scheme from the classifier’s training

data. During cross testing, the entire corpus was used as a hold-out testing set, since

the classifiers were only trained with one variant and never trained with the other

variant’s data. The cross-set testing was evaluated for its performance exactly as the

same-set testing.

One of the advantages of certain ML classification techniques is their interpretabil-

ity in addition to performance. Of the classifiers that were developed in this study,

we gathered insights from LR and RF classifiers. The resulting feature coefficient
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vector obtained from training LR indicated what the classifier “learned” from the

data. This appears as the largest absolute coefficient corresponding to the most in-

fluencing feature in predicting the severe COVID-19 type [30]. Pertaining to RF,

feature importance was quantified and ranked by the feature’s mean decrease in

Gini impurity [31], which is commonly used in feature selection tasks [32]. During

RF’s training, these feature importances were computed using Sci-Kit Learn’s fea-

ture_importances_ package [31]. By averaging the feature rankings (i.e., importance

in predicting severe COVID-19 type) over 50 runs, we compared feature importance

identified by LR versus RF, as well as different feature importances between the

original and Omicron variant data. These comprehensive investigations enable us to

validate findings from the ML classifiers by cross-checking results with other studies

performing traditional statistical studies aimed at identifying predictive features of

the severe COVID-19 type.
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2.3 Results

ML classifier performance

Upon running each ML classifier pipeline for 50 independent repetitions, the aver-

age AUC value was calculated (Table 2.1). We validated that the computed average

AUC was equal to the AUC of the composite ROC curve, hence there is no need

for their distinction. These values were tabulated according to which SARS-CoV-2

variant dataset and modality were used for training each ML classifier. The stan-

dard deviations (SD) of the AUC did not exceed 0.06 across all testing scenarios. A

summary of the standard deviations is found in the Appendix.

Our tuned ML classifiers demonstrated overall high AUCs in predicting severe

COVID-19. The AUC scores can be found in Table 2.1. In general, ML models

trained from Omicron variant data performed the best across all scenarios. The

highest AUC among classifiers trained on Omicron data was 0.915, compared to the

original’s highest at 0.827. Performance of different ML classifiers trained on the

same dataset showed minor differences. All ML classifiers developed from either

original or Omicron data were almost indistinguishably accurate when tested on the

Omicron data.

Table 2.1: Area under the Receiver Operating Characteristic Curve (AUC) scores

ML method LR RF kNN SVM
Training Original Omicron Original Omicron Original Omicron Original Omicron

Modality Testing

Biochemical Original 0.667 0.681 0.678 0.739 0.608 0.664 0.671 0.676
Omicron 0.746 0.849 0.777 0.862 0.690 0.800 0.740 0.853

Clinical Original 0.720 0.768 0.708 0.757 0.668 0.735 0.728 0.808
Omicron 0.754 0.818 0.746 0.792 0.724 0.789 0.782 0.769

Fusion Original 0.749 0.754 0.697 0.763 0.692 0.733 0.739 0.749
Omicron 0.798 0.915 0.809 0.893 0.791 0.858 0.827 0.908
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For each ML classifier, ROC plots were generated for the same-variant and cross-

variant testings, yielding a total of 4 training-testing combinations (original-original,

Omicron-Omicron, original-Omicron, and Omicron-original, where the latter two

were cross-variant testings). Each ROC plot visualizes comparisons between the

three feature modalities (clinical alone, biochemical alone, and fusion). All 16 plots

are presented in the Appendix. For brevity, we discuss four graphs from RF in Figure

2.2. Each graph shows the composite ROC plot over 50 independent repetitions for

each modality. The shaded regions denote one standard deviation from the mean of

the true positive rate (TPR). The red, green, and blue lines represent the performance

of models with biochemical, clinical, and fusion feature modalities, respectively.

Classifiers trained with the fusion feature modality generally demonstrated higher

predictive power than either biochemical or clinical feature modality alone. The

clinical feature modality performed slightly worse than the fusion modality, while

biochemical feature modality alone had the least predictive power. Regardless of

ML classification technique, models trained and tested with original variant data ex-

perienced the largest variation in their performance. We note that this combination

also had the lowest performance of the four training-testing combinations. Classi-

fiers trained with original data had improved performance when cross-testing with

Omicron data.

Feature importance ranking

During each replication of the ML classifier, the feature coefficient vectors from

the tuned LR classifier and the mean decrease of Gini impurity score vectors from

the RF classifier were recorded and averaged after 50 replications. The averaged
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Figure 2.2: This figure shows the mean ROC curves plotted for each of the four
training-testing combinations. Each figure contains the ROC curve of each data
modality (biochemical-red, clinical-green, and fusion-blue.) Panel (a) plots the curve
of classifiers trained and tested on original data only (i.e., original-original combina-
tion). Panel (b) plots the curve of classifiers of the original-Omicron combination.
Panel (c) plots the curve of classifiers of the Omicron-original combination. Panel
(d) plots the curve of classifiers of the Omicron-Omicron combination.

coefficients were then used to identify important features that differentiate severe

from non-severe COVID-19 and to evaluate how different training data (original

or Omicron variant) and feature modalities influence the feature rankings. Note

that LR’s associated coefficient vector has real values, while RF’s reduction of Gini

importance is interpreted as probabilities in [0, 1].

In this study, feature importances were determined by the fusion modality, as fea-

ture fusion demonstrated the highest predictive power for severe COVID-19. These

feature importance rankings are presented in Figure 2.3. Regardless of ML classifiers
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(LR and RF) or SARS-CoV-2 variant, features such as d-dimer (DD; biochemical

modality), high sensitivity Troponin I (hsTNI; biochemical), and age > 55 years

(OLD; clinical modality) were consistently ranked in the top five most predictive

features for COVID-19 severity. Features that often appeared among the top ten

also include high sensitivity C-reactive protein (hsCRP; biochemical) and hyperten-

sion (HYP; clinical).

There were also some disagreements in feature rankings between the two tech-

niques. For instance, LR suggested a history of chronic obstructive pulmonary dis-

ease (CPD; clinical) as an important predictive feature of the severe COVID-19 when

trained on both the original and Omicron variant data, but CPD was not identified

as a top feature in RF. Conversely, only RF identified elevated lymphocytes (LY;

biochemical), ferritin (FERR; biochemical), and interleukin-6 (IL-6; biochemical) as

important features regardless of SARS-CoV-2 variants.

By comparing the feature rankings across variants, LR trained on the original

variant data identified low-, mid- and high-grade fever (LOD, MDF, HIF; clinical)

all among the top 10 most predictive features, while its counterpart trained on Omi-

cron variant data identified elevated procalcitonin (PCT; biochemical), percent of

neutrophil (NE.1; biochemical) and white blood cell (WBC; biochemical) as the

most predictive features. Such discrepancies in feature rankings were not observed

in results from RF classifiers trained on different variants’ datasets.

Lastly, there were some differences in the range of feature importance (quantified

by coefficients in LR and Gini impurity scores in RF) across the two variants. LR’s

feature coefficients on average fell in the range [-0.95, 2.30] for the original variant,
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whereas the range was [-0.70, 2.85] for the Omicron variant. Mean decreases of Gini

impurity were in the range of [0, 0.10] and [0, 0.12] for the original and Omicron

variants, respectively.

(a)

(b) (d)

(c)

Figure 2.3: This panel presents the feature importance rankings of the logistic regres-
sion (LR) and random forest (RF) models. Panel (a) plots feature weigh coefficients
for LR when trained on Original COVID-19 patient data. Panel (b) plots feature
weigh coefficients for LR when trained on Omicron COVID-19 patient data. Panel
(c) plots root features for RF when trained on Original COVID-19 patient data.
Panel (d) plots root features for RF when trained on Omicron COVID-19 patient
data.



19

2.4 Discussion

ML performance and interpretability

In this study, we evaluated the predictive power of multiple ML techniques when

utilizing different feature modalities. We also found differences in model performance

and interpretations across different SARS-CoV-2 variants. Overall, we found ML to

be a useful tool for predicting COVID-19 severity based on comprehensive individual

patient-level data. More importantly, we found that fusion of the biochemical and

clinical modalities enhanced the predictive power of all types of ML models evaluated

in this study. Models trained on multiple feature modalities have yielded the best

performance in nearly every performance metric across all testing sets. These mul-

timodal features are accessible by healthcare systems, especially with wide adoption

of electronic health record systems. Results can be obtained efficiently from these

systems, allowing the predictive ML model to be a fast and reliable CDSS tool to

identify patients with high risk of severe COVID-19 [33].

The similarity of performance between the four ML techniques evaluated in this

study suggests that the specific choice of modeling technique is not important for

the task of predicting severe COVID-19 types. In general, LR, RF, and SVMs all

showed relatively strong performance with their highest AUC scores being 0.915,

0.893 and 0.908, respectively. The kNN model exhibits the weakest performance of

the methods considered here, with its highest AUC being 0.858. This may be due to

the relatively small size of the datasets and requires further investigation with more

samples [24].

Since model interpretability is important to the integrability of these ML models
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into CDSS [7], LR and RF should be considered. The LR model offers the ana-

lyst information on which features are positively and negatively associated with the

risk of severe COVID-19. However, LR is susceptible to multicollinearity between

different features [21]. The RF model, on the other hand, is more resilient to the

multicollinearity issue in the input data [22]. The RF model’s reliability and robust-

ness are consistent with the results produced by other similar studies [5, 17]. Upon

validation, this study was among the first to use ML to identify critical biomedical

features with the most predictive power of differentiating severe COVID-19 patients

across different dominant variant phases.

The feature rankings provided by LR and RF are important for clinical decision

making and provide clues to COVID-19 pathology. Our study indicates that ele-

vated biomarkers such as D-dimer for coagulation, as well as hsTNI and hsCRP as

indicators for heart damage, are strongly associated with severe COVID-19. This

finding is compatible with other works which have shown that cardiovascular injury

due to COVID-19 is highly associated with severe disease and adverse patient out-

comes [34]. Other studies suggest that higher D-dimer is associated with higher risk

of progressing to severe stage [35]. Our findings also suggest that patients’ clinical

information such as being 55 years or older, or having pre-existing conditions such

as hypertension and COPD, could significantly increase the risk of progressing to

severe COVID-19. Other studies also agree that age and hypertension are major risk

factors for severe COVID-19 [36, 37, 38]. The identifications fit well within the work

towards constructing explainable ML pipelines as they provide clinicians with the

machine’s decision-making process [7].
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By identifying key risk factors associated with severe illness before its onset, ML

can give clinicians augmented views of patient information and the possibility of per-

sonalized treatment [39]. Throughout the COVID-19 pandemic, COVID-19 patients

in China were triaged based on their severity, in which severe types were treated at

separate facilities from the non-severe types [40]. The designated hospitals for severe

patients were part of a coordinated emergency response to the surge of infections. It

was reported that these response measures and designated facilities resulted in im-

proved recovery rates for severe patients [41]. These improved patient outcomes were

made possible by accurate differentiation of patient types throughout the epidemic.

When comparing important features between patients infected by original and

Omicron variants, we have identified an increase in the feature weight vector and

Gini impurity values, which have not been reported before. This finding suggests

that COVID-19 severity may have become more predictable in more recent variants.

This might explain the higher variability and lower performance of models trained

and tested on the original SARS-CoV-2 patient data. However, this claim requires

significant further research with larger datasets over more detailed timelines. We

also speculate that patient-level data may have higher quality in the Omicron wave

than the original variant. We pose a potential explanation for this difference in data

quality.

As previously mentioned, our data originates fromWuhan Union Hospital in China

in January to March 2020 and December 2022 to January 2023. Throughout the

epidemic, government responses to disease prevention and control, medical care pro-

tocols, and national guidelines changed regularly [40]. In particular, the pathology,



22

clinical manifestation, and diagnosis of SARS-CoV-2 evolved over this time frame

[42]. According to one study detailing the timeline of such changes, clinical treatment

protocols changed five times between January and March 2020 [42]. This same study

reports only one change during the window of December 2022 to January 2023. The

number of changes may be reflected in our data, as we found higher variability in

the models trained on the data collected early during the epidemic.

Limitations and future work

This study contains a variety of limitations. One hindrance to the generalizability

of this ML framework for clinical decision support is the lack of variation in the study

data samples. Due to the emergency of COVID-19, all biomedical data in this study

were taken at the individual’s time of admission to one healthcare facility, and most

patients were of the Han Chinese ethnicity group. The limited ethnicity coverage

could result in potential sampling bias, and the conclusions from this study might

only apply to the specific demographic groups.

While this study builds a ML framework and demonstrates its feasibility in COVID-

19 CDSS, it is necessary to further validate the findings (e.g., key influential clinical

and biomedical features) with larger scale multi-center studies across different re-

gions and different phases of the pandemic to increase patients’ representativeness

[43]. We plan to identify additional studies and/or collect new data when possible to

enhance data representation, especially across more demographic groups. Findings

from these future studies could further evaluate the robustness of the ML workflow

(e.g., whether there are further variations in influential feature sets), and lead to

new clinical discoveries and insights on the pathological mechanisms of COVID-19
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prognosis in different demographic groups.

Furthermore, the generalizability of this study is limited by the differences in

datasets. As mentioned earlier, our results witnessed differences in performances be-

tween the two sets, resulting in speculation that patient-level data may have higher

quality in the Omicron wave than the original variant. It is also possible that the

difference in cohort sizes and prevalence of severe cases influenced the models’ perfor-

mance metrics. Nevertheless, the two cohorts were obtained from the same hospital,

and we had carefully designed the inclusion criteria to make the two cohorts as com-

parable as possible, especially with regard to key risk factors such as gender and age.

Future research could improve this limitation by performing analysis on datasets

with fewer differences in size and prevalence.

Another limitation is that we were not able to evaluate ML model predictability for

other major SARS-CoV-2 variants, such as Alpha and Delta. Retrospective studies

are needed to comprehensively evaluate the robustness of the developed ML models

across different phases of COVID-19 with different dominant variants and subvari-

ants. These evaluations may be able to support or provide alternative hypotheses for

the higher variation in predictability in the earlier data as it was previously discussed.

Considering the importance of interpretability in ML for clinical decision support,

we acknowledge a limitation in our interpretation methods. For the RF models,

we calculated feature importance using the mean decrease in Gini impurity. Gini

impurity measures have been shown to be biased towards features with a high number

of possible split points [44]. This can often result in continuous features to be favored

over binary features when ranking their importance using an impurity measure. We
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acknowledge that this may have introduced bias to the random forest feature rankings

of the fusion models, as the biochemical features were continuously valued whereas

the clinical features were binary. This potential favoritism of the biochemical features

over the clinical features in our fusion models limits the clinical interpretation of our

feature ranking results.

Future research could overcome this limitation by using another method of feature

ranking. One potential method proposes an alternative way of constructing decision

trees during the training phase [45]. In this study, statistical methods are used to

pre-select the most informative and unbiased features for constructing the trees. As

reported by the study, this results in more accurate decision trees and a reduction

in the dimensionality of training data. Exploring these and other methods for debi-

asing feature rankings from random forest classifiers would provide an opportunity

to improve on this limitation.

There are a variety of future research directions suggested by this study. Notwith-

standing improvements made on the limitations previously discussed, we acknowledge

the existence of other emerging ML techniques worthy of investigation. Considering

the desire for explainable ML models, techniques with easily understandable decision

processes would be of the highest interest. Additionally, given the tentative promise

of LR as a predictive tool for COVID-19 CDSS, other regression techniques such as

the Lasso or Ridge regressions may be useful. Since the Lasso and Ridge regressions

are also interpretable, an analysis of the performance and feature importances of

these techniques may provide even more insight.

While we found the individual ML techniques to be predictive of severe COVID-19,
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investigating the power of advanced ensemble techniques may provide new analyses.

Explorations of ensemble techniques involving LR, RF, kNN, and SVM are showing

signs of predictive power for cardiovascular diseases using similar underlying datasets

to this study [46, 47]. These studies using ensemble techniques suggest that predictive

power is enhanced even when individual classifiers are not as robust [46, 47]. Our

study may find improved predictive power of severe COVID-19 by utilizing more

advanced ensemble methods beyond RF.

Further studies beyond investigating COVID-19 may shed light on the predictive

power of ML techniques from individual-level data collected from patients with other

respiratory illnesses. This is especially useful to healthcare systems inundated with

patients infected with various influenza strains or respiratory syncytial virus (RSV).

Using similar ML techniques and leveraging the power of transfer learning, our de-

veloped ML pipeline can be further applied to other diseases with similar underlying

datasets (e.g., clinical and biochemical). Connecting back with the goal of aiding

healthcare resource optimization, a potential application of this work is to simulate

burdens on the health system of an unexpected inflow of patients, some of whom are

severe patients and therefore need intensive care.

Another potential direction is the incorporation of more data modalities, such as

patient-level medical imaging (including X Ray and CT scans) and multi-omics data.

Due to the higher dimensionality of imaging modality in relation to the biochemical

and clinical modalities, more advanced ML techniques such as a deep convolutional

neural network (CNN) would need to be applied to handle such modalities.
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2.5 Conclusion

The ability to accurately differentiate patient types is crucial to clinicians treating

patients with a novel pathogen like COVID-19. During such emergencies, CDSS

tools can provide clinicians supplemental data and insights alongside their workflow.

We found that ML may be a useful component of the CDSS. Our ML pipeline

showed potential in its ability to accurately predict COVID-19 severity types even

across different variants of the illness. This opens the opportunity to study the

applicability and generalizability of using ML in CDSS for other known or emergent

severe illnesses.



CHAPTER 3: MODELING EMERGENCY PREPAREDNESS IN THE

HEALTHCARE SYSTEM

3.1 Introduction

Public health emergency preparedness is a vital aspect of the healthcare system.

Emergencies like the COVID-19 pandemic motivate efforts to optimize resource allo-

cation and prioritize healthcare personnel safety [48]. Critical care resources become

especially valuable as the influx of critically ill patients overwhelms intensive care

units (ICUs) during health emergencies [2]. The high demand for ICU resources ne-

cessitates hospitals and healthcare systems to address the challenges with capacity

and staffing levels [49].

Mathematical modelers have met this challenge with a variety of tools, one of which

being the Markovian queueing theoretic model [50, 49, 51, 52, 53, 54, 55]. Queueing

theory (QT) is the mathematical study of lines or “queues” in a service system,

originating from early telephone communication research done by A. K. Erlang [56].

Since 2004 [50], modelers have turned to the queueing system as a means to estimate

the necessary number of ICU beds to meet community needs. These models have

shown promise in accurately projecting the number of beds needed in the ICU to

meet community demands [50]. After finding QT to be a useful tool in projecting

ICU resources, researchers began studying models of various ICU structures using

QT. One study in 2015 compares the allocation of different beds for both high level
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critical patients and intermediate level critical patients to improve the distribution

of resources [49].

Soon after the emergence of SARS-CoV-2 causing the COVID-19 pandemic [1],

modelers turned to the queueing theoretic model to assess the preparedness of the

healthcare system [52, 53, 55]. Some used this framework to assess the number of

beds needed to care for critically ill patients infected with COVID-19 [53, 55]. Others

estimated the number of ventilators needed by incorporating disease transmission

models of COVID-19 to project the additional arrivals [52].

One aspect of the ICU that has not been modeled with QT is the burden placed

on healthcare providers. Clinicians, nursing staff, technicians and environmental ser-

vice workers face significant additional workplace risks during emergencies like the

COVID-19 pandemic [57]. During times of community disease spread, these health-

care providers face exposure to pathogen and are at risk of contracting illness [57].

The combination of high ICU utilization and decreased healthcare worker staffing

levels during an emergency can result in increased adverse patient outcomes [58] and

increased risk to the remaining staff [59].

We propose a novel queueing theoretic framework for incorporating healthcare

personnel into the simulated ICU. In this modeling framework, we aim to capture

the trade-off between ICU capacity and healthcare provider availability. Using this

model, we seek to aid in providing recommendations for resource allocation when

constrained by an operational budget. In this work, we demonstrate this model’s

ability to simulate various systemic trends and a diverse set of healthcare facility

types under multiple distinct scenarios.



29

3.2 Methods

Model foundation

QT is the mathematical study of lines or “queues” in a service system. The core

components of a queueing system are it’s arrival process, number of servers, departure

process, and queue discipline [60]. The arrival process describes the process by which

individuals arrive to the system. Arrivals may be scheduled or appear at random.

The number of servers describes the resources each individual uses before departing.

Some specific examples include the number of cashier lanes at a grocery store or

number of beds in a hospital ward. The departure process describes the process by

which individuals leave the system. This is often based on the average length of the

service time. Lastly, the queue discipline describes the rules by which individuals

wait in line or queue when there is not an available server. These rules determine the

size of the queue, which can be finite or infinite. They also determine how individuals

of the queue progress through the system as servers become available, with many

using the “first in, first out” rule. When applicable, queue disciplines may allow for

“reneging” or individuals abandoning the queue without service [61].

We describe a standard model of QT to provide the foundation of our model. These

standards are used in related works using QT for modeling the ICU [50, 49, 51, 52,

53, 54, 55]. Similar to these works, we made the following assumptions. We use a

continuous-time Markovian birth-death process to describe our arrival and departure

processes, respectively. The “births” or arrivals, are patients who are recommended

for admission to the ICU. This random process is a Poisson process with parameter

λ set equal to average number of patients admitted in a 24 hour period. To find
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the times between arrivals, a random variable can be drawn from an exponential

distribution with the same parameter λ as described in the equation below [61]:

p(t) = λe−λt. (3.1)

The number of servers n corresponds to the number of ICU beds. When patients

are recommended for admission, they are treated in an ICU bed if one is available.

If the unit is at capacity, patients wait in the queue for an available bed. Following

the “first in, first out” rule, the patient who is at the front of the line is the first to

be transferred to the ICU once a bed is available. We assume an infinite queue size.

The “deaths” or departures from the ICU follow a Markov process similar to that of

the arrivals. Times between departures are drawn from an exponential distribution

like Equation (3.1) with parameter µi described by

µi =


iµ; i ∈ [0, n)

nµ; i ∈ [n,∞).

(3.2)

The individual departure rate µ is the inverse of the average service time or patient

length of stay (LOS). We assume this value is the mean period between the patient’s

admission and discharge, either through recovery or mortality.

For a standard queueing system with n servers, the expected server utilization or

“traffic density” is calculated by the ratio

density =
λ

nµ
. (3.3)
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For this queueing system, there exists a unique stationary probability distribution

for patients waiting in the queue if and only if
λ

nµ
< 1 [60]. Otherwise, when this

ratio is greater than or equal to 1, this indicates the system is overburdened and we

expect the queue length to grow.

To acknowledge the importance of treating critically ill patients in a timely fashion,

our queue discipline allows for reneging. Patients may abandon the queue for a num-

ber of reasons such as recovering in a general ward within the hospital, transferring

to another facility, or suffering mortality [62]. We assume times between reneging

follow an exponential distribution according to parameter ρk calculated by

ρk = kρ; k ∈ [0,∞), (3.4)

where k is the number of patients waiting in the queue, and ρ is the probability

an individual will abandon the queue. Critically ill patients reneging for any of the

reasons mentioned earlier is the result of an overburdened system. Later in this

study, we analyze systems largely through their resulting accumulated abandonment

estimates.

While this system provides a strong modeling foundation, we extend this model

to account for the change in arrivals occurring during a community epidemic. These

additional features include time dependent arrival rates, patient type dependent

departure rates, and patient-to-healthcare provider transmission.
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Epidemic dependent arrival rates

The static arrival rates previously described cannot capture the sudden influx of

critically ill patients suffering from an infectious disease. To incorporate these ar-

rivals, we introduce an additive time dependent component to the arrival rate λ. To-

wards this aim, we simulate the spread of a novel pathogen through the community.

We aim to simulate a pathogen with characteristics similar to infectious respiratory

illnesses like respiratory syncytial virus (RSV), influenza, and ancestral SARS-CoV-2

(COVID-19). We simulate the spread using a deterministic compartmental model

of ordinary differential equations. We provide an overview of this model here; how-

ever those interested in or unfamiliar with this class of disease modeling may explore

these additional articles [63, 64, 65]. Consistent with other compartmental mod-

els of SARS-CoV-2 [66, 67] and influenza [68], the compartments of the simulated

population are Susceptible, Exposed, Infected, and Recovered/Removed.

We used the following system of equations to simulate the transmission of the

Table 3.1: SEIR compartment transition rate parameters and descriptions

Parameter Description (units)
β transmission coefficient (dimensionless)
α rate of transitioning from exposed to infected (inverse of latent period in days)
γ rate of transitioning from infected to recovered (inverse of recovery period in days)
N community population size (number of individuals)
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novel pathogen through the community

dS

dt
= −βSI

N
dE

dt
=
βSI

N
− αE

dI

dt
= αE − γI

dR

dt
= γI

where S + E + I + R = 1. The rate parameters directing the flow between each

compartment are described by Table 3.1.

The SEIR model is normalized by N for the community population size. We

parametrize this model with values considering parameter ranges found in published

literature. The basic reproduction numbers for these pathogens can vary spatially

and temporally. We chose a basic reproduction number of 2.73 to represent our hypo-

thetical pathogen, falling in the range for the three pathogens mentioned previously

[69, 70, 71, 72, 73]. We chose a mean incubation period (α) of 3 days [68, 74, 75, 76],

and a mean recovery period (γ) of 5 days [68, 77, 78]. We assume that individuals in

the Exposed class are not infectious. For this deterministic SEIR model, the basic

reproduction number R0 is given by [79]

R0 =
β

α
. (3.5)

Using this formulation for R0, we solve for the transmission coefficient β. The

initial conditions of the system are set as S(0) = 0.99, E(0) = 0.01, I(0) = 0, and
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R(0) = 0, meaning 1% of the population has been exposed to the pathogen and the

remaining 99% are susceptible.

Once the infection wave is simulated, at any given time during the Markov chain we

may access the estimated number of infected individuals. Assuming that a proportion

of these infections are critical (κ) yields the expected number of epidemic-related

patients that will arrive to the ICU. This dynamic arrival rate is referred to as

λepidemic(t). In order to integrate the normalized SEIR model into the queueing

framework, we calculate λepidemic(t) by the following:

λepidemic(t) = κN · I(t)

where N represents the size of the community population.

The baseline stream of non-epidemic related patients are still assumed to arrive

to the ICU at their static rate, λbaseline. To model both of these patient types, our

arrival rate λ(t) is described by

λ(t) = λbaseline + λepidemic(t). (3.6)

Thus in our adapted model inter-arrival times are drawn according to an exponential

distribution with parameter λ(t) defined by

p(t) = λ(t)e−λ(t)t.

When an arrival occurs, we distinguish the patient type according to the following
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probability

Arriving patient type =


0 w.p. λbaseline

λ(t)

1 w.p. λepidemic(t)

λ(t)
,

(3.7)

where 0 indicates the patient is non-infectious and 1 indicates the patient is infectious.

This arrival is placed in a bed if one is available, otherwise they wait in the queue.

As previously mentioned, our SEIR model is normalized by N for the community

population size. This approach allows us to hold the disease dynamics constant for

different scales of population. This choice is consistent with frequency-dependent

(FD) transmission modeling as opposed to density-dependent transmission modeling

[80]. By choosing the FD transmission approach, we avoid confounding effects of the

rate λepidemic(t) on our model outcomes.

By determining simulated patient types, we may see clearly the impact of the

surging infectious patients on the ICU system. We will be able to discuss the patient

composition of the queue, the ICU, and those who abandon the queue. This classi-

fication will also be necessary in our methods of implementing dependent departure

rates and patient to healthcare provider transmission.

Patient type dependent departure rates

Distinguishing patient types allows us to model different recovery times for each

type. In general, literature reviewing patient data found COVID-19 [77] and influenza

[81] patients had a longer average LOS in the ICU when compared to the overall

average LOS [82]. This poses the necessity to differentiate these types for the most

accurate parametrization of the departure rates.
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When a patient is placed in a bed, their patient type (0 or 1) is recorded. This

patient is either an arrival to the system or is next in line from the queue. Recall

that the patient type 0 is assumed non-infectious while the patient type 1 is assumed

infectious. Each type is assumed to have an average length of stay of either µ1 for

non-infectious or µ2 for infectious. Let i denote the number of non-infectious patients

and let j denote the number of infectious patients. Then the overall departure rate

µi,j is

µi,j =


iµ1 + jµ2; i+ j ∈ [0, n)

(n− j)µ1 + jµ2; i+ j ∈ [n,∞),

(3.8)

where i and j are non-negative integers. Thus in our adapted model inter-departure

times are drawn according to an exponential distribution with parameter µi,j. When

a departure occurs, the patient type is determined by the following probability

Departing patient type =


0 w.p. i

i+j

1 w.p. j
i+j
.

(3.9)

After this event occurs, the result is used to update i and j for the next time step.

Patient-to-healthcare provider transmission

Specialized healthcare providers, namely nurses and clinicians, are essential to the

function of the ICU. High utilization of the ICU during an epidemic poses risks

to healthcare providers. Particularly, providers are at risk of contracting a disease

when there is high prevalence of infectious patients. When staffing levels are reduced
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due to illness, the functionality of the ICU decreases. To model this, we introduced

healthcare providers as a secondary and susceptible resource to our queueing theoretic

system.

We implemented a minimum safe staffing ratio between patients and providers. For

simplicity one provider type is selected at a time, either nurses or clinicians, since

guidelines for these minimums is significantly different for these roles [83]. In our

model, we simulate transmission between patients and clinicians, but this framework

is adaptable to other provider roles. The maximum number of patients in the ICU

is given by n, the bed capacity of the unit. Each staff member is assigned up to r

patients per day. We assume a provider will work three 12 hour shifts in a week and

an absolute minimum of 5 providers is necessary to avoid overworking the staff while

maintaining constant 24/7 coverage. We arrive at the following calculation for the

total number of clinicians on staff H based on ICU capacity and the minimum safety

coverage:

H = max

(
5,

⌈
14

3

⌈n
r

⌉⌉)
. (3.10)

Conversely, this calculation can be rewritten to determine the maximum number

of patients that can be safely treated dependent on the number of available clinicians.

This effective ICU capacity n∗ is expressed by

n∗ = min

(
n,

⌊
3

14
brHc

⌋)
. (3.11)

If a clinician is unable to work their expected schedule with no substitute, then the
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number of available clinicians is reduced by one. At each time step, Equation (3.11)

is computed using the number of available clinicians. If the minimum is not met,

then the effective capacity of the ICU n∗ is decremented to meet the requirement.

Enforcing the minimum required providers for the ICU is necessary as we intro-

duce their susceptibility to an infectious disease. Staying within the continuous-time

Markov chain (CTMC) framework, we introduce the rate at which providers become

infected ηj calculated by

ηj = jη; j ∈ [0,∞), (3.12)

where j is the number of infectious, epidemic-related patients in the ICU and η is

the probability that an individual patient infects a provider. Times between patient-

to-provider transmission events are assumed to be exponentially distributed with

parameter ηj. The overall provider recovery rate νg is calculated by

νg = gν; g ∈ [0, H], (3.13)

where g is the number of inactive providers and ν is equal to the inverse of the

recovery period. Thus inter-recovery times for infected healthcare providers is drawn

from an exponential distribution with parameter νg.

Complete adapted model and scenario design

Altogether the arrivals, departures, abandonments, provider infections and provider

recoveries form the state space for our model. A visualization of the system archi-

tecture is displayed in Figure 3.1. To run a complete simulation of the CTMC, at a
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given time t all rates (λ(t), µi,j, ρk, ηj, νg) are updated. Then a time step δ is drawn

from Exp(σ) where

σ = λ(t) + µi,j + ρk + ηj + νg.

Once the current time is updated to t + δ, the event that occurs is chosen from the

following probability

Event at time t+ δ =



Arrival w.p.λ(t)
σ

Departure w.p.µi,j
σ

Abandonment w.p.ρk
σ

HCP infection w.p.ηj
σ

HCP recovery w.p.νg
σ
.

The event chosen occurs and all statuses are updated accordingly. Each run of the

full simulation models 365 days. 200 sample paths are completed before finding the

mean trajectory of the system. This model represents a single facility in which we

track the following trends over time: the length of the queue, ICU utilization and

capacity, queue abandonments, and available healthcare providers.
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Figure 3.1: This visualization of the queueing system displays the flow of patients
through our simulated ICU. Critically ill patients are requested for admission either
due to an epidemic related illness (λepidemic) or non-epidemic related illness (λbaseline),
such as surgery or trauma. Patients are placed in an ICU bed whenever possible. If
no beds are available, patients wait in an unlimited length queue. Patients may leave
the queue without ICU treatment (ρ) due to recovery in a general ward, transferring
to another facility, or suffering mortality. Patients in the ICU depart at a rate relative
to their patient type (µepidemic or µbaseline). Epidemic-related patients are considered
infectious and may infect healthcare providers (η). If enough healthcare providers
are ill and unable to work, the capacity of the ICU is reduced until they return (ν).
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Optimal resource allocation

The complete adapted model described above can be parametrized to represent

a wide range of single facility types. Through analysis of the queue abandonments,

different facility structures can be compared to determine their emergency prepared-

ness. To generate different facilities with similar amounts of resources, we propose

the following constraints and meta-parameters to our model.

For a given healthcare facility, suppose it has an operational budget U for the

ICU. All monetary values are assumed to be in USD. Let’s determine the optimal

allocation of healthcare providers and ICU beds during an emergency. Let a represent

the annual salary of a healthcare provider and b represent the annual cost of one

ICU bed. We also assume a percentage c of the operational budget is required for

constant costs. Recall earlier we noted that only one provider type, clinicians or

nurses, is selected to be susceptible to patient transmission due to the difference in

interactions with patients. We also note that annual salary between clinicians and

nurses is markedly different. For these reasons, we will select only one provider type

to optimize over at a time.

In our study, we chose to optimize over the number of clinicians and will include

nurse staff as another constant percentage cost d within the operational budget.

Thus the budget amount with which we will optimize over U is given by

U = (1− c− d)U.
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We set the constraint to be

U = aH + bn,

where H is the number of providers and n is the number of ICU beds. Thus we

define the complete resource optimization problem as

argmin
H,n

expected queue abandonments(H,n)

s.t. U = aH + bn.

(3.14)

We perform a grid search over H and n along with stochastic simulations to

estimate solutions to this optimization problem. Each single-scenario is simulated

over 200 sample paths. This “multi-facility” simulation allows us to capture degrees

of burden between these systems to find local and global minima. In addition,

by extending the limit of our grid to include combinations outside of the budget

constraint, we quantify the benefit of additional funds in terms of relative queue

abandonment reduction. This gradient array allows us to identify recommendations

for a given scenario, thus improving a facility’s emergency preparedness.

To demonstrate the capabilities of this model, we designed the following case

scenarios. For each one, systems are assessed by the number of queue abandonments

occurring during the simulated 365 days. We aim to compare the abandonment

rates and resource recommendations between a simulated high resource setting and

a low resource setting. Each facility will be simulated under three distinct scenarios.

A graphical representation of these scenarios is presented in Figure 3.3. The first

scenario, Scenario A, will represent a pre-epidemic baseline. During this phase, there
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is no wave of infectious patients. This will allow us to capture the typical behavior

of each system. The second scenario, Scenario B, will represent an outbreak of a

hypothetical novel pathogen as described earlier. Using the SEIR model calibrated

to this hypothetical pathogen from published literature, we will simulate the wave

of critically ill infectious patients. The third scenario, Scenario C, will represent an

outbreak of a hypothetical novel pathogen with a 20% increase in transmissibility

from the pathogen in Scenario B. The characteristics of the pathogen in Scenario C

will be the same as Scenario B, with the exception of a 20% increase to the basic

reproduction number, thus a 20% increase to the transmission coefficient β. Figure

3.2 displays the infection curves for each scenario, plotting the proportion of the

population that is infected over time.

Figure 3.2: This figure shows the simulated proportion of the community population
infected with a hypothetical novel pathogen over time. Scenario B represents a
pathogen with a basic reproduction number R0 = 2.73 (left). Scenario C represents
a pathogen with a basic reproduction number R0 = 3.28 (right).



44

Figure 3.3: Scenario A represents a pre-epidemic baseline where there is no wave
of infectious patients. Scenario B represents an outbreak of a hypothetical novel
pathogen, simulating a wave of critically ill infectious patients. Scenario C represents
an outbreak of a hypothetical novel pathogen with increased transmissibility. For A,
B, and C, these scenarios are applied to two simulated facility settings, one with a
high amount of resources and one with a low amount of resources.

Model parametrization and sensitivity analysis

This model depends on many values for parameterizing the queueing system, SEIR

compartmental model, and budget constraints. We conducted a search of the liter-

ature for parameter ranges using PubMed, Google Scholar, and Elicit. Ranges and

means were collected to design reasonable parameter settings for each of the case

scenarios described above.

Before parameter selection, we conducted analysis of the model’s sensitivity to per-

turbations in the baseline arrival rate λbaseline, baseline departure rate µ1, epidemic-

related departure rate µ2, queue abandonment rate ρ, patient-to-clinician transmis-

sion probability η, clinician recovery rate ν, and minimum staffing ratio 1/r on the
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resulting accumulated queue abandonments. Sensitivity testing was conducted sepa-

rately for both the high resource and low resource assumption, as the ranges for the

baseline arrival rate varies significantly between the two resource levels. The high

resource setting consisted of 15 clinicians with 35 ICU beds, while the low resource

setting consisted of 5 clinicians and 10 ICU beds. We conducted testing assuming

the initial outbreak scenario in order to analyze sensitivity on the epidemic-related

parameters.

A baseline of queue abandonments was established with models using the mean

values of the parameter ranges found from literature over 25 sample paths. The

mean and standard deviation of the accumulated abandonment counts served as the

baseline. To compare, one parameter at a time was selected to be altered, while all

other parameters were held at their baseline values. At the start, we used a coarse

method of testing the minimum and maximum of each parameter range. If the

resulting mean queue abandonments was within one standard deviation established

by the baseline model, we did not perform a fine analysis. For those parameters

which did not fit this description, we ran a finer method of sensitivity testing by

iterating over the entire parameter range.

We plotted the resulting queue abandonments for each parameter range to identify

trends. This analysis informed our selection of parameters for the case scenarios

discussed earlier. Upon completing sensitivity analysis, we chose parameters for

modeling the six scenarios according to Table 3.2.
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Table 3.2: Table of model parameters

Facility Parameters

Parameter Symbol High

resource

[Range] Low

resource

[Range] Units Source

ICU Budget U 2.6 · 107 [1.7 ·

107, 3.5 ·107]

5.0 · 106 [3.0 ·

106, 5.0 ·106]

USD [84]

HCP annual

salary

a 4.0 · 105 [2.0 ·

105, 4.0 ·105]

2.0 · 105 [2.0 ·

105, 4.0 ·105]

USD [85]

ICU bed

annual cost

b 1.5 · 105 [1.0 ·

105, 1.5 ·105]

1.0 · 105 [1.0 ·

105, 1.5 ·105]

USD [86]

Constant costs c 32% [30%, 35%] 32% [30%, 35%] % of budget [84]

Other staff

(not being

modeled) costs

d 28% [26%, 31%] 28% [26%, 31%] % of budget [85]

Scenario A: Baseline/Pre-epidemic

Parameter Symbol High

resource

[Range] Low

resource

[Range] Units Source

Arrival rate λbaseline 7.2 [4, 15] 2 [0.5, 7] patients per day [87, 88,

89]

Departure rate µ1 1/3.4 [0.059, 0.29] 1/3.4 [0.059, 0.29] reciprocal of mean

length of stay in

days

[82]

Queue

abandonment

ρ 0.12 [0.01, 0.17] 0.12 [0.01, 0.17] % transferred to

another facility

[62]

Coverage ratio

(HCP:patient)

1/r 1/9.3 [1/11, 1/8] 1/9.3 [1/11, 1/8] 1 clinician to 9.3

patients

[83]

Scenario B: Hypothetical epidemic outbreak

Parameter Symbol High

resource

[Range] Low

resource

[Range] Units Source

Arrival rate λbaseline 7.2 [4, 15] 2 [0.5, 7] patients per day [87, 88,

89]
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Departure rate µ1 1/3.4 [0.059, 0.29] 1/3.4 [0.059, 0.29] reciprocal of mean

length of stay in

days

[82]

Infectious

departure rate

µ2 1/8 [1/15, 1/4] 1/8 [1/15, 1/4] reciprocal of mean

length of stay in

days

[77]

Queue

abandonment

ρ 0.12 [0.01, 0.17] 0.12 [0.01, 0.17] % transferred to

another facility

[62]

Patient-HCP

pathogen

transmission

η 0.008 [0.005, 0.011] 0.008 [0.005, 0.011] dimensionless [57]

HCP recovery ν 1/5 [1/8, 1/4.1] 1/5 [1/8, 1/4.1] reciprocal of mean

recovery period in

days

[77, 90]

Coverage ratio

(HCP:patient)

1/r 1/9.3 [1/11, 1/8] 1/9.3 [1/11, 1/8] 1 clinician to 9.3

patients

[83]

Basic

reproduction

number

R0 2.73 [1.5, 6.49] 2.73 [1.5, 6.49] average secondary

infections per

infective

[69, 70,

71, 73]

Community

transmission

rate

β 0.5467 [0.300, 1.298] 0.5467 [0.300, 1.298] dimensionless [69, 70,

71, 73]

Pathogen

incubation rate

α 1/3 [1/4, 1/1.2] 1/3 [1/4, 1/1.2] reciprocal of mean

incubation period

in days

[76, 90]

Pathogen

recovery rate

γ 1/5 [1/8, 1/4.1] 1/5 [1/8, 1/4.1] reciprocal of mean

recovery period in

days

[77, 90]

Community

population

N 91,176 N/A 28,818 N/A number of people

in community

[91]

Proportion of

critically ill

infected

patients

κ 0.11% [0.013%, 3.2%] 0.11% [0.013%, 3.2%] % of infected

individuals

requiring critical

care

[92, 93]



48

Scenario C: Hypothetical epidemic outbreak with 20% increased transmissibility

Parameter Symbol High

resource

[Range] Low

resource

[Range] Units Source

Arrival rate λbaseline 7.2 [4, 15] 2 [0.5, 7] patients per day [87, 88,

89]

Departure rate µ1 1/3.4 [0.059, 0.29] 1/3.4 [0.059, 0.29] reciprocal of mean

length of stay in

days

[82]

Infectious

departure rate

µ2 1/8 [1/15, 1/4] 1/8 [1/15, 1/4] reciprocal of mean

length of stay in

days

[77]

Queue

abandonment

ρ 0.12 [0.01, 0.17] 0.12 [0.01, 0.17] % transferred to

another facility

[62]

Patient-HCP

pathogen

transmission

η 0.0096 [0.005, 0.011] 0.0096 [0.005, 0.011] dimensionless [57] +

20%

HCP recovery ν 1/5 [1/8, 1/4.1] 1/5 [1/8, 1/4.1] reciprocal of mean

recovery period in

days

[77, 90]

Coverage ratio

(HCP:patient)

1/r 1/9.3 [1/11, 1/8] 1/9.3 [1/11, 1/8] 1 clinician for 9.3

patients

[83]

Basic

reproduction

number

R0 3.28 [1.5, 6.49] 3.28 [1.5, 6.49] average secondary

infections per

infective

[69, 70,

71, 73]

Community

transmission

rate

β 0.6560 [0.300, 1.298] 0.6560 [0.300, 1.298] dimensionless [73] +

20%

Pathogen

incubation rate

α 1/3 [1/4, 1/1.2] 1/3 [1/4, 1/1.2] reciprocal of mean

incubation period

in days

[76, 90]

Pathogen

recovery rate

γ 1/5 [1/8, 1/4.1] 1/5 [1/8, 1/4.1] reciprocal of mean

recovery period in

days

[77, 90]
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Community

population

N 91,176 N/A 28,818 N/A number of people

in community

[91]

Proportion of

critically ill

infected

patients

κ 0.11% [0.013%, 3.2%] 0.11% [0.013%, 3.2%] % of infected

individuals

requiring critical

care

[92, 93]

Computing methods

This model was built in the Python coding language, version 3.8.8. A complete list

of packages used to support this model can be found in the Appendix. Local machines

are capable of completing high volumes of single-scenario simulations and a few runs

of multi-scenario simulations. However, a large number of runs for multi-scenario sim-

ulations requires a longer computing time than what is reasonable for the average lo-

cal machine. Therefore we used our institution’s high performance computing cluster

to decrease runtime when finding our results. A public link to our GitHub repository

for this study is available here: https://github.com/hnwestpage/ICU-simulator
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3.3 Results

Sensitivity analysis

We conducted analysis of the model’s sensitivity to perturbations in the baseline

arrival rate, baseline departure rate, epidemic-related departure rate, queue aban-

donment rate, patient-to-clinician transmission probability, clinician recovery rate,

and minimum staffing ratio on the resulting accumulated queue abandonments. Sen-

sitivity testing was conducted separately for both the high resource and low resource

assumption, as the ranges for the baseline arrival rate varies significantly between

the two resource levels. We conducted testing assuming the initial outbreak scenario

(Scenario B) in order to analyze sensitivity on the epidemic-related parameters. A

baseline of queue abandonments was established with models using the mean val-

ues of the parameter ranges found from literature over 25 sample paths. The mean

and standard deviation of the accumulated queue abandonment counts served as the

baseline.

We list the resulting mean queue abandonments of the baseline low resource sys-

tem, as well as the for the system with the minimum and maximum of each parameter

in Table 3.3. The system displayed sensitivity on the baseline arrival rate, baseline

departure rate (inverse of LOS), and infectious departure rate (inverse of LOS). All

three of these parameters yielded queue abandonments outside of one standard devi-

ation from the mean of the baseline system. The other parameters for queue aban-

donment, patient to HCP transmission, HCP recovery, and coverage ratio yielded

means within one standard deviation of the mean of the baseline system.

We list the resulting mean queue abandonments of the baseline high resource
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system, as well as the for the system with the minimum and maximum of each

parameter in Table 3.4. The system also displayed sensitivity on the baseline arrival

rate, baseline departure rate, and infectious departure rate. Like the low resource

setting, all three of these parameters yielded queue abandonments outside of one

standard deviation from the mean of the baseline system. The other parameters for

queue abandonment, patient to HCP transmission, HCP recovery, and coverage ratio

yielded means within one standard deviation of the mean of the baseline system.

Table 3.3: Course sensitivity analysis for the low resource setting

Parameter Min Max
λ ∈ [0.5, 7] 613 2292
(µ1)

−1 ∈ [2, 10] 920 1608
(µ2)

−1 ∈ [4, 15] 1067 1274
ρ ∈ [0.01, 0.1] 1191 1163
η ∈ [0.005, 0.011] 1192 1175
(ν)−1 ∈ [7, 10] 1187 1162
r ∈ [1

8
, 1
11
] 1172 1163

Baseline Mean SD
1185 45

Table 3.4: Course sensitivity analysis for the high resource setting

Parameter Min Max
λ ∈ [4, 15] 427 2676
(µ1)

−1 ∈ [2, 10] 568 2744
(µ2)

−1 ∈ [4, 15] 737 1066
ρ ∈ [0.01, 0.1] 943 983
η ∈ [0.005, 0.011] 966 963
(ν)−1 ∈ [7, 10] 951 954
r ∈ [1

8
, 1
11
] 969 948

Baseline Mean SD
957 49
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After identifying λ, µ1, and µ2 as sensitive parameters in both resource settings,

we performed the same testing method described earlier. We chose one parameter

at a time to modify within its range from the literature, and compared the result-

ing projected queue abandonments to the baseline identified previously. Since the

parameters identified were the same in both resource settings, we elected to conduct

sensitivity analysis within the high resource setting.

In the first subplot of Figure 3.4, we find that queue abandonment increases mono-

tonically with increased arrival rates. We notice a slight increase in slope at λ = 9,

which is close to the mean value for that parameter range, 9.5. In the second sub-

plot of Figure 3.4, we find that queue abandonment increases monotonically with

increased patient LOS. The values for queue abandonment appear to form an “S”

shape. In the third subplot of Figure 3.4 we also see that queue abandonment in-

creases monotonically with increased epidemic-patient LOS. However, this increase

is much less pronounced than that of the non-epidemic LOS in the second subplot.

This analysis informed our selection of parameters for the case scenarios discussed

earlier. Based on these results, we chose parameters for modeling the six scenarios

as detailed in Table 3.2.
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Figure 3.4: Fine-grain sensitivity analysis of baseline arrival rate, baseline departure
rate, and epidemic departure rate
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Low resource facility heatmaps and single models

We parametrized and simulated six total scenarios to demonstrate the queueing

framework’s various capabilities. These six scenarios compare a high and a low re-

source facility under three different conditions: a pre-epidemic baseline, an outbreak

of a novel respiratory pathogen, and an outbreak of a novel respiratory pathogen

with 20% increased transmissibility.

The high and low resource facilities are each constrained with an operating budget

and costs related to their resource availability. An array of resource allocation com-

binations is simulated with each combination running 200 sample paths. The mean

and standard deviation for each combination is calculated from the 200 sample paths.

The mean values are arranged in the array and displayed as a heatmap. A black line

representing the budget threshold of the facility is plotted over the heatmap, in which

combinations that are within the budget threshold appear below the black line.

Figure 3.5 showcases the mean accumulated queue abandonments for each scenario

within the low resource setting. For Scenario A (pre-epidemic baseline), the optimal

resource allocation was 5 ICU clinicians and 10 ICU beds yielding a mean of 21.73

(±8.85 SD) queue abandonments. During Scenario B (initial outbreak), the optimal

resource allocation was 5 ICU clinicians and 10 ICU beds yielding a mean of 177.39

(±23.07 SD) queue abandonments. In Scenario C (initial outbreak with increased

transmissibility), the optimal resource allocation was 5 ICU clinicians and 10 ICU

beds yielding a mean of 185.26 (±21.94 SD) queue abandonments.

Narrowing our focus to the low resource facility with 5 ICU clinicians and 10 ICU

beds, we turn our attention to the following trends of the system: mean patients in
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Figure 3.5: This figure displays the heatmaps of accumulated queue abandonments
simulated over 365 days of a low resource facility in three case scenarios. Scenario
A represents a pre-epidemic baseline in which there is no infectious disease among
the community population. Scenario B represents an outbreak of a novel respiratory
pathogen. Scenario C represents an outbreak of a novel respiratory pathogen with
a 20% increase in transmissibility. Areas of dark green indicate the relative lowest
accumulated queue abandonments, while areas of dark red indicate the highest.

queue, mean patients in ICU, mean accumulated queue abandonments, and mean

number of available clinicians. Figures 3.6, 3.7, and 3.7 show the same system of

5 ICU clinicians and 10 ICU beds under the three scenarios. Each panel displays

the simulated trajectories over 365 days. Light gray plots indicate the trajectories

of individual sample paths, while bold plots are the mean trajectories over all 200

sample paths. Solid line mean trajectories are used to plot total numbers of patients

tracked in the queueing system and the number of active ICU clinicians. Dashed line

plots are used to track epidemic-related (infectious) patients within the queueing

system.

Figure 3.6 Scenario A shows our low resource system under pre-epidemic condi-

tions. This scenario establishes the baseline behavior of the system. The behavior
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of all four aspects of the system are constant or linear. The average number of

patients in the queue is <1 while ICU utilization remains stable at 6.75 beds or

67.5% utilization of the 10 bed capacity. We note that the parameter enforcing the

maximum number of patients assigned to each clinician is set as r = 9.3. Since

the model strictly maintains the constraint for the effective ICU capacity given by

Equation (3.11), 5 clinicians may only service 9 patients. This is reflected as we

see the effective capacity (depicted as a dotted black line in Figure 3.6) drop to 9

and remain there for the duration of the simulation. Given this, the actual ICU

utilization maintains at 75% of the 9 bed capacity.

The number of infectious patients entering and departing the system remains at

zero in the absence of a community epidemic. The mean accumulated abandonments

by day 365 reaches 20.69 (±8.93 SD), consistent with the value given by the heatmap

in Figure 3.5. The number of active ICU clinicians remains constant, as there are

no infectious patients in the system to cause a transmission event. This constant

behavior is also reflected in the consistency of the ICU capacity, as it is dependent

on the number of active clinicians.
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Figure 3.6: This figure displays the simulated behavior of a Markovian queueing
model of an ICU with 10 beds. This low resource setting is simulated under the
conditions of Scenario A, the pre-epidemic baseline case. The first subplot graphs
the mean (solid red) and individual sample paths tracking the number of patients
in the queue. The second subplot graphs the mean (solid green) and individual
sample paths tracking the number of total patients in the ICU. The third subplot
graphs the mean (solid blue) and individual sample paths tracking the number of
total accumulated queue abandonments in the ICU. The fourth subplot graphs the
mean (solid purple) number of active clinicians assigned to the ICU.

Figure 3.7 Scenario B shows our low resource system under epidemic conditions.

This scenario shows the system burdened by the sudden influx of critically ill patients

infected with a novel pathogen. The behavior of all four aspects of the system reflects

the influence of the integrated SEIR model. The average number of patients in the
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queue peaks at 40.4 with 29.7 patients (73.5%) being infectious on day 38. The mean

queue behavior does not return to the system baseline value (<1) until day 88.

ICU utilization in Scenario B quickly exceeds capacity and remains over-saturated

between days 20 through 65. During this period, infectious patients dominate the

composition of the ICU accounting for 6.5 out of 8.6 (75.6%) of patients at peak

on day 50. The mean ICU utilization does not return to the system baseline value

(<6.75) until day 90.

Accumulated queue abandonments in Scenario B accelerates starting day 18 and

returns to the baseline rate at day 78. The mean total accumulated abandonments

by day 365 reaches 180.16 (± 20.79 SD), consistent with the value given by the

heatmap in Figure 3.5. The mean infectious patient abandonments reaches 93.07 (±

11.48 SD) on day 76 and remains unchanged for the rest of the simulation. This shows

that 51.7% of queue abandonments are attributed to infectious patients. The mean

number of active ICU clinicians fluctuates from days 10 through 100, falling below

a value of 4.8 from day 30 through day 67. The mean number of active clinicians

reaches a minimum value of 4.73 on days 51, 53, and 58.
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Figure 3.7: This figure displays the simulated behavior of a Markovian queueing
model of an ICU with 10 beds. This low resource setting is simulated under the
conditions of Scenario B, the initial outbreak case. The first subplot graphs the
mean number of total patients in the queue (solid red), as well as mean number of
infectious patients (dashed coral). The second subplot graphs the mean number of
total patients in the ICU (solid green), as well as mean number of infectious patients
(dashed light green). The third subplot graphs the mean number of total accu-
mulated queue abandonments (solid blue), as well as mean number of accumulated
abandonments who were infectious patients (dashed light blue). The fourth subplot
graphs the mean (solid purple) number of active clinicians assigned to the ICU.

Figure 3.8 Scenario C shows our low resource system under modified epidemic

conditions. This scenario shows the system burdened by the sudden influx of critically

ill patients infected with a novel pathogen 20% more transmissible than that of
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Scenario B. The average number of patients in the queue peaks at 47.2 with 36.2

patients (76.7%) being infectious on day 34. The mean queue behavior does not

return to the system baseline value (<1) until day 82.

ICU utilization in Scenario C quickly exceeds capacity and remains over-saturated

between days 16 through 60. During this period, infectious patients dominate the

composition of the ICU accounting for 6.8 out of 8.6 (79.1%) of patients at peak

on day 47. The mean ICU utilization does not return to the system baseline value

(<6.75) until day 90.

Accumulated queue abandonments in Scenario C accelerates starting day 15 and

returns to the baseline rate at day 70. The mean total accumulated abandonments by

day 365 reaches 185.13 (± 21.55 SD), consistent with the value given by the heatmap

in Figure 3.5. The mean infectious patient abandonments reaches 100.91 (± 12.24

SD) on day 66 and remains unchanged for the rest of the simulation. This shows

that 54.5% of queue abandonments are attributed to infectious patients. The mean

number of active ICU clinicians fluctuates from days 5 through 89, falling below a

value of 4.8 from day 35 through day 60. The mean number of active clinicians

reaches a minimum value of 4.76 on days 46, 51, and 55.
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Figure 3.8: This figure displays the simulated behavior of a Markovian queueing
model of an ICU with 10 beds. This low resource setting is simulated under the
conditions of Scenario C, the initial outbreak case with higher transmissibility. The
first subplot graphs the mean number of total patients in the queue (solid red), as well
as mean number of infectious patients (dashed coral). The second subplot graphs the
mean number of total patients in the ICU (solid green), as well as mean number of
infectious patients (dashed light green). The third subplot graphs the mean number
of total accumulated queue abandonments (solid blue), as well as mean number of
accumulated abandonments who were infectious patients (dashed light blue). The
fourth subplot graphs the mean (solid purple) number of active clinicians assigned
to the ICU.
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High resource facility heatmaps and single models

Figure 3.9 showcases the mean accumulated queue abandonments for each sce-

nario within the high resource setting. Within Scenario A (pre-epidemic baseline),

the optimal resource allocation was 15 ICU clinicians and 29 ICU beds yielding a

mean of 34.63 (±13.24) queue abandonments. Within Scenario B (initial outbreak),

the optimal resource allocation was 15 ICU clinicians and 29 ICU beds yielding a

mean of 575.34 (±40.66) queue abandonments. Within Scenario C (increased trans-

missibility), the optimal resource allocation was 15 ICU clinicians and 29 ICU beds

yielding a mean of of 603.35 (±43.17) queue abandonments. A summary figure of

the heatmaps for both the low and high resource settings is found in Figure 3.13.

Narrowing our focus to the high resource facility with 15 ICU clinicians and 29

ICU beds, we again turn our attention to the following trends of the system: mean

patients in queue, mean patients in ICU, mean accumulated queue abandonments,

and mean number of available clinicians. Figures 3.10, 3.11, and 3.12 show the

same system of 15 ICU clinicians and 29 ICU beds under the three scenarios. Each

panel displays the simulated trajectories over 365 days. Light gray plots indicate the

trajectories of individual sample paths, while bold plots are the mean trajectories

over all 200 sample paths. Solid line mean trajectories are used to plot total numbers

of patients tracked in the queueing system and the number of active ICU clinicians.

Dashed line plots are used to track epidemic-related (infectious) patients within the

queueing system.

Figure 3.10 Scenario A shows our high resource system under pre-epidemic con-

ditions. This scenario establishes the baseline behavior of the high resource system.
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Figure 3.9: This figure displays the heatmaps of accumulated queue abandonments
simulated over 365 days of a high resource facility in three case scenarios. Scenario
A represents a pre-epidemic baseline in which there is no infectious disease among
the community population. Scenario B represents an outbreak of a novel respiratory
pathogen. Scenario C represents an outbreak of a novel respiratory pathogen with
a 20% increase in transmissibility. Areas of dark green indicate the relative lowest
accumulated queue abandonments, while areas of dark red indicate the highest.

The behavior of all four aspects of the system are constant or linear. The average

number of patients in the queue is <1 while ICU utilization remains stable at 24

beds or 82.8% utilization. The number of infectious patients entering and departing

the system remains at zero in the absence of a community epidemic. The mean

accumulated abandonments by day 365 reaches 33.34 (±12.9), consistent with the

value given by the heatmap in Figure 3.9. The number of active ICU clinicians re-

mains constant at 15, as there are no infectious patients in the system to cause a

transmission event.
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Figure 3.10: This figure displays the simulated behavior of a Markovian queueing
model of an ICU with 29 beds. This high resource setting is simulated under the
conditions of Scenario A, the pre-epidemic baseline case. The first subplot graphs
the mean (solid red) and individual sample paths tracking the number of patients
in the queue. The second subplot graphs the mean (solid green) and individual
sample paths tracking the number of total patients in the ICU. The third subplot
graphs the mean (solid blue) and individual sample paths tracking the number of
total accumulated queue abandonments in the ICU. The fourth subplot graphs the
mean (solid purple) number of active clinicians assigned to the ICU.

Figure 3.11 Scenario B shows our high resource system under epidemic conditions.

This scenario shows the system burdened by the sudden influx of critically ill patients

infected with a novel pathogen. The behavior of all four aspects of the system reflects

the influence of the integrated SEIR model. The average number of patients in the
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queue peaks at 129.1 with 88.6 patients (68.6%) being infectious on day 40. The

mean queue behavior does not return to the system baseline value (<1) until day 94.

ICU utilization in Scenario B quickly exceeds capacity and remains over-saturated

from days 15 to 80. During this period, infectious patients dominate the composition

of the ICU accounting for 20.2 out of 27.2 (74.3%) of patients at peak on day 53.

The mean ICU utilization does not return to the system baseline value (<24) until

day 98.

Accumulated queue abandonments in Scenario B accelerates starting day 15 and

returns to the baseline rate at day 80. The mean total accumulated abandonments by

day 365 reaches 566.37 (± 42.81 SD), consistent with the value given by the heatmap

in Figure 3.9. The mean infectious patient abandonments reaches 287.67 (± 20.57

SD) on day 69 and remains unchanged for the rest of the simulation. This shows

that 50.8% of queue abandonments are attributed to infectious patients. The mean

number of active ICU clinicians fluctuates from days 7 through 88, falling below a

value of 14.8 from day 18 through day 76. The mean number of active clinicians

reaches a minimum value of 14.1 on days 47, 51, and 58.
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Figure 3.11: This figure displays the simulated behavior of a Markovian queueing
model of an ICU with 29 beds. This high resource setting is simulated under the
conditions of Scenario B, the initial outbreak case. The first subplot graphs the
mean number of total patients in the queue (solid red), as well as mean number of
infectious patients (dashed coral). The second subplot graphs the mean number of
total patients in the ICU (solid green), as well as mean number of infectious patients
(dashed light green). The third subplot graphs the mean number of total accu-
mulated queue abandonments (solid blue), as well as mean number of accumulated
abandonments who were infectious patients (dashed light blue). The fourth subplot
graphs the mean (solid purple) number of active clinicians assigned to the ICU.

Figure 3.12 shows our high resource system under modified epidemic conditions.

This scenario shows the system burdened by the sudden influx of critically ill patients

infected with a novel pathogen 20% more transmissible than that of Scenario B. The
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average number of patients in the queue peaks at 153.3 with 114.1 patients (74.4%)

being infectious on day 34. The mean queue behavior does not return to the system

baseline value (<1) until day 90.

ICU utilization in Scenario C quickly exceeds capacity and remains over-saturated

for days 13 through 69. During this period, infectious patients dominate the com-

position of the ICU accounting for 22.02 out of 27.4 (80.4%) patients on average at

peak on day 45. The mean ICU utilization does not return to the system baseline

value (24) until day 91.

Accumulated queue abandonments in Scenario C accelerates starting day 14 and

returns to the baseline rate at day 80. The mean total accumulated abandonments

by day 365 reaches 599.52 (±39.99), consistent with the value given by the heatmap

in Figure 3.9. The mean infectious patient abandonments reaches 322.41 (±22.27) on

day 65 and remains unchanged for the rest of the simulation. This shows that 53.8%

of queue abandonments are attributed to infectious patients. The mean number of

active ICU clinicians fluctuates from days 9 through 81, falling below a value of

14.8 from day 16 through day 71. The mean number of active clinicians reaches a

minimum value of 14.0 on days 48 and 49. A summary figure of each single scenario

model discussed here can be found in Figure 3.14.
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Figure 3.12: This figure displays the simulated behavior of a Markovian queueing
model of an ICU with 29 beds. This high resource setting is simulated under the
conditions of Scenario C, the initial outbreak case with higher transmissibility. The
first subplot graphs the mean number of total patients in the queue (solid red), as well
as mean number of infectious patients (dashed coral). The second subplot graphs the
mean number of total patients in the ICU (solid green), as well as mean number of
infectious patients (dashed light green). The third subplot graphs the mean number
of total accumulated queue abandonments (solid blue), as well as mean number of
accumulated abandonments who were infectious patients (dashed light blue). The
fourth subplot graphs the mean (solid purple) number of active clinicians assigned
to the ICU.
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Figure 3.13: Summary of heatmaps displaying the mean accumulated queue aban-
donments for a diverse array of resource allocations at both the low resource setting
(top) and high resource setting (bottom).
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Figure 3.14: Summary of single queueing models with the top row representing the
low resource setting and the bottom row representing the high resource setting. For
either facility, scenario A (baseline) is left, scenario B (initial outbreak) is middle,
and scenario C (increased transmissibility) is right.
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3.4 Discussion

Heatmaps

We simulated and analyzed six different scenarios to demonstrate the queueing

framework’s various capabilities. These six scenarios compare a high and a low re-

source setting under three different conditions: a pre-epidemic baseline, an outbreak

of a novel respiratory pathogen, and an outbreak of a novel respiratory pathogen with

20% increased transmissibility. Within this demonstration, we showed our model’s

ability to provide recommendations for resource allocations that minimize queue

abandonment during a simulated epidemic.

In both the high and low resource settings, mean accumulated queue abandon-

ments are noticeably higher in scenarios B and C compared to scenario A. In all

three scenarios, the optimal resource allocation paring remained consistent within

the resource setting, with 5 clinicians and 10 beds in the low resource facilities and

15 clinicians and 29 beds in the high resource facilities. This preference for a bal-

ance of resources over maximizing capacity is the result of the minimum staffing

requirements enforced by Equation (3.11) for n∗ .

We note that despite the difference between scenarios B and C being a 20% in-

crease in transmissibility of the novel pathogen, this did not result in a 20% increase

in queue abandonments. For the low resource facility the mean accumulated aban-

donments were 177.39 (± 23.07) and 185.26 (± 21.94) for scenarios B and C, respec-

tively. Likewise, for the high resource facility the mean accumulated abandonments

were 575.34 (± 40.66) and 603.35 (± 43.17) for scenarios B and C, respectively. In

either setting, while the means for scenario C are greater than those for scenario
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B, they are within the standard deviations of those means. This indicates that the

mean accumulated queue abandonments are not substantially different between sce-

narios B and C. Further, this suggests there is a non-linear relationship between the

transmissibility of the pathogen and the expected queue abandonments.

In our multi-facility simulations, we model resource allocations both within and

outside of the operating budget threshold. We chose not to exclude the extreme

cases that fall well-under or well-over the budget threshold for the sake of capturing

the full range of possible outcomes. Given this, we interpret these extreme resource

allocations as the most pessimistic or most optimistic settings. In settings where

there is an imbalance of clinicians and beds, particularly too few clinicians to meet

the needs of ICU capacity, we interpret this as being an ICU which lacks 24/7

coverage by a specialized clinician. Some studies have shown that this model for

an ICU in practice may result in a higher risk for patient mortality [94]. Another

interpretation of a facility with too few ICU clinicians is that the clinicians are over-

worked in order to meet the needs of the patients. This case also poses risks to the

patients, as literature shows that over-worked healthcare personnel is related to a

higher risk of patient mortality [58].

By modeling all possible resource configurations for a set budget, we can use the

outcomes to determine the optimal resource allocation to minimize queue abandon-

ments. Recall that queue abandonments may be interpreted as patients recovering

in a general medical ward, being transferred to another facility, or suffering from

mortality [62]. For a patient in critical condition, both recovery in the general med-

ical ward and transfer to another facility are associated with an increased risk in
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patient mortality [62]. We seek to avoid any of these events when possible. To use

the heatmaps as a tool for emergency preparedness, we provide an example of an

analysis for the low resource and high resource settings based on their suggested

optimal allocation.

Simulation for the low resource resource setting found that the ICU with 5 clin-

icians and 10 ICU beds minimized queue abandonments subject to the operating

budget constraint in all three scenarios. Recall that according to Equation (3.11)

for the minimum safe staffing levels, a staff 5 clinicians can only safely treat a max-

imum of 9 patients. To prepare for an emergency like scenario B, we can compare

the projected queue abandonments of (5,10) with its neighboring allocations. Recall

that the mean accumulated queue abandonments for the (5,10) facility was 177.39

(±23.07) in scenario B. In the same heatmap, if we add one clinician to yield a total

of 6 ICU clinicians with 10 beds, we reduce the projected queue abandonments to

155.27 (± 20.20).

This reduction is noticeable, but not fully outside of the standard deviation for

that expected value. The closest neighboring allocation that is less than one standard

deviation below the mean is the facility 6 ICU clinicians and 11 ICU beds, meaning

one additional clinician and one additional bed. In this case, we reduce the projected

queue abandonments to 142.32 (± 20.04). This a significant difference from the (5,10)

facility, as it reduced the expected abandonments by 19.8% for the cost of $300,000

according to Table 3.2.

To prepare for an emergency like scenario C, we again compare the projected queue

abandonments of (5,10) with its neighboring allocations. The mean accumulated
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queue abandonments for the (5,10) facility was 185.26 (±21.94) in scenario C. In the

same heatmap, if we add one clinician to yield a total of 6 ICU clinicians with 10

beds, we reduce the projected queue abandonments to 165.02 (± 20.79).

Like scenario B, this reduction is noticeable, but not fully outside of the standard

deviation for that expected value. By adding one clinician and one bed, yielding a

total of 6 ICU clinicians and 11 ICU beds, we reduce the projected queue abandon-

ments to 150.59 (± 20.75). This a significant difference from the (5,10) facility, as it

reduced the expected abandonments by 18.7% for the cost of $300,000 according to

Table 3.2.

Simulation for the high resource resource setting found that the ICU with 15

clinicians and 29 ICU beds minimized queue abandonments subject to the operating

budget constraint in all three scenarios. To prepare for an emergency like scenario B,

we can compare the projected queue abandonments of (15,29) with its neighboring

allocations. Recall that the mean accumulated queue abandonments for the (15,29)

facility was 575.34 (± 40.66) in scenario B. In the same heatmap, if we add one

clinician to yield a total of 16 ICU clinicians with 29 beds, we reduce the projected

queue abandonments to 561.62 (± 38.51).

This reduction is less noticeable, and well within the standard deviation for that

expected value. The closest neighboring allocation that is less than one standard

deviation below the mean is the facility with 16 ICU clinicians and 31 ICU beds,

meaning one additional clinician and two additional beds. In this case, we reduce

the projected queue abandonments to 528.34 (± 38.29). This a meaningful difference

from the (15,29) facility, as it reduced the expected abandonments by 8.1% for the



75

cost of $700,000 according to Table 3.2.

To prepare for an emergency like scenario C, we again compare the projected queue

abandonments of (15,29) with its neighboring allocations. The mean accumulated

queue abandonments for the (15,29) facility was 603.45 (± 43.17) in scenario C.

The closest neighboring allocation that is less than one standard deviation below

the mean is also the facility with 16 ICU clinicians and 31 ICU beds, meaning one

additional clinician and two additional beds. In this case, we reduce the projected

queue abandonments to 557.90 (± 42.14). This a meaningful difference from the

(15,29) facility, as it reduced the expected abandonments by 7.5% for the cost of

$700,000 according to Table 3.2.

Single models

After analyzing the multi-facility heatmaps, we simulated the optimal resource

allocation for both resource settings under the three scenarios. We note that even

during the pre-epidemic baseline, we see a non-zero number of patients in the queue

and patients abandoning the queue in both resource settings. This can be attributed

to the expected ICU utilization levels being 75% in the low resource facility and 82%

in the high resource facility. These utilization rates are high enough that due to the

randomness of the system, the system becomes strained even without a community

epidemic.

In general, we noticed a few consistent differences between scenario B and C in both

resource settings. In short, mean projected values for peak queue length, percent of

infectious patients in the queue and ICU, and queue abandonments were slightly

higher in scenario C than B. Additionally, the periods of time where the system
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fluctuates outside of its expected baseline behavior tend to occur earlier in scenario

C than scenario B. This reflects the difference in the disease dynamics between the

pathogens simulated in the two scenarios as seen in Figure 3.2. In this discussion

section, we perform a pairwise comparison of the notable values given by the single-

facility models.

First, we compare trends in the queue. In the low resource facility, there were

more patients waiting in the queue at peak in scenario C (47.2) than scenario B

(40.4). Additionally, we found that the queue reached its peak length 4 days earlier

in the simulated timeline in scenario C (day 34) than scenario B (38). At this peak

day, infectious patients accounted for slightly more of the total number of patients

in the queue for scenario C (76.7%) than scenario B (73.5%).

In the high resource facility, we also found there were more patients waiting in

the queue at peak in scenario C (153.3) than scenario B (129.1). Similar to the low

resource facility, we found that the queue reached its peak length 6 days earlier in

the simulated timeline in scenario C (day 34) than scenario B (day 40). At this peak

day, infectious patients accounted for slightly more of the total number of patients

in the queue for scenario C (74.4%) than scenario B (68.6%).

Next, we compare trends in the ICU utilization. In the low resource facility, the

ICU reaches capacity 4 days earlier in scenario C (day 16) than scenario B (day 20).

We see that the system returns to baseline 5 days earlier in scenario C (day 60)

than scenario B (day 65). In both scenarios B and C, the ICU capacity reaches a

minimum of 8.6. However, the mean composition of infectious patients in the ICU

is slightly higher in scenario C (79.1%) than scenario B (75.6%).
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In the high resource facility, the ICU reaches capacity 2 days earlier in scenario

C (day 13) than scenario B (day 15). We see that the system returns to baseline

11 days earlier in scenario C (day 69) than scenario B (day 80). In scenarios B and

C, the ICU capacity reaches a minimum of 27.2 and 27.4, respectively. The mean

composition of infectious patients in the ICU is slightly higher in scenario C (80.4%)

than scenario B (74.3%).

Next, we compare the trends in the accumulated queue abandonments. In the low

resource facility, queue abandonments begin to accelerate 3 days earlier in scenario

C (day 15) than scenario B (day 18). We see that the abandonment rate returns

to baseline 8 days earlier in scenario C (day 70) than scenario B (day 78). Queue

abandonments are slightly higher in Scenario C (100.91) than Scenario B (93.07). The

mean composition of infectious patients is also slightly high in Scenario C (54.5%)

than Scenario B (51.7%).

In the high resource facility, queue abandonments begin to accelerate 1 day earlier

in scenario C (day 14) than scenario B (day 15). We see that the abandonment

rate returns to baseline around the same time (day 80). Queue abandonments are

slightly higher in Scenario C (322.41) than Scenario B (287.67). As seen with the

low resource setting, the mean composition of infectious patients is also slightly high

in Scenario C (53.8%) than Scenario B (50.8%).

Lastly, we compare trends in the mean active clinicians. In both resource settings,

the minimum average number of clinicians in each resource setting is about the

same for both scenarios. However, the projected times at which these minimums

are reached are slightly different. In the low resource setting, the minimum number
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of clinicians in scenario B (4.73 out of 5) is reached on days 51, 53, and 58. This

is slightly later than when the number of active clinicians reaches a minimum in

scenario C (4.76 out of 5) on days 46, 51, and 55. We see a similar pattern in the

high resource setting. In this simulated facility, the minimum number of clinicians in

scenario B (14.1 out of 15) is reached on days 47, 51, and 58. This is about the same

if not slightly later than when the number of active clinicians reaches a minimum in

scenario C (14.0 out of 15) on days 48 and 49.

Sensitivity analysis

Sensitivity analysis showed model sensitivity to the baseline arrival rate, the base-

line departure rate, and the epidemic departure rate. This result aligns with the

foundation of the queueing model, particularly the traffic density ratio,
λ

nµ
. Pertur-

bations in these three rates can drastically change this ratio, especially the departure

rates. We see slightly less sensitivity in the epidemic departure rate. We hypothesize

that this is due to the short time in which epidemic related individuals arrive to the

ICU, contrasted by the static non-epidemic arrivals. Sensitivity to these fundamental

model parameters suggests high importance in accurate parametrization.

We evaluated the sensitivity of this model on a subset of its parameters. We did

not test the sensitivity on meta-parameters such as the ICU budget and cost vari-

ables. This aspect is partially captured by our multi-facility heatmaps they represent

different budgets. Using these heatmaps, we can interpolate model projections based

on changes in budget or hospital cost parameters by redrawing the budget thresh-

old line. We also did not evaluate model sensitivity on the SEIR parameters, such

as pathogen incubation or recovery periods. While we compared two transmission
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coefficients, this is insufficient for generalization.

Limitations and future work

There are several limitations and opportunities for future work generated by this

study. The first limitation to discuss is the error generated by 200 sample paths. This

is referred to as the Monte Carlo simulation error caused by stochastic variability.

The standard error (SE) is calculated by

SE =
1√
M

where M is the number of sample paths. By setting M = 200, we expect that

SE = 0.070711 or around 7.1%. This error may introduce confounding effects in

the trends we identified comparing the high and low resource settings, as well as

scenarios B an C. To improve this error to a lower threshold, a larger set of sample

paths is necessary.

We accepted a 7.1% error for 200 runs based on another limitation of this model.

To generate a high resource heatmap, it required 109.9 hours of computation time on

a high performance computing cluster. This could be improved through moderate

to major restructuring of the code for better parallelization. More parallelization of

tasks would reduce the runtime allowing for a larger number of sample paths, thus

reducing the SE.

This model directly depends on the simulated disease transmission within the com-

munity population. We introduced this dependence with a standard deterministic

model of the disease spread. In future studies, this framework could be improved by
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introducing a time-delay component when estimating the number of infected indi-

viduals arriving to the ICU. Currently, the model assumes a proportion of infected

individuals at time t will arrive to the ICU at that same time. We acknowledge that

this simplification does not reflect reality. The lack of time-delay limits the strength

of our reported peak times of system stress. Introducing a time-delay between the in-

fection curve and the epidemic related arrivals may provide a more robust projection

of the timing and degree of stress on the healthcare system.

Future work can also improve this framework by exploring more advanced mod-

els of community disease transmission. Particularly, this model may be applied

to one of the specific pathogens mentioned earlier, thus providing the opportunity

for customization and a robust validation. Our results would be more informative

when using disease transmission models that incorporated realistic pathogen specific

phenomenons such seasonality, or control measures like social distancing and vacci-

nation. This advancement would potentially provide more accurate projections and

recommendations. At the same time, more advanced disease models may introduce

new parameters the model may be sensitive to. Improvements on this framework

may require further analysis of the model’s sensitivity to inputs from the simulated

disease transmission.

Our method of sensitivity analysis may not provide enough information about the

sensitivity of the framework to certain parameters.

While we performed both a course and fine grain analysis, future work may ex-

plore model sensitivity using finer parameter ranges. In particular, we tested mostly

only integer values for the baseline arrival rate and patient length of stay. A finer
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analysis testing rational non-integer parameter values may provide a more informa-

tive result. An addition, we did not test the framework’s sensitivity to parameters

associated with the SEIR model. In future works, new analyses on model sensitivity

to transmission rate, latent period, and recovery period will provide information to

fill this knowledge gap.

We also acknowledge a potential limitation in our method of conducting sensitivity

analysis. In our course analysis, we did not identify the individual queue abandon-

ment rate (ρ) as a sensitive parameter. This conclusion was drawn by observing

the estimated maximum and minimum queue abandonments to be within one stan-

dard deviation of the mean baseline model. However during experimentation, we

noticed non-monotonic behavior in queue abandonments when testing various values

for ρ. We hypothesize that extreme low and extreme high values for ρ may result in

equivalent values for the overall system queue abandonment rate, ρk.

To highlight the reasoning for this hypothesis, recall Equation (3.4) from our de-

scription of the queueing foundation, ρk = kρ where k is the number of patients

waiting in the queue. Consider two M/M/n systems with individual queue aban-

donment rates, ρlow < ρhigh, and λ, µ, n held the same. For the system given ρlow, we

initially expect to observe fewer queue abandonments than those observed in the sys-

tem given ρhigh. However depending on server utilization, the queue may build more

quickly resulting in an increased overall abandonment rate, ρk. Similarly, for the

system with ρhigh, we initially expect to observe more queue abandonments than the

system with ρlow. But depending on the same server utilization, the higher individual

abandonment rate may prevent the queue length from growing as large.
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In either case, we acknowledge this feedback loop between the choice of ρ and

the estimated queue abandonments. This non-monotonic behavior is not yet fully

understood, and requires significant further investigation. Future work can reveal the

relationship between the individual and system queue abandonment rate through a

thorough sensitivity analysis over ranges of not only ρ, but also λ, µ, and n.

As previously mentioned, we parametrized this model with values obtained through

a thorough search of published literature. While we designed these resource settings

and epidemic scenarios with realism as the first priority, many choices were based on

the model’s sensitivity to certain parameters. We found wide and varied ranges for

parameters such as the arrival and departure rates, of which this model is sensitive

to. Because this calibration of the model does not represent a unique hospital system,

we should treat these results as a demonstration and not a direct recommendation.

In order to move towards a direct application of this framework, in the future we

aim to work with published public health data of case counts and hospitalizations

during the COVID-19 pandemic in the United States. Specifically using hospital

data from [COVID-19 Reported Patient Impact and Hospital Capacity by Facility

[95]], we aim to estimate the system parameters such as the arrival and departure

rates to calibrate the model. We can also use this data to validate the model by

comparing the projections with the actual values. This will also lead to a more

robust quantification of the error and biases our framework may generate.

Pertaining to parameterization and model calibration, we acknowledge this frame-

work relies on prior knowledge of the disease dynamics and pathology, which might

not be available before or at the beginning of a public health emergency. In practice,
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this model requires parametrization using forecasted values. Given the model’s sen-

sitivity to the projected infectious patients and their length of stay, this may render

the resource allocation predictions less reliable. As previously mentioned, further

uncertainty quantification and reduction of error would be required to combat this

challenge.
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3.5 Conclusion

The evolving threats to public health and the healthcare system necessitate ac-

curate understandings of emergency preparedness. Healthcare resources, specifically

critical care beds and healthcare personnel, must be allocated in ways that prevent

adverse patient outcomes and risk to healthcare providers. We attempted to de-

velop a queueing theoretic framework that addresses these challenges. Our expanded

queueing system can provide recommendations for optimal resource allocation for a

wide variety of resource settings and public health emergencies. With further val-

idation and calibration, this flexible framework may be a useful component in the

ICU’s emergency preparedness toolkit.



CHAPTER 4: CONCLUSIONS

Informative tools supporting the healthcare system, particularly the ICU, are es-

sential during a public health emergency. Developing and adapting these tools comes

with many challenges. In this work, we have shown considerable promise in using

ML and QT to support functions of the healthcare system.

We found that ML can be a useful tool for classifying COVID-19 patient types

using individual patient-level data. This data is readily available to the clinician with

the adoption of the EHR system. Further, we found evidence that ML models trained

on the multiple data modalities display enhanced predictive power. The evidence we

found in this study suggests that ML may be a helpful support tool even as the virus

continues to mutate.

Additionally, we found that QT can be adapted to support modeling efforts to-

wards healthcare system emergency preparedness. Building on the previous work

modeling the ICU with QT, we created a highly flexible framework suited to sim-

ulating emergency conditions. This framework accounts for two levels of modeling

perspectives, as it simulates both single and multiple facilities. Using values from

literature creating various scenarios, our framework identified optimal allocations of

ICU clinicians and beds when constrained by an operational budget.
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APPENDIX A: MULTI-FEATURE CLINICAL DECISION SUPPORT

A.1 Tables

Table A.1: Standard Deviations of Area under the Receiver Operating Characteristic
Curve (AUC)

ML method LR RF kNN SVM
Training Original Omicron Original Omicron Original Omicron Original Omicron

Modality Testing

Biochemical Original 0.044 0.007 0.057 0.012 0.057 0.010 0.045 0.007
Omicron 0.026 0.022 0.029 0.027 0.034 0.023 0.033 0.022

Clinical Original 0.061 0.006 0.054 0.012 0.060 0.011 0.043 0.007
Omicron 0.057 0.023 0.024 0.030 0.015 0.024 0.031 0.024

Fusion Original 0.051 0.007 0.055 0.014 0.056 0.008 0.044 0.009
Omicron 0.058 0.021 0.043 0.019 0.027 0.023 0.044 0.020

Table A.2: Imported packages for ML pipeline

Package name Purpose in code
csv Allows data retrieval from .csv files
pandas Transform data into Pandas dataframes
numpy Mathematical computations
matplotlib generating graphical displays
sklearn.preprocessing Utilization of data scalars
sklearn.model_selection Utilization of train_test_spit and GridSearchCV
sklearn.linear_model Initializes Logistic regression
sklearn.ensemble Initializes RandomForestClassifier
sklearn.neighbors Initializes KNeighborsClassifier
sklearn.svm Initializes SVM
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Table A.3: Frequent hyperparameters selected during ML model training by variant
and data modality

Model Hyperparameters
Logistic Regression trained on original variant
Hyperparameters tested Biochemical preferred Clinical preferred Fused preferred
penalty None l1/l2 l1
Logistic Regression trained on Omicron variant
Hyperparameters tested Biochemical preferred Clinical preferred Fused preferred
penalty None None/l1 None/l1
Random Forest trained on original variant
Hyperparameters tested Biochemical preferred Clinical preferred Fused preferred
N_estimators (mean) 8 7 7
Max_depth (mean) 5 5 5
criterion log_loss entropy/log_loss gini/log_loss
Random Forest trained on Omicron variant
Hyperparameters tested Biochemical preferred Clinical preferred Fused preferred
n_estimators (mean) 9 8 9
max_depth (mean) 8 6 6
criterion log_loss gini log_loss/gini
k-Nearest Neighbors trained on original variant
Hyperparameters tested Biochemical preferred Clinical preferred Fused preferred
n_neighbors 8 9 10
weights No preference No preference Uniform
metric cosine cosine cosine
k-Nearest Neighbors trained on Omicron variant
Hyperparameters tested Biochemical preferred Clinical preferred Fused preferred
n_neighbors 8 9 10
weights distance distance distance
metric cosine cosine cosine
Support Vector Machine trained on original variant
Hyperparameters tested Biochemical preferred Clinical preferred Fused preferred
kernel linear sigmoid sigmoid
Support Vector Machine trained on Omicron variant
Hyperparameters tested Biochemical preferred Clinical preferred Fused preferred
kernel linear sigmoid linear/rbf
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A.2 ROC plots

Figure A.1: ROC plots from Logistic Regression (LR) models
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Figure A.2: ROC plots from k-Nearest Neighbors (kNN) models
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Figure A.3: ROC plots from Support Vector Machine (SVM) models
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A.3 Feature Importances

Figure A.4: Feature importances identified by LR model trained on original bio-
chemical data only
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Figure A.5: Feature importances identified by LR model trained on original clinical
data only
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Figure A.6: Feature importances identified by LR model trained on Omicron bio-
chemical data only
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Figure A.7: Feature importances identified by LR model trained on Omicron clinical
data only
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Figure A.8: Feature importances identified by RF model trained on original bio-
chemical data only
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Figure A.9: Feature importances identified by RF model trained on original clinical
data only
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Figure A.10: Feature importances identified by RF model trained on Omicron bio-
chemical data only
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Figure A.11: Feature importances identified by RF model trained on Omicron clinical
data only
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APPENDIX B: MODELING EMERGENCY PREPAREDNESS IN THE

HEALTHCARE SYSTEM

B.1 GitHub Link

Our code can be found at: https://github.com/hnwestpage/ICU-simulator
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