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Abstract. The first author previously conducted an empirical review of the 

constructs for determining triage recommendations for COVID mass casualty 

incidents (MCIs).  This research aims to continue that previous study and to 

implement a novel clustered Bayesian 3D-CNN model for predicting COVID-19 

MCI triage classification. An experimental research method is used here. Data were 

collected from the databases of the COVID Tracking Project, Oxford COVID-19 

Government Response Tracker, and OxCGRT. The data samples were then 

integrated to construct a dataset with the three dominants of severity of infection 

(signs and symptoms of coronavirus), likelihood of spreading (attitudes towards 

pandemic spreading, personal behaviors, and government policy), and available 

resources (availability of physicians and medication, hospital vacancies, and 

evacuation assets) to train a 3D-CNN model on COVID19 test results, recovery 

histories and medication outcomes.  The output of the model includes categories of 

triage recommendations entitled “immediate (hospital admission with immediate 

medical care)”, “delayed (quarantine center and observation)”, “minimal (home 

quarantine with medication)”, “semi-minimal (home quarantine without 

medication)”, and “no priority (no therapeutic resources)”. Experimental results 

show that the accuracy rate, AUC, precision, recall and F1-score for the COVID19 

MCI triage decisions are 82%, 85.8%, 0.835, 0.789, and 0.811, respectively. In 

addition, our model outperforms other triage decision models for emergency 

incidents. As a consequence of this study, medical professionals will be able to apply 

our model to their hospital data for triage decisions involving COVID-19 or other 

medical incidents. 
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1. Introduction 

Although traditional statistical models provide straightforward implementation and clear 

interpretability, their reliance on strong parametric assumptions frequently leads to 

model misspecification, particularly when handling real-world epidemiological data. In 

an empirical study by Cheung et al. [1], the determinants of pandemic spread were found 

to include risk perception, hygiene behaviors, attitude towards pandemic prevention 

programs, culture, health education programs, government policies, technologies, 

information disclosure, and economic strategy, among others. Prediction of pandemic 

spread is a complex nonlinear problem that depends on many determinants, and 

traditional statistical methods cannot model nonlinear situations in a complex 

environment. Artificial intelligence (AI) can be used to model complex situations 

through nonlinear modeling; it requires no model assumptions or specific data structures, 

and can discover hidden patterns and relationships in the data.  Thus, machine learning 

models should be employed for predictive modeling in complex environments. 

The spread of a pandemic depends on specific factors such as the signs and 

symptoms of coronavirus, attitudes towards pandemic spreading and policy, and public 

resources, and conditional probability relationships exist among these factors and their 

determinants [1]. The spread therefore depends on combinations of these factors in this 

complex environment [1]. AI can be used to model both pandemic spread prediction and 

COVID-19 MCI triage classification. Methods that integrate traditional statistical models 

with AI methods can improve the accuracy of prediction and classification while 

minimizing computational complexity. 

The following section will discuss the strengths and limitations of statistical and AI 

methods for prediction, and will discuss the determinants for predicting COVID-19 MCI 

triage classification. Sections 3 and 4 introduce the research method and the results, 

respectively. Section 5 contains a discussion of the results, and Section 6 concludes this 

study. 

2. Literature Review 

During the COVID-19 pandemic, accurate forecasting of the spread of infection was 

crucial in order to develop effective public health strategies. Researchers have employed 

both statistical and AI approaches to predict transmission patterns. Traditional statistical 

forecasting models have included autoregressive integrated moving average (ARIMA) 

[2] and susceptible-exposed-infectious-recovered (SEIR) models [3].  

The basic idea of the ARIMA forecasting model is to predict future trends based on 

past time series data. A common assumption in time series models is that all the data are 

stationary, a mathematical term that refers to data whose statistical properties remain 

constant throughout the study period. The ARIMA model has been employed to predict 

the incidence and transmission dynamics of COVID-19 in the five countries with the 

highest reported caseloads [4]. Although ARIMA modelling yielded a high accuracy, the 

model failed to capture the complex nonlinear interactions affecting pandemic spread [4]. 

The study was constrained by the assumption that no vaccines or effective therapeutic 

interventions were available during the forecasting timeframe [4].  

In a classic SEIR model, each individual is classified into one of four categories 

based on their epidemiological status: susceptible (S), exposed (E), infected (I), and 

recovered (R). To predict the spread of the pandemic, Huang and Qiao [5] implemented 
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the SEIR model to project infection trajectories, and estimated a pandemic peak 

occurring at approximately 14 days. The main limitations of their study were that they 

assumed unchanging infection rates, no introduction of new pharmaceutical 

interventions, and consistent medical management capacity throughout the analysis 

period [5]. In practice, the presence of super-spreaders may elevate COVID-19 

transmission rates by up to 85% compared to typical infected individuals [6].  

Although these methods benefit from the use of complete population datasets, 

without requiring additional sampling [7], they become less effective as the parameter 

complexity increases [8], and struggle with large datasets due to computational 

limitations [9].  Deep learning (DL) has emerged as a powerful alternative approach, 

with applications including long short-term memory (LSTM) networks [10], polynomial 

neural networks [11], and standard neural networks [12]. Comparative studies have 

demonstrated the superior computational efficiency of DL in processing time-series data 

[13]. 

Statistical methods can handle probabilistic relationships while AI captures 

complex details and nonlinear dynamics. Raddad et al. [14] developed a hybrid COVID-

19 severity classification model that achieved an accuracy of 98% with a deep neural 

network (DNN) and 96% using XGBoost, which was validated using 5,654 patient 

records with 146 features. However, while AI achieves high classification accuracy, its 

low level of interpretability remains a fundamental limitation [15]. 

Bayesian networks offer distant advantages in terms of the graphical representation 

[16] of variables, although their performance remains contingent on the data dimensions 

and distributional assumptions [17]. In contrast, three-dimensional convolutional neural 

networks (3D-CNNs) have specific strengths, particularly for medical imaging analysis 

[18]. Their capabilities in regard to processing X-ray micro-topography, enabling rapid 

design iteration, and supporting probabilistic engineering design make them suitable for 

COVID-19 forecasting [19]. One important aspect is that 3D-CNNs can overcome the 

limitations of Bayesian networks in handling high-dimensional data. Hence, an 

integrated approach based on a Bayesian network and 3D-CNN model is recommended 

for predicting the spread of COVID-19.   
In Cheung’s empirical review study [20], the major determinants for the prediction 

of COVID-19 MCI triage classification included the severity of infection, likelihood of 

spreading and available resources. The determinants for the prediction of severity of 

infection rely on signs and symptoms of coronavirus, such as fever, cough, and shortness 

of breath [21]. Attitudes towards pandemic spread, personal behaviors, and government 

policy are the key determinants for predicting the likelihood of spreading. The 

availability of physicians and medication, hospital vacancies, and evacuation assets 

determine the available hospital resources. Hence, we adopt these factors when 

constructing our novel clustered Bayesian 3D-CNN model for predicting COVID-19 

MCI triage classification based on COVID-19 test results, recovery history and 

medication outcome.  The output of the network is divided into four categories of triage 

recommendations: “immediate (hospital admission with immediate medical care)”, 

“delayed (quarantine center and observation)”, “minimal (home quarantine with 

medication)”, “semi-minimal (home quarantine without medication)”, or “no priority (no 

therapeutic resources)”. 
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3. Research Method 

3.1 Data Selection 

In this study, three publicly available COVID-19 datasets [22,23,24] were integrated to 

evaluate the severity of infection, likelihood of disease transmission, and availability of 

healthcare resources across 40 US states and territories, using a Bayesian network model 

for predicting the risk of COVID-19 positivity. These datasets were the COVID Racial 

Data Tracker (CRDT) [25], data from state-level testing and outcomes from the COVID 

Tracking Project [22], and the Oxford COVID-19 Government Response Tracker 

(OxCGRT) [24]. The selected variables were the three determinant categories of severity 

indicators, transmission factors, and resource metrics, which were augmented by a 

derived death rate metric and then used to simulate infection risk through a Bayesian 

network framework. The categories, units, data types, and descriptions of variables are 

summarized in Table 1. 

The CRDT dataset [25] contains daily cumulative cases and deaths by race/ethnicity. 

We selected Cases_Total (cumulative confirmed and probable cases), Deaths_Total 

(cumulative confirmed and probable deaths), and positiveIncrease (daily new cases) as 

severity indicators, to capture the prevalence of infection and mortality burden. The 

States dataset, sourced from the COVID Tracking Project [22], offers daily metrics on 

testing and healthcare utilization; from this, we extracted hospitalizedCurrently (current 

hospitalizations with COVID-19), inIcuCurrently (current ICU patients), 

onVentilatorCurrently (current ventilator patients), and totalTestResultsIncrease (daily 

new tests) to reflect the real-time severity of disease and testing capacity, with 

information on both severity and transmission dynamics.  

The OxCGRT dataset [24], filtered for US subnational data, provides government 

response policies and indices. We selected StringencyIndex_Average, 

GovernmentResponseIndex_Average, and ContainmentHealthIndex_Average as 

aggregate transmission factors, alongside containment policies (e.g., 

C1M_School.closing, C2M_Workplace.closing, C3M_Cancel.public.events), public 

health measures (H1_Public.information.campaigns, H6M_Facial.Coverings), 

healthcare policies (H4_Emergency.investment.in.healthcare, 

H8M_Protection.of.elderly_people), and economic support (E1_Income.support, 

E2_Debt.contract.relief) to model transmission risk and resource availability. A derived 

variable, death_rate (Deaths_Total/Cases_Total), was used to quantify case fatality as an 

additional metric of severity. The variable H5_Investment.in.vaccines was excluded, as 

it had zero values across all records, indicating no reported state-level vaccine investment. 

The period analyzed here was from April 12, 2020, to March 7, 2021, covering 330 days 

of the initial COVID-19 pandemic wave in the US. This period was selected based on 

the availability of data and the dynamic evolution of government responses.  

We extracted two datasets (CRDT [22] and States [25]) from the COVID Tracking 

project [26], comprising daily records across 40 states and territories. Fifteen regions 

(including California and New York) were excluded due to incomplete data availability. 

The OxCGRT dataset was obtained from the OxCGRT GitHub repository [27], as this 

offered daily subnational policy data. We processed the data daily to capture rapid shifts 

in transmission patterns, healthcare burden, and intervention impacts. 

The raw datasets were integrated through exact matching of the data and state fields, 

with all data values standardized to date/time format and state codes made consistent. To 

ensure data integrity, we filtered the dataset by requiring exact matches between 
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Cases_Total and ConfirmedCases and between Deaths_Total and ConfirmedDeaths in 

OxCGRT, thereby eliminating discrepancies. To fill the missing values in the columns 

entitled hospitalizedCurrently, inIcuCurrently, and onVentilatorCurrently, we 

implemented  k-nearest neighbors (k=3) to preserve data patterns while completing all 

2,184 daily records. The final dataset covered 40 states and territories, with 

approximately 54 observations per state, reflecting filtering constraints. We used data 

from April 12, 2020, to December 31, 2020 (1,934 samples) for model training and 

January 1, 2021, to March 7, 2021 (250 samples) for testing, supporting the Bayesian 

network’s predictive analysis. 

Finally, we mapped the selected variables to nine sub-factors to simulate patients’ 

risk of infection: severity (X11: fever, X12: cough, X13: shortness of breath), 

transmission (X21: pandemic attitude, X22: personal behavior, X23: government policy), 

and resources (X31: physician availability, X32: hospital vacancy, X33: evacuation 

assets). These were normalized and discretized (threshold=0.15) to construct three 

Bayesian networks with noisy-OR conditional probability distributions, to estimate the 

probabilities for the severity �����, transmission �����, and resource ����� levels. A 

weighted COVID-19 positivity probability was computed as shown in (1), to gain 

insights into risk assessment and resource allocation	 

 � �	
����� � �	������ � �	��� � ������                                      (1) 
In summary, the raw independent variables included seven severity indicators, 11 

transmission factors, and four resource metrics, drawn from 2,184 daily samples from 

across 40 US states and territories. This selection supports a robust analysis of COVID-

19 dynamics and facilitates the Bayesian network model’s evaluation of infection risk. 
 
Table 1. Summary of selected variables for Xs’ input 

Factor 

category 

Sub-factors  
Name Units Data type Description 

Identifiers 
 

Date Date 
datetime6

4[ns] 
Date of the record (daily granularity) 

  State N/A object State or region name within the USA 

X1: Severity 

of infection 

 
Cases_Total Count float64 

Total confirmed COVID-19 cases 

reported in the region to date 

  
Deaths_Total Count float64 

Total confirmed COVID-19 deaths 

reported in the region to date 

 Fever positiveIncre

ase 

Count 

(daily) 
float64 

Number of new confirmed positive 

COVID-19 cases on that day 

 Cough hospitalizedC

urrently 
Count float64 

Number of COVID-19 patients 

currently hospitalized 

 
Shortness 

breath 
inIcuCurrentl

y 
Count float64 

Number of COVID-19 patients 

currently in intensive care units 

(ICUs) 

 Shortness 

breath 

onVentilator

Currently 
Count float64 

Number of COVID-19 patients 

currently on ventilators 

 
Fever, cough, 

shortness 

breath 

death_rate 
Proportion 

(0-1) 
float64 

Death rate, calculated as 

Deaths_Total divided by Cases_Total 

X2: 

Likelihood of 

spreading 

Pandemic 

attitude 
StringencyIn

dex_Average 

Index (0-

100) 
float64 

Average stringency of government 

containment and closure policies 

 
Pandemic 

attitude 

Government

ResponseInd

ex_Average 

Index (0-

100) 
float64 

Average government response index, 

including economic and health 

policies 
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Pandemic 

attitude 

Containment

HealthIndex_

Average 

Index (0-

100) 
float64 

Average index of containment and 

health system policies 

  totalTestResu

ltsIncrease 

Count 

(daily) 
float64 

Number of new COVID-19 tests 

reported on that day 

 
Personal 

behavior  

H1_Public.in

formation.ca

mpaigns 

Ordinal 

scale (0-2) 
float64 

Public information campaigns 

intensity (0: none, 1: limited, 2: 

extensive) 

 
Personal 

behavior 
H6M_Facial.

Coverings 

Ordinal 

scale (0-4) 
float64 

Policy on face coverings/mask 

mandates (0: no policy to 4: required 

outside home at all times) 

 Government 

policy 

C1M_School

.closing 

Ordinal 

scale (0-3) 
float64 

School closure policy (0: no measures 

to 3: require closing all levels) 

 
Government 

policy 
C2M_Workp

lace.closing 

Ordinal 

scale (0-3) 
float64 

Workplace closure policy (0: no 

measures to 3: require all but essential 

workplaces to be closed) 

 Government 

policy 

C3M_Cancel

.public.events 

Ordinal 

scale (0-2) 
float64 

Cancellation of public events (0: no 

measures, 2: require cancellation) 

 
Government 

policy 

C4M_Restric

tions.on.gath

erings 

Ordinal 

scale (0-4) 
float64 

Restrictions on private gatherings 

(size limits) 

 
Government 

policy 

C5M_Close.

public.transp

ort 

Ordinal 

scale (0-2) 
float64 

Closure of public transport (0: no 

measures, 2: require closure) 

 
Government 

policy 

C6M_Stay.at.

home.require

ments 

Ordinal 

scale (0-3) 
float64 

Stay-at-home requirements (0: none, 

3: require not leaving home, with 

minimal exceptions) 

 

Government 

policy 

C7M_Restric

tions.on.inter

nal.movemen

t 

Ordinal 

scale (0-2) 
float64 

Restrictions on internal movement 

within the country/region 

 
Government 

policy 

C8EV_Intern

ational.travel.

controls 

Ordinal 

scale (0-4) 
float64 

International travel controls (0: no 

restrictions, 4: total border closure) 

X3: 

Available 

resources 

Physician 

availability 

H4_Emergen

cy.investmen

t.in.healthcar

e 

Ordinal 

scale (0-2) 
float64 

Emergency investment in healthcare 

system (0: none, 2: significant 

investment) 

 
Evacuation 

asset 

H8M_Protect

ion.of.elderly

.people 

Ordinal 

scale (0-2) 
float64 

Policies protecting elderly people (0: 

none, 2: strong protection measures) 

 
Evacuation 

asset 
E1_Income.s

upport 

Ordinal 

scale (0-2) 
float64 

Income support policies for 

households (0: none, 2: generous 

support) 

 Evacuation 

asset 

E2_Debt.cont

ract.relief 

Ordinal 

scale (0-2) 
float64 

Debt or contract relief measures (0: 

none, 2: widespread relief) 

 

Hospital 

vacancies 

Inverse_hosp

italizedCurre

ntly 

 float64 

Indicator representing hospital bed 

vacancy, calculated as � �
�������������� !!�"��#$%&'()*+,- �
�"./ � !!�"��#$%&'()*+,- �
�"0�"������!� !!�"��#$%&'()*+,-�1
2 

A higher value indicates more vacant 

beds and less pressure on hospital 

resources. The original data are 

normalized to the range [0, 1] through 

min - max scaling. 

 

Hospital 

vacancies Inverse_inIcu

Currently 
 float64 

Indicator representing ICU bed 

vacancy, calculated using the same 

method as 

Inverse_hospitalizedCurrently, 
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reflecting the vacancy status of ICU 

beds 

 

Hospital 

vacancies 
Inverse_onV

entilatorCurr

ently 

 float64 

Indicator representing ventilator 

availability, calculated using the same 

method as 

Inverse_hospitalizedCurrently, 

reflecting the availability of 

ventilators 

 

Table 2. Summary of selected variables for Ys’ output 

Y-
Score Catego
ry 

Name Units Datatype Description 

Y1: 
Immediate 

Y1_Immediat

e_Score 

Ordinal 

scale (1

-4) 

int64 

Y1 score for immediate hospital admission with urgent 

medical care, based on high COVID probability and 

severe symptoms 

 
Y1_Probabilit

y_Distributio

n 

Probabi

lity (0-

1) 

float64 

CNN 4-class SoftMax probability distribution for Y1 

immediate triage category, learned from spatial medical 

patterns 

Y2: Delayed Y2_Delayed_

Score 

Ordinal 

scale (1

-4) 

int64 
Y2 score for delayed quarantine center observation, 

targeting moderate COVID probability cases 

 
Y2_Probabilit

y_Distributio

n 

Probabi

lity (0-

1) 

float64 
CNN 4-class SoftMax probability distribution for Y2 

delayed triage category for quarantine center placement 

Y3: Minimal Y3_Minimal_

Score 

Ordinal

 scale 

(1-4) 

int64 
Y3 score for minimal home quarantine with medication 

support, for low-probability COVID cases with symptoms 

 
Y3_Probabilit

y_Distributio

n 

Probabi

lity (0-

1) 

float64 
CNN 4-class SoftMax probability distribution for Y3 

minimal triage category for medicated home quarantine 

Y4: Semi-
minimal 

Y4_Semi_Mi

nimal_Score 

Ordinal 

scale 

(1-4) 

int64 
Y4 score for semi-minimal home quarantine without 

medication, for very low-probability COVID cases 

 
Y4_Probabilit

y_Distributio

n 

Probabi

lity (0-

1) 

float64 

CNN 4-class SoftMax probability distribution for Y4 

semi-minimal triage category for minimal medical 

intervention 

Composite Max_Y_Scor

e 

Ordinal 

scale (1

-4) 

int64 
Maximum Y-score across all four categories from 

Bayesian network used to determine final triage priority 

 Final_Triage_

Category 

Catego

rical (0

-3) 

int64 

Final triage decision determined by CNN Y-score 

predictions: 0=immediate, 1=delayed, 2=minimal, 

3=semi-minimal 

3.2 Design of the Clustered Bayesian 3D-CNN model  

Step 1: Data collection from various data sources 

We first collected the patient symptom data, pandemic behavior factors, and healthcare 

resource factors, and stored them in the medical database for implementation of the 

clustered Bayesian 3D-CNN model (see Figure 1). 

Step 2: Data preprocessing with Bayesian network 

Data on infection factors (i.e., signs and symptoms such as fever indicators, cough, 

shortness of breath), pandemic spreading factors (i.e., pandemic attitude, personal 

behavior compliance, effectiveness of government policy), and healthcare resource 

availability factors (e.g., physician availability, hospital vacancy rates, evacuation asset 

readiness) were pre-processed. In particular, the X1 signs and symptoms input matrix 

had three layers to handle the three symptom factors (X11=fever, X12=cough, 
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X13=shortness of breath), with spatial dimensions of 10×10, representing the geographic 

distribution of patients measured at the state-day level for one temporal period. Similarly, 

the X2 pandemic attitudes input matrix had three layers, with spatial dimensions of 

10×10, which stored the three pandemic behavioral factors (X21=pandemic attitude, 

X22=personal behavior, X23=government policy) for the same geographic regions. The 

X3 available resource matrix contained three layers to handle the healthcare resource 

factors (X31=physician availability, X32=hospital vacancy, X33=evacuation assets), 

with spatial dimensions 10×10, representing the regional healthcare infrastructure data. 

Step 3: Model design 
We expressed the three categories of medical explanatory variables as a clustered 3D 

matrix, and imported it into the three independent convolutional sub-models described 

above. To account for medical factors measured across different semantic domains and 

scales, three clusters are necessary. Otherwise, combining heterogeneous medical factors 

will constrain the choice of feature extraction patterns, thereby limiting the model’s 

capacity to capture domain-specific medical relationships. 
Step 4: Feature extraction with filters 

In this step of training, we applied progressive filters (8→16→32) with matrix 

dimensions of 3×3×3 in each of the convolution layers to identify the most important 

medical patterns. 

Step 5: Enhancement of model efficiency with activation function and max pooling 

To determine the most significant medical patterns or features, we extracted the 

convoluted values from the three 3D-CNN models and passed them to 

their corresponding activation and max pooling functions with dimensions 2×2×2. 

Step 6: Model training and optimization with Adam optimizer 

Finally, the three 3D-CNN clusters generated hidden representations of the symptom 

severity, pandemic risk exposure, and healthcare resource availability. These formed a 

concatenated 96-dimensional feature vector that was used for training. In addition, to 

train the CNN with a backpropagation model for the Y-score prediction and four-class 

triage decision making, the COVID probability computed by the Bayesian network was 

passed to the CNN. The model predicted four separate Y-scores (Y1=immediate, 

Y2=delayed, Y3=minimal, Y4=semi-minimal) as four-class categorical distributions 

(probability distributions over severity levels 1 to 4). The Y-scores predicted by the CNN 

determined the final triage category directly, incorporating medical domain knowledge 

that Y-scores contain the necessary triage information.  The entire medical decision 

system was trained through backpropagation, using a multi-task loss 

function (0.5×cross-entropy for triage + 0.5×cross-entropy for Y-scores), in which 

gradients were propagated backward through all prediction heads to jointly optimize the 

Y-score learning and four-class triage decisions. The Adam optimizer was used to 

update the network parameters iteratively, with learning rate scheduling and early 

stopping to ensure stable convergence while preserving the medical logic hierarchy 

of the Bayesian COVID→CNN Y-scores→Triage decisions. The details of the 

structural design of the clustered 3D-CNN model for COVID-19 medical triage are 

shown in Figure 1. 
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Figure 1. Clustered 3D-CNN model for triage decision prediction. 

 

3.3 Data Pre-processing 

The three symptom factors (i.e., X₁,ᵢ), three pandemic behavioral factors (i.e., X₂,ⱼ), and 

three healthcare resource factors (i.e., X₃,ₖ) were pre-processed using Bayesian Network 
inference to predict the four Y-score triage categories (i.e., Yₘ) for COVID-19 MCI 

triage decision making. The symptom input matrix has three layers corresponding to the 

three symptom factors, with spatial dimensions of 10×10, representing the patient 

distribution across geographic regions for each state-day period. Similarly, the pandemic 

input matrix has three layers and spatial dimensions of 10×10, storing three pandemic 

behavioral factors for the same geographic regions. The healthcare resource 

matrix contains three layers corresponding to the resource availability factors, with 

spatial dimensions of 10×10, representing the regional healthcare infrastructure capacity. 

Symptom factor vector ��3*4= {fever indicator, cough presence, shortness of breath} 

where i = 1, 2, 3  
                                                   
Pandemic behavioral vector4��35= {pandemic attitude compliance, personal behaviour 

adherence, government policy effectiveness}  
where j = 1, 2, 3                                                                                      
 
Healthcare resource vector ��36= {physician availability, hospital vacancy rate, 

evacuation asset readiness}  
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where k = 1, 2, 3                 
 

Triage categories 7' 8 97��Immediate�3 7��Delayed�3 7��Minimal�3 7:�Semi-minimal�;                                        
where m = 1, 2, 3, 4      
                                                                           

3.3.1 Data preprocessing for the Bayesian network  

Unlike traditional normalization approaches, our method employs Bayesian 
Network inference with conditional probability distributions (CPDs) to 

capture medical domain knowledge and uncertainty at the data pre-processing stage.  

The probabilistic pre-processing pipeline transforms raw medical categorical data into 

semantically informed spatial representations, as follows:  

Raw Evidence → Bayesian Inference → Spatial Clustering → 
Domain Normalization 

This approach enables the clustered Bayesian 3D-CNN to learn from medically 

meaningful spatial patterns, rather than arbitrary categorical encodings, while 

maintaining inference consistency across the training and validation datasets. 

Probabilistic Medical Inference Framework 
The Bayesian network establishes causal medical relationships through a structured 

probabilistic model, a hierarchical medical decision framework. Given 

patient evidence E = {X1, X2, X3}, inference proceeds through the following 

intermediate medical constructs: 

The formula for exposure risk assessment from pandemic behavioral factors is as 

follows: 

 

��<=��� !�&*>6?��35� � @�A ��!��B��=��� !�&*>6?���3 ���3 ���)  

 


��C>D%&, � �	� E ��� � �	� E ��� � �	F E ���                                   

 

<=��� !�&*>6 � �	F � 
��C>D%&, E �	G                                                 

 

where @�A ��!��B Stands for the tabular conditional probability distribution. 

The detection quality is calculated from the healthcare resource availability as follows: 
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The COVID probability integrates symptom evidence with exposure context, as 

follows: 

���N0.B?��3 <=��� !�&*>6� � TabularCPD�/�O��?���3 ���3 ���3 �=��� !�&*>6�4 
P#Q���Q>D%&, � �	F E ��� � �	�R E ��� � �	F
 E ���                   

�N0.BS&%T � �	�
 � P#Q���Q>D%&, E �	G � <=��� !�&*>6 E �	2  

 
Medical Domain Normalization 
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Different medical parameters are evaluated using separate semantic 

domains and probabilistic scales, causing heterogeneous input characteristics. 

When modelling a medical neural network, the use of normalized spatial data typically 

accelerates the learning process and leads to faster convergence while preserving the 

medical semantic relationships. 

In our clustered spatial representation, we perform clipping normalization to ensure 

numerical stability and preserve the medical semantic relationships, as follows:  

�U � /�����3 �3�� � Q�=��3Q�"��3 ���                                           
In this approach, all spatial intensity values are bounded within the range [0,1] while the 

relative relationships between active and inactive medical factors are preserved. 

3.3.2 Model Design  

Three clustered 3D-CNN models were developed to reflect the three medical factor 

categories (symptoms, pandemic behaviors, healthcare resources). A total of 60% of the 

dataset was used for training, 20% for validation, and 20% for testing. The dimensions 

of the three input matrices were 3×10×10, 3×10×10, and 3×10×10, and the predicted 

outputs were four-class categorical distributions for the scores Y1 to Y4 , with 

dimensions of 1×1 (COVID probability), and 1×1 (send-home decision). The structural 

details of the clustered 3D-CNN are shown in Figure 1. 

Convolution Layer 
The convolution layer takes as input a matrix with dimensions M rows, N columns, 

Q slices. In the first layer, there are eight filters (kernel), each with dimensions of m 

rows, n columns, and q slices, followed by 16 and 32 filters in the subsequent layers. The 

size of each convolution stride is s₁×s₂×s₃. Consequently, the output size of the 

convolution layer O(i,j,k) is [(M–m)/s₁]+1 rows, [(N–n)/s₂]+1 columns, and [(Q–q)/s₃]+1 

slices. The equation used to compute the output of the convolution layer is shown below: 

N��3 V3 C� � WWWX�4� � � � �3 V � A � �3 C � / � ��
H

DY�

$

TY�

'

(Y�
Z�[3 \3 ]�4444444444 

where i ranges from 1 to [(M–m)/s₁]+1, j ranges from 1 to [(N–n)/s₂]+1, and k ranges 

from 1 to [(Q–q)/s₃]+1. 

Activation Function 
To determine whether to pass onward information, and how much to transfer, the output 

of the convolution layer is fed to an activation function ReLU = max(x,0). 


�=� � 4 ^=4444= _ �
�4444= ` �                                                                               

where x is an element of the convolution result N��3 V3 C�	 
Batch Normalization Layer 
Each convolution block includes batch normalization to stabilize medical feature 

learning: 

ab�=� � c E �= � d�1e � f                                                             

where μ and σ are the batch mean and standard deviation, respectively, and γ and β are 

learnable parameters. 

Max Pooling Layer 
A max pooling matrix has x rows, y columns and z slices, with a stride of size t₁×t₂×t₃. 

The output  max pooling matrix M(u,v,w) has dimensions f×g×h (rows×columns×slices), 

where f = [(M–x)/t₁]+1, g = [(N–y)/t₂]+1, and h = [(Q–z)/t₃]+1. The equation used to 

compute the max pooling output is: 
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g� 3 O3 h� � Q�=DYi			jk�3-Yi			Kk�3,Yi			+k�N� � /3 O � �3h � ��          
where u ranges from 1 to f, v ranges from 1 to g, and w ranges from 1 to h. 

 

Adaptive Global Average Pooling Layer 
Following the max pooling operations, adaptive global average pooling is applied to 

generate translation-invariant feature representations. For each channel i of the 

final feature map F with dimensions D×H×W, the adaptive global average pooling 

output GAP(i) is computed as: 

GAP��� � �
lEmEn E o o o p��3 �3 �3 h�nqY�mrY�l-Y�        

                     
Fully Connected Layer and Sigmoid Function  
The outputs of the max pooling layers from the three medical clusters are concatenated 

into a feature input vector with dimensions 96×1, which serves as input to the fully 

connected layer. The aim is to train the clustered 3D-CNN model with backpropagation 

for medical triage prediction. Medical features are processed through multiple 

specialized prediction heads, where each medical task has its own dedicated pathway: the 

Y1–Y4 scores use four-class SoftMax classification, COVID probability uses sigmoid 

activation, and COVID-19 MCI triage decision uses sigmoid activation. This allows the 

model to learn task-specific medical patterns in a natural way.  

For Y-scores,4Softsax�=*� � ,tu
o ,tvwvxy

 , where =* is the raw logit/score for class i before 

activation, which ensures that each Y-score is a probability distribution over four 

severity levels (1–4).  

For probabilities, 4Sigmoid�=� � �
�z,{t , where x is the output from each medical 

prediction head, ensuring COVID and COVID-19 MCI triage decision probabilities are 

bounded between zero and one. 

3.3.3 Model Training 

Figure 2 illustrates the training process of the clustered 3D CNN model. 

3.3.4 Complexity Analysis 

The following 3D convolution formula shows how the computational complexity of the 

proposed medical clustered 3D-CNN model is computed, accounting for each 

convolution cluster: 

|� E |F E |2 E �*$ E B%IJ E }%IJ E~%IJ E �%IJ 
where the kernel size is |� E |F E |2; �*$ and �%IJ are the number of input and output 

channels, respectively; and D, H, and W are the depth, height, and width of the 3D 

feature map. 

For the medical symptom factors, the  24 E 24 E 424convolution with eight filters on a 

424 E ��4 E ��  feature map with three input channels requires 24 E 424 E 2 E 2 E 24 E
��4 E ��4 E R  = 194,400 multiply-accumulate operations. Similarly, for the 

first convolution layer, which processes the pandemic factors, the same 194,400 

operations are required, and for the resource factors, another 194,400 operations are 

involved, giving a total of 583,200 operations for the first convolution layer across all 

three clusters. 
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The subsequent layers with 8→16 and 16→32 channel progressions follow similar 

computational patterns, with reduced spatial dimensions due to pooling. Overall, the 

complexity of the clustered 3D-CNN model is O(K³NC), where K = max(|�3|�3 |�) = 3 

(kernel size), C = max(�*$, �%IJ) = 32 (max channel count), and N = max (B%IJ, }%IJ, 
~%IJ) = 10 (max feature map dimension).  

 

 

Figure 2. Training processes of the Clustered 3D-CNN model. 

The evaluation metrics for medical triage performance are listed in Table 3. 

 
Table 3 Evaluation metrics for medical triage performance 

Evaluation metrics Formula 
Y-score accuracy �

@W��#�� � #*�
�

*Y�
 

Y-score cross-entropy loss 
� �
@WW#*35

:

5Y�
��Z�#���3 V��

�

*Y�
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COVID Prob MAE �
@W��� � �*

�

*Y�
 

COVID-19 MCI triage classification 
accuracy 

@� � @b
@� � @b � p� � pb 

 

4. Results and Discussion 

Table 4 summarizes the results for the accuracy of COVID-19 prediction, triage 

decisions, the overall performance, and the significance analysis of the clustered 

Bayesian 3D-CNN model, a traditional machine learning ensemble, and a standard CNN. 

 
Table 4. Results of COVID-19 triage predictions with Clustered Bayesian 3D-CNN, traditional ML 

ensemble, and Standard CNN. 

Model Average 
accuracy 

Average 
AUC-
ROC 

Average 
precision 

Average 
recall 

F1 
score 

p-
value  

Cohen'
s d  

95% 
CI  

 
Clustered 

Bayesian 

3D-CNN 

0.820 0.858 0.835 0.789 0.811 - - - 

Traditional 

machine 

learning 

ensemble 

0.742 0.781 0.756 0.698 0.726 <0.001 0.73 [0.062, 

0.094] 

Standard 

CNN 

0.734 0.776 0.748 0.691 0.719   

<0.001 

0.68 [0.071, 

0.101] 

 

We used McNemar's test comparing against the clustered Bayesian 3D-CNN (reference 

model). We also examined the effects using Cohen's conventions as well as a 95% 

confidence interval for the difference in accuracy from the reference model. 

5. Discussion 

The superior accuracy of the proposed clustered Bayesian 3D-CNN model in regard to 

triage classification (see Table 4) stems from its innovative integration of Bayesian 

inference with 3D CNNs. This architecture effectively captures the complex spatial-

temporal and probabilistic relationships among heterogeneous forms of COVID-19 

patient data, including symptoms, pandemic behavior, and healthcare resource 

availability. Unlike traditional machine learning models that assume conditional 

independence, our model leverages clustered data representations to preserve domain-

specific parameter correlations, with a statistically significant although modest 

improvement in accuracy. 

The statistically validated performance improvements translate directly to 

meaningful clinical benefits. The improvements in accuracy for our model of 7.8–8.6% 

represent approximately 78–86 correct triage decisions per 1000 patients, corresponding 

to substantial improvements in the efficiency of the emergency department. The 

improvement in precision of 0.079 over traditional machine learning reduces false 
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positive admissions by nearly 8%, potentially preventing unnecessary resource 

utilization during pandemic surges. 

The effect sizes of 0.73 and 0.68 for Cohen's d exceed the 0.5 threshold that is 

typically considered as practically significant in medical decision support systems, thus 

confirming that our architectural innovations provide tangible clinical benefits beyond 

statistical significance. The consistent improvements across multiple metrics (accuracy, 

precision, recall, and AUC-ROC) represent robust performance advantages compared to 

single-metric optimization. 

Tuning of the model involved iterative optimization of convolutional kernel sizes, 

channel depths, and batch normalization layers to improve feature extraction and reduce 

overfitting. We also applied max normalization and an 80/20 training-testing split, to 

ensure stability and generalizability across diverse patient profiles. 

Key challenges included the management of heterogeneous data sources, taking into 

consideration the uncertainty inherent in medical data, and preventing overfitting of the 

model when trained on limited samples. These issues were addressed by using Bayesian 

pre-processing to embed causal knowledge and uncertainty, designing specialized CNN 

clusters for each data domain, and employing normalization and regularization 

techniques. 

Overall, as shown in Table 3, our approach significantly outperformed the baseline 

models in terms of accuracy, AUC-ROC, precision, and recall, thus demonstrating its 

effectiveness for COVID-19 triage decision support.  

However, in Almulihi's [28] study, focusing on traditional machine learning 

approaches for medical triage systems, our model's 78.9% recall for COVID-19 MCI 

triage decision is consistently lower than precision-optimized models. A comparative 

analysis of the recall results against a random forest-based model, an SVM-based model, 

and an ensemble NN-based model is provided in the last two rows of Table 4. This 

occurs mainly because simulated and real-world clinical datasets are used. In controlled 

clinical environments, patient presentations follow more predictable patterns, 

with standardized diagnostic protocols, while real-world emergency triage involves 

more complex patient interactions with comorbidities, symptom variability, and resource 

constraints [29]. Moreover, COVID-19 triage is more strongly influenced by the timing 

of symptom onset than symptom severity alone, due to the dynamic nature of 

viral progression and infectivity windows [29]. Notably, our test period covers the early 

pandemic phase in 2020–2021. The emergence of COVID-19 variants significantly 

influenced the clinical presentation and transmission patterns of patients worldwide; 

however, traditional models cannot adequately learn these evolving epidemiological 

scenarios from pre-pandemic training data. 

6. Conclusion 

This study has introduced a clustered Bayesian 3D-CNN model, thereby enhancing the 

interpretability and scalability of COVID-19 triage, using simulated patient data. As it 

includes a Bayesian network with 3D convolutional layers, our model can learn joint 

spatial-temporal and uncertainty patterns from mixed inputs such as symptom levels, 

public behaviors and the availability of health care tools, laying down a flexible engine 

that hospitals can scale up or down as demand shifts. The model achieves values for the 

accuracy of 82.0%, AUC-ROC of 85.8%, precision of 83.5%, recall of 78.9%, and F1-

score of 81.1% (see Table 5). These values exceed the results attained by standard 
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benchmarks such as a full-learning ensemble, a typical 2D-CNN setup, an ARIMA 

pipeline, and an SVR approach. The recall rate still represents a notable shortfall, a 

discrepancy that is attributable to the noise inherent in field data and the rapid 

proliferation of novel variants. Hence, future versions of the model will need to target 

these strains more carefully. In general, the platform offers frontline clinicians a robust, 

data-driven methodology for expediting patient triage in time-critical scenarios.  

 
Table 5. Comparison of our model with other models as benchmarks 

Model Type ARIMA-
based model 

for 
emergency 

incident 
triage 

classification 

SVR-based 
model for 
emergency 

incident triage 
classification 

NN-based 
model for 
emergency 

incident triage 
classification 

Clustered 
Bayesian 3D-

CNN (ours) for  
COVID-19 

MCI TRIAGE 
CLASSIFICA

TION 
 Accuracy 72.4% – 75.8% 82.0% 

COVID-19 MCI Triage 

F1-Score 

68.2% 71.5% 69.7% 81.1% 

COVID-19 MCI Triage 

AUC-ROC 

0.742 0.758 0.771 0.858 
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