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ABSTRACT
During this pandemic, advanced epidemiologicalmodels have beenwidely used to determine inter-
vention strategies for controlling the spread of the disease in public and healthcare settings. These
models played a crucial role by providing predictive insights into disease transmission dynamics,
informing resource allocation and guiding policy decisions. However, the accuracy of these predic-
tions depends on the substantial amount of input data, which was not readily available at the onset
of the pandemic. Another concern with the existing models is their inability to adequately account
for the complex indoor built environments, which has been shown to significantly impact infec-
tion risk. To tackle these issues, this paper discusses the potential of developing a joint modelling
technique that integrates machine learning models, building information models and agent-based
models to assess the risk of nosocomial airborne infections. With limited available data, machine
learning models can determine infection risk with high confidence.
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1. Research background

Significant instances of nosocomial transmissions
occurred at the early stage of the COVID-19 pandemic. In
theUK, approximately one-seventh to one-fifth of COVID-
19 patients, as well as the majority of infected healthcare
workers, contracted the disease in healthcare facilities
during the first wave (Campbell and Barr 2021; Evans et al.
2020; Read et al. 2021). Rickman et al. (2020) investigated
nosocomial COVID-19 transmission cases in London hos-
pitals and reported that 55% of the patient-to-patient
infections took place in the same bay; 14% were in differ-
ent bays but on the same floor; 12% of infections actu-
ally happened in the single-occupancy rooms. Besides
the serious challenges posed by nosocomial infections,
the COVID-19 pandemic has underscored another critical
aspect: the resilienceofhealthcare facilities in copingwith
a surge of patients. Many hospitals found it challenging
to deliver adequate healthcare services while managing
theoverwhelmingpatient influx. This pandemic has high-
lighted the existing issues regarding resilience of health-
care systems on a significant scale, capturing widespread
attention.

The readiness and responsiveness of the healthcare
system rely on multifaceted strategies and approaches.
Preparedness plans, surge capacity planning and multi-
department collaboration formthe foundation for effective
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outbreak response, ensuring the allocation of
resources and coordination of efforts. Among these, epi-
demiological modelling has played a crucial role by
providing predictive insights into disease transmission
dynamics, informing resource allocation and guiding pol-
icy decisions. During this pandemic, advanced epidemi-
ological models have been widely used to determine
intervention strategies for controlling the spread of the
disease in public and healthcare settings (Currie et al.
2020; Swallow et al. 2022). It is important to note that
the accuracy of these predictions typically depends on
a significant volume of input data to validate the mod-
els and verify the results. However, the inadequate and
sometimes conflicting data available at the onset of the
pandemic has posed significant challenges for achieving
accurate predictions. The following chapter examines the
evidence and data concerning COVID-19 transmission. As
the pandemic has evolved, discussion have expanded to
consider the impact of a growing variety and scope of
data sources, all of which hold significant importance for
computer modelling.

2. Factors influencing human-to-human
transmission of COVID-19

This chapter examines challenges associated with the
modelling of COVID-19 transmissions within hospital
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environments, including uncertainties in transmission
characteristics, early-stage debates, evolving viral prop-
erties and inflexible policies. Collectively, these factors
posed significant challenges to accurately predicting dis-
ease transmission in the early stages.

2.1. Primarymodes of transmission

A respiratory disease typically spreads through droplet,
direct and indirect contact, aswell as airborne routes.Dur-
ing the initial stages of the pandemic, it was believed, as
per the March 2020 WHO report (2020), that the SARS-
CoV-2 virus was primarily transmitted through respira-
tory droplets, direct and indirect contact, with a relatively
lower likelihood of airborne transmission. Since droplet
transmission typically takes place when an individual is in
close proximity of an infected person, it was believed that
practicing social distancing suchas2mwouldbeaneffec-
tivemeasure in controlling the spreadof thedisease. Nev-
ertheless, increasing scientific evidence suggests that the
transmissionof SARS-CoV-2 couldoccur throughairborne
spread which became recognized as the predominant
mode of transmission in indoor environments (Green-
halgh et al. 2021; Morawska and Milton 2020). According
to Qureshi et al. (2020), SARS-CoV-2 can remain viable in
smaller aerosols capable of travelling distances of up to
8 m or more, even in the absence of ventilation or air-
flow. This extended its infection risk over a long distance
is further corroboratedbyexperimental evidencedemon-
strating the virus’s viability in aerosols for up to 16 hours
(Daphne et al. 2022).

Understanding the transmission characteristics of a
new disease like COVID-19 is crucial for epidemiological
modelling, which plays a vital role in informing health-
care authorities’ efforts to devise effective strategies for
prevention and control. Yet, defining these characteristics
in the initial phases of the pandemic proved challenging
due to divergent perspectives among researchers. This
uncertainty presented significant challenges for health-
care authorities, impacting the development of protocols
and guidelines tomanage nosocomial infections. Despite
advancements in healthcare research, similar challenges
arising from conflicting information may persist in the
future.

2.2. Viral properties

The reproductive success of a virus, also known as its
fitness for replication, refers to its ability to effectively
replicate within a host cell and produce new virus parti-
cles capable of infecting other cells and hosts. Assessing
the fitness for replication of SARS-CoV-2 in humans is
crucial in determining its infectiousness. SARS-CoV-2 has

been found to replicate more effectively in the upper res-
piratory tract when compared to SARS-CoV, which led
to the 2003 SARS outbreak (V’kovski et al. 2021). Differ-
ent strains of SARS-CoV-2 however demonstrate vary-
ing preferences for localized replication within either
the upper or lower respiratory tract (Ulrich et al. 2022).
Understanding these preferences is pivotal in developing
more effective prevention and control strategies. When
a particular strain shows a higher propensity for upper
respiratory tract replication, prioritizing preventive mea-
sures like mask usage and adherence to social distancing
becomes crucial to mitigate transmission via respiratory
droplets. Conversely, strains favouring the lower respira-
tory tract may require additional interventions targeting
aerosol transmission to protect individuals in close prox-
imity to infected individuals. Despite the significant dis-
parities observed among various strains of the disease,
substantial progress has been achieved in providing esti-
mates to evaluate infection severity and assess the risk
of viral transmission. In the context of respiratory dis-
eases, the viral load, quantified as RNA copies permillilitre
(RNA/ml) of sputum, serves as a crucial metric for eval-
uating infection severity and estimating the risk of viral
transmission. Elevated viral loads are frequently linked to
heightened infectivity and increased disease severity. In
the case of SARS-CoV-2 transmissions, a viral load below
107 RNA/ml copies/ml is believed to be associated with
mild-to-moderate cases,whereas ahigher viral load, up to
109 RNA copies, might lead to moderate-to-severe cases
(Aganovic et al. 2021).

2.3. Impact of close contact distance

Many countries implement contact tracing as part of their
public health policies, typically using a distance of up to
2 m or 6 feet to identify close contacts. This ‘one-size-
fits-all’ approach was based on the assumption that res-
piratory droplets were the primary mode of SARS-CoV-2
transmission. However, as detailed in Section 2.1, exten-
sive research evidence indicate that airborne transmis-
sion through smaller aerosols may travel distances of up
to 8 m or more, even in the absence of ventilation or
airflow (Qureshi et al. 2020). Consequently, this standard-
ized approach may not be well-suited to its intended
purpose.

2.4. Effects of indoor environmental conditions on
SARS-CoV-2 transmissibility

The transmission potential of SARS-CoV-2 indoors is sig-
nificantly influencedby various indoor conditions, includ-
ing air exchange rate, temperature, humidity and sun-
light intensity. Adequate ventilation can lower the indoor
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concentration of airborne pathogens, thus reducing the
risk of infection. Additionally, elevated humidity and high
temperatures can decrease the infectivity of influenza
viruses.

Dabisch et al. (2021) reported that both room temper-
ature and air humidity can significantly impact the infec-
tivity of SARS-CoV-2. When air humidity is held constant,
the duration for a 90% virus decay increases from 11.5
min to 19.5 min as the room temperature decreases from
30°C to 10°C. Under a consistent temperature, the decay
rate rises from 0.6± 0.6% to 1.5± 0.5%with an increased
relative humidity from 20% to 70% (Dabisch et al. 2021).
This indicates that lower temperatures prolong the sur-
vival of the virus, suggesting a potential for increased
infectivity in colder environments; higher humidity lev-
els however accelerate the decay of the virus, potentially
reducing its infectivity. As HVAC (heating, ventilation and
air conditioning) systems are essential tools for manag-
ing indoor environmental factors such as humidity and
temperature, they hold a crucial position in regulating
the transmission of diseases within indoor spaces (Saran
et al. 2020).

The assessment of transmission risk, especially when it
occurs through direct or indirect contact, is significantly
influencedby the duration forwhich viruses remain infec-
tious and capable of propagating on various surfaces or
objects. Hirose et al. (2021) conducted a study compar-
ing the stability of SARS-CoV-2 and influenza A virus on
human skin, and found that SARS-CoV-2 could remain
viable for approximately 9 hours, significantly longer than
the survival time of influenza A virus, which was 1.8 h
only. SARS-CoV-2 can survive even longer on inanimate
surfaces. According to Geng and Wang (2023), SARS-
CoV-2 has the capability to maintain viability on solid
surfaces, including plastic, glass and stainless steel, for
a duration of up to 28 days at a room temperature of
20°C. Consequently, there is a potential risk of infection
through contact with contaminated surfaces or objects
(or fomites), although the associated risk is considered
low. According to CDC (2021), the probability of infec-
tion from each contact with a contaminated surface is
estimated to be less than 1 in 10,000. Nevertheless, a
review of the literature has not yielded clear evidence
of actual infection cases resulting from fomite or hand
contact.

3. Epidemiological modelling of airborne
disease transmission under indoor
environmental conditions

This chapter examines conventional simulation methods
for airborne diseases under indoor conditions. As the dis-
cussion progresses, attention turns towards the inherent

research gaps in these modelling approaches, laying the
groundwork for further investigation into the key factors
influencing transmission and potential solutions.

3.1. Traditional airborne infection transmission
models

Several epidemiological models have been developed to
assess the risk of airborne disease transmission in indoor
environments, with theWells-Rileymodel standing out as
a popular model to calculate the probability of infection
based on factors such as the number of infectious indi-
viduals, the ventilation rate, the duration of exposure and
the respiratory rate of the occupants (Riley, Murphy, and
Riley 1978). The Wells-Riley equation can be written as:

PI = 1 − exp
(

− Iqpt

Q

)
(1)

where PI is the probability of infection; I is the number
of infectors, p is the pulmonary ventilation rate of the
susceptible (m3/hr); q is the quanta generation rate of
patients (quanta/hr/person); t is theexposure time (h) and
Q is the room ventilation rate (m3/h).

The Wells-Riley model offers valuable insights into
the potential spread of diseases across different environ-
ments, making it a fundamental tool in epidemiologi-
cal studies focused on airborne pathogens. It should be
noted that variable q in Equation (1) is a hypothetical
unit which cannot be directly determined through exper-
iments, although it could be estimated through ‘unex-
pected’ occurrences. The outbreak of influenza on a com-
mercial aircraft in 1999 led to 20 passenger infections
(out of 74 passengers in total), indicating a 27% infection
rate (PI) (Marsden 2003). Considering the standard aircraft
cabin air exchange rate and flight hours (t), q was quan-
titatively decided and this paves the way to assess the
risk of outbreak of a similar airborne disease under dif-
ferent environmental conditions (Marsden 2003). In line
with the same principle, various researchers (Buonanno,
Stabile, and Morawska 2020; de Oliveira et al. 2021) have
suggested the anticipated risks of COVID-19 transmission
by employing diverse input values, as detailed in Table 1.

The original Wells-Riley model does not consider
other crucial indoor conditions such as temperature and
humidity. To bridge this deficiency, Aganovic et al. (2021)
developed a revised Wells-Riley model to assess the
infection risk of SARS-CoV-2 by considering the effect of
humidity, or Equation (2).

PI = 1 − exp
[
−Ip

T∫
0
n(t)dt

]
(2)

Aganovic et al. (2021) assumed a constant value of 0.52
(m3/hr) to represent the product of I and p. Alternatively,
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Table 1. Data from previous studies assessing the indoor infection risk of SARS-CoV-2.

Infection risk PI (%) Ip (m3/hr) V (m3) Q (ACH) T (min) Temperature (°C) Humidity (%) References

4 0.96 75 2.2 10 N/A N/A Buonanno, Stabile, and Morawska 2020
2.1 1.38 800 0.5 12 N/A N/A Buonanno, Stabile, and Morawska 2020
0.5 1.87 200 5 60 N/A N/A de Oliveira et al. 2021
0.1–1 0.94-1.16 100 0 20 N/A N/A Schijven et al. 2021
2–30 0.94-1.16 100 0 120 N/A N/A Schijven et al. 2021
0.8–13 0.94-1.16 100 6 120 N/A N/A Schijven et al. 2021
7.324.476.836.195.18 0.52 180 0.5 60 20 2037537083.5 Aganovic et al. 2021
14.6714.9913.7712.2710.19 0.52 180 0.5 120 20 2037537083.5
6.306.305.925.444.64 0.52 180 2 60 20 2037537083.5
12.2212.3211.5810.629.02 0.52 180 2 120 20 2037537083.5
4.754.754.544.223.79 0.52 180 6 60 20 2037537083.5
9.399.288.918.277.36 0.52 180 6 120 20 2037537083.5

the respiratory ventilation rate of an infected individual
was set at 0.52 (m3/hr). In Equation (2), n(t) represents
the quanta concentration under an indoor environment
at time t and it can be calculated according to Equation
(3).

n(t) = n0 · exp
[
−

(
Q

V
+ D + k

)
t

]

+ S

V

{
1

Q
V + D + k

− 1
Q
V + D + k

exp
[
−

(
Q

V
+ D + k

)
t

]}
(3)

where V represents the volume of the room (m3). n0 is
the initial quanta concentration at time t = 0. k repre-
sents the virus inactivation rate (1/hr), while D stands for
the aerosol deposition rate, both of which have shown
significant susceptibility to changes influenced by indoor
humidity levels. S denotes the quanta source emission
rate from infected individuals (quanta/hr) and was deter-
mined by the authors based on particle size. The devel-
opment of Equations (2) and (3) facilitates the evaluation
of airborne disease transmission risks by incorporating
indoor building conditions, such as room volume (V), air
exchange rate (Q), total exposure time (T), room tem-
perature and humidity, utilizing the developed aerosol
deposition rate (D). Building on this framework, Aganovic
et al. (2021) calculated the infection risks for moderate-
to-severe COVID-19 cases, assuming a viral load in the
sputum of approximately 109 RNA/ml. The outcomes of
this calculation are presented in Table 1.

Other advancements in implementing the Wells-Riley
model include the development of a tri-component epi-
demiological model, as proposed by the author of this
study (Tang and Chen 2021, 2023). The tri-component
epidemiological model incorporates an agent-based
model (ABM) and an infection model within a hospi-
tal building information model. Such an epidemiological

model enables the inclusion of roles of complex hospi-
tal infrastructures and human motions in disease trans-
missions through spatially explicit stochastic simulations.
Agent-based modelling (ABM) is a computational mod-
elling technique used to simulate the actions and inter-
actions of individual agents. Within healthcare research,
ABM has proven valuable in modelling the transmission
of infectious diseases and evaluating the effectiveness of
various non-pharmaceutical interventions (Hoertel et al.
2020; Mahmood et al. 2020; Maziarz and Zach 2020; Tang
and Chen 2021). Despite these meaningful progresses,
there is still a lack of studies to evaluate the transmis-
sion of airborne diseases within hospital built environ-
ments. As such, evidence obtained through ABM has
not been considered in the assessment of healthcare
interventions during the pandemic by the Oxford Cen-
tre for Levels of Evidence (OCEBM 2009) or the National
Institute for Health and Care Excellence Guidelines (NICE
2014).

3.2. Machine learning techniques: artificial neural
networks (ANNs) in transmissible diseasemodelling

Artificial Neural Networks (ANNs), mimicking the human
brain, are increasingly utilised in assessing transmission
risks, gaining prominence during the COVID-19 outbreak
(Kufel et al. 2023). ANNs have proven effective in offer-
ing insightful forecasts, including projections of cumula-
tive COVID-19 cases at a national level (Farooq and Bazaz
2021; Mollalo, Rivera, and Vahedi 2020). Such forecasts
provide vital information for planning clinical resource
readiness.

Compared to traditional transmissible disease mod-
els, Artificial Neural Networks (ANNs) present a distinct
advantage, especially in scenarios with limited data
availability, a challenge encountered at the outset of
the pandemic. This capability stems from the inherent
ability of ANNs to learn complex patterns and relation-
ships within datasets. ANNs function as an information
processing method capable of learning and predicting
the relationships within data, even when the data are
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scarce or noisy. This sets it apart from conventional math-
ematical regression analysis, which primarily concerns
understanding relationships between a dependent vari-
able and one or more independent variables. With the
ability to learn from incomplete or imperfect data and
to generalize to new situations, Artificial Neural Networks
(ANNs) present a robust solution for transmissible disease
modelling, especially in contextswhere data availability is
limited (Shaikhina and Khovanova 2017).

In the architecture of ANNs, layers serve as fundamen-
tal building blocks responsible for processing and modi-
fying input data. These layers play a crucial role in shaping
the network’s structure and functionality. Typically, ANNs
consist of three main types of layers (Kufel et al. 2023):

• Initial Layer: This layer receives the raw input data and
communicates to one or more ‘hidden layers’.

• Intermediate Layers (hidden layers): Situated between
the input and output layers, these tiers facilitate the
processing and acquisition of input data representa-
tions.

• Output Layer: The layer responsible for producing the
ultimate network output, including the prediction of
the response variable.

In thehidden layers, thenetwork acquires patterns and
relationships in the input data for making predictions.
There can be multiple hidden layers, executing intricate
transformations of the input data. Throughout the train-
ing process, the network adapts weights and biases to
minimise prediction errors.

3.3. Concluding remarks

Based on a review of the literature, a research gap
emerges in quantifying indoor environments that influ-
ence airborne disease transmission using existing epi-
demiological models. This challenge arises from the com-
plexity of built environments and the lack of compre-
hensive and reliable research data (Iranzo and Pérez-
González 2021). The latter has become particularly evi-
dent at theonset of thepandemic,with limited and some-
times contradictory data available (e.g. as discussed in
Section 2.1). In comparison to conventional epidemiolog-
ical models, Artificial Neural Networks (ANNs) can predict
infection risk with high confidence levels, even amidst
limited or noisy data. This capability stems from ANNs’
inherent ability to discern complex patterns and relation-
ships within datasets (Shaikhina and Khovanova 2017).
Agent-basedmodelling (ABM) represents another uncon-
ventional computationalmodelling technique capable of
simulating human motions and interactions within com-
plex indoor conditions (Tang and Chen 2023). Despite

meaningful progress in each realm, there remains a lack
of studies that combine the strengths of both ANNs and
ABM modelling approaches to more effectively simulate
airborne disease transmission within indoor built envi-
ronments.

4. Research objectives and research
methodologies

The primary objective of this study is to evaluate the
risk of nosocomial airborne infections by analysing var-
ious indoor built environments. This research approach
involves forecasting infection risks using machine learn-
ing models (Section 4.1) which incorporates the building
information model data derived from a real case study
(Section 4.2). The determined infection risks are then inte-
grated into anagent-basedmodel, as discussed in Section
4.3, allowing for comprehensive simulation of nosoco-
mial infections that accounts for the effects of human
motion. This investigation and modelling procedure is
schematically shown in Figure 1.

4.1. Machine learning approaches for predicting
indoor infection risk

The initial focus of this study was to investigate the feasi-
bility of assessing infection risks associated with airborne
diseases by thoroughly considering the conditions of the
indoor built environment. To achieve this, two predic-
tive models, namely the linear regression model and the
neural network infection model, were developed using
the machine learning technique. Beginning with a linear
regression model provides a baseline and a straightfor-
ward interpretation of relationships between input fea-
tures and the target variable. This assists in developing
a good understanding of the data through the appli-
cation of machine learning techniques, offering initial
insights into the contribution of various features to the
prediction. As confidence was built through the linear
regressionmodel, the transition to aneural network intro-
duces complexity gradually. Both models were devel-
oped through programming using Python version 3.12.0
(Python Software Foundation 2023) within the Google
Colaboratory (Google 2022) platform. The first model
implements a straightforward linear regression model,
whereas the secondmodel adopts amore intricate neural
network architecture with increased learning rate and
epochs. Despite these differences, both models maintain
a cohesive structure for predicting infection risk and share
the crucial aspect of using the same dataset, outlined in
Table 1, for training and testing purposes. This ensures
consistency and fair evaluation of model performance.
The Python scripts were enhanced using open-source
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Figure 1. Schematic representation of the epidemiological modelling procedure used in this study.

machine-learning libraries specifically designed for data
manipulation and analysis in Python. The employed
external libraries include Scikit-learn (Cournapeau and
Brucher 2023), Pandas (2023) and TensorFlow (Abadi et al.
2016), which have been previously used in data science
and healthcare research (Gagliano et al. 2021; Moham-
mad et al. 2022; Pantic et al. 2023).

4.1.1. Linear regressionmodel
The development of the linear regression model focuses
on predicting infection risks through conventional lin-
ear regression analysis, utilizing the least squares error
method. This implementation was facilitated with the
support of external libraries, including Scikit-learn (Cour-
napeau and Brucher 2023) and Pandas (2023). Pandas
facilitates efficient data manipulation, while Scikit-learn
provided robust tools for machine learning tasks, includ-
ing model training and evaluation. All input data were
loaded into Python from a CSV file (comma file) created
and it incorporates data in Table 1, including room ven-
tilation rate, temperature, humidity, room size and index
patient duration and resulting infection risks. A standard
80–20 split strategy (e.g. 80% for training and 20% for
testing) has been followed to partition the input data
into distinct training and testing sets. Adding the ‘seed’
parameter in the programme ensures that the split is
reproducible, fostering result consistency across multi-
ple runs. This also facilitates robust model evaluation,
allowing insights into themodel’s generalization capabil-
ities beyond the training data. While the training data are
utilised for model training purposes, the testing data are

employed to evaluate themodel’s accuracy, quantifiedby
the R2 or Equation (4).

R2 = 1 −
∑n

i=1 (yi − ŷi)2∑n
i=1 (yi − ȳi)2

(4)

where n is the sample size, yi is the actual value of the tar-
get variable for observation i, ŷi is the actual value of the
target variable for a specific instance, and ȳi denotes the
mean of the actual values. R2 represents the overall good-
ness of fit of themodel based on the test set, but not on a
specific prediction. It provides a measure of how well the
model’s predictions alignwith theactual values across the
entire test set.

4.1.2. Neural networkmodel
The neural network model employs an artificial neural
network (ANN) developed through programming using
Python version 3.12.0 (2023) within the Google Colabo-
ratory (Google 2022) platform as well. The code was fur-
ther enhancedwithopen-sourcemachine learning library
TensorFlow (Abadi et al. 2016) which facilitates the con-
struction, training and deployment of neural network
models, making it a crucial component in this machine
learning project for predicting nosocomial infection risks.
The neural network model’s architecture comprises one
input layer, three hidden layers and one output layer. The
first hidden layer, with 64 neurons, initiates the extrac-
tion of complex patterns from the input data, followed
by a second layer with 32 neurons and a third layer with
16 neurons, progressively refining the hierarchical repre-
sentation. These layers collectively constitute the neural
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network’s architecture, with each layer playing a role in
learning hierarchical representations from the input data,
ultimately predicting the output. Such a layered struc-
ture facilitates the neural network’s capacity to compre-
hend and model complex relationships within the data.
The datasets were divided following the same 80–20 split
strategy (80% for training and 20% for testing) as used in
the linear regression model.

To enhance the result interpretability, SHAP (SHapley
Additive exPlanations) (Lundberg andLee2017)wasused
in the developed model. SHAP is a Python library that
offers insights into how individual features contribute to
machine learning model predictions, specifically shed-
ding light on the significance of each feature in predict-
ing infection risks within the scope of this study. The
calculated SHAP values provide an effective method for
attributing the model’s output to each feature. In the
context of a hospital infection risk prediction model with
a baseline infection rate, a positive SHAP value associ-
ated with the total number of infected patients indicates
that a higher patient count positively influences an ele-
vated infection risk. As an example, if air exchange rates
have a negative SHAP value, it implies that a higher air
exchange rate negatively impacts infection risk, resulting
in a lower predicted risk. Incorporating SHAP values offers
valuable insights into feature importance and individ-
ual predictions, proving particularly beneficial in practical
applications where understanding and explaining model
decisions are essential.

4.2. Case study investigation – a clinical infection
unit (CIU)

To investigate the relationship between hospital build-
ing layouts and the transmission risks of airborne dis-
eases, a case study investigation of a clinical infection
unit (CIU), as seen in Figure 2, was conducted. Figure
2 shows the building layout of a local CIU which deliv-
ers specialised services encompassing out-patient clinical
diagnosis and in-patient care, comprising various func-
tional units such as consultation rooms, surgeries, ward
units, MRI and diagnostic rooms. Patient admission pre-
dominantly occurs through Accident & Emergency (A&E)
and Urgent Treatment Centres (UTC) referrals. The eval-
uation of the Clinical Infection Unit (CIU) represents an
analysis of a smaller functional unit within a broader and
more complex general hospital system. This assessment
of the CIU provides a basis for confidently modelling a
comprehensive clinical process within the larger hospi-
tal, where ongoing research initiatives are currently in
progress.

As a rapid response to the COVID-19 outbreak, CIU
layout B (Figure 3) was implemented, incorporating a

one-way patient traffic system. This design includes two
distinct entrances, heightened separation and compart-
mentalization. Additionally, it facilitates the evaluation of
building layouts’ influence on airborne disease transmis-
sion. The creation of separate patient entrances involved
establishing a new patient pathway off the same column
gridline (6 m× 6 m) as Layout A (Figure 2). By recon-
figuring investigation rooms, waiting areas, and wards,
dedicated spaces for suspected or confirmed COVID-19
patients were implemented.

The initial phase of this study involves a systematic
examination of presumed indoor environmental factors,
including variables such as humidity, temperature and air
ventilation rate. The HTM 03–01 standard (DHSC 2021)
suggests maintaining a room temperature between 18°C
and 22°C in hospital indoor environments, with operating
theatres potentially having an elevated room tempera-
ture of 25°C. According to the same standard, humidity
levels should be kept below 70% to prevent condensa-
tion. However, air-change rates (ACH) may vary depend-
ing on the facility’s purpose: general wards require 6 ACH,
infectious disease isolation wards necessitate up to 10
ACH, andoperating theatresmandate over 22ACH (DHSC
2021). In this investigation, a consistent room tempera-
ture of 20°C and 60% humidity were employed. Various
air-change rates (ACH) ranging from 1 to 6 ACH were
considered to examine their influence on the resulting
infection rates, utilizing two different prediction mod-
els detailed in Section 4.1. This facilitates the estima-
tion of infection risk values (PI) based on the afore-
mentioned input values. The outcomes are discussed in
Chapter 5.

4.3. Impact of building layout on airborne disease
transmission: agent-basedmodelling (ABM)

The infection riskmodel gives the prediction for the infec-
tion risks by considering a variety of indoor conditions,
as discussed in previous sections. The infection risks were
then incorporated into the agent-based model. The vir-
tual building model of the CIU units (A and B) were
first created using Autodesk Revit 2024 (Autodesk 2024)
and saved as an IFC file for integration into MassMo-
tion (Oasys 2020), an agent-based modelling (ABM) soft-
ware. The Agent-basedmodel (ABM) considered all struc-
tural and non-structural elements, including furniture,
partition walls, and significantmedical instruments, since
they collectively impact human motion behaviours.

In the ABM analysis, a total of 200 patients (agents)
were admitted to the CIU over a 60-minute period, with
40% seeking medical assistance for digestive issues and
60% experiencing respiratory distress syndromes. The
clinical process is schematically shown in Figure 4. This
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Figure 2. CIU layout – A (all units in mm).

simulation did not consider accompanying visitors or any
medical and support staff. Patient movement was mod-
elled at an average speed of 1.35 m/sec, with 95% of the
distribution falling within 0.25 m/sec standard deviations
of the mean speed (Tang and Chen 2023). Each patient’s
actual speed also relies on agent density in close proxim-
ity, with path selection guided by theminimum time cost
model (Equation 5) (Kinsey 2015). In the epidemiologi-
cal analysis, two infected patients (agents) were admitted
at specified intervals. The first infected patient, already
displaying symptoms of respiratory disease, visited inves-
tigation room A after 30 min, while the second patient,
with digestive disease symptoms, sought examination in
investigation room B at the same time.

Agent time cost = WD ×
(
DG

V

)
+ Wq × Qu + WL × L

(5)
whereWD: Distance weight of each person, DG: Total dis-
tance from the person’s present position to the destiny
(m), V : Velocity of each person (m/Sec),Wq: Queueweight
of each person,Qu: Expected time in queue before reach-
ing a particular point (Sec), WL: Geometric component
traversal weight, L: Geometric component type cost (Sec).

Airborne transmission risk of SARS-CoV-2 was consid-
ered using two distinct prediction models as detailed
in Sections 4.1. The outcomes, or the PI values, were
considered in waiting rooms A, B and C – designated
for investigation rooms A, B and X-ray/CT scanning
rooms, respectively. The entire analysis spanned 120 min
in the ABM framework, where patients autonomously
determined their pathways following a specified clin-
ical process based on the minimum agent time cost
or Equation (5). To explore the impact of building lay-
outs on airborne disease transmission, both CIU layout
A and B were taken into account in the epidemiological
analysis.

5. Results and discussion

5.1. Prediction for the infection risk

5.1.1. Linear regressionmodel results
All input data for the linear regression were loaded
from a CSV file (comma-separated values), detailed in
Table 1. This file includes information on room ventila-
tion rate, temperature, humidity, room size, index patient
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Figure 3. CIU layout – B (all units in mm).

Figure 4. Clinical process.



688 K. TANG

Table 2. Predicted infection risk (PI) – CIU layout A (linear regression results).

PI (%) Ip (m3/hr) V (m3) Q (ACH) T (min) Temperature (°C) Humidity (%)

4.5 0.52 108 (room A) 1 40.5 20 60
3.4 0.52 108 (room A) 3 40.5 20 60
1.5 0.52 108 (room A) 6 40.5 20 60
3.2 0.52 108 (room B) 1 26.3 20 60
2.0 0.52 108 (room B) 3 26.3 20 60
0.2 0.52 108 (room B) 6 26.3 20 60
1.0 0.52 112 (room C) 1 2.5 20 60
0.0 0.52 112 (room C) 3 2.5 20 60
0.0 0.52 112 (room C) 6 2.5 20 60

Table 3. Predicted infection risk (PI) – CIU layout B (linear regression results).

PI (%) Ip(m3/hr) V(m3) Q(ACH) T(min) Temperature(°C) Humidity(%)

4.5 0.52 133 (room A) 1 40.6 20 60
3.3 0.52 133 (room A) 3 40.6 20 60
1.5 0.52 133 (room A) 6 40.6 20 60
1.8 0.52 108 (room B) 1 11 20 60
0.6 0.52 108 (room B) 3 11 20 60
0.0 0.52 108 (room B) 6 11 20 60
1.0 0.52 112 (room C) 1 2.5 20 60
0.0 0.52 112 (room C) 3 2.5 20 60
0.0 0.52 112 (room C) 6 2.5 20 60

duration, and the resulting infection risks. A linear regres-
sion analysis was then conducted using Python, and the
derived equation for the linear regression is presented as
Equation (6). The infection risk predictions for CIU layouts
A andB are presented in Tables 2 and 3, utilizing the linear
regression model discussed in Section 4.1.1. The infectiv-
ity of a single COVID-19 patient, represented by the Ip
value, was set at 0.52m³/hr according to published data
(Aganovic et al. 2021).

PI = 4.6058 − 1.4401Ip + 0.0002V − 0.6042Q

+ 0.0912T − 0.0411H (6)

Equation (6) suggests a decrease in infection risk with an
increased respiratory ventilation rate (Ip) of the infected
patient. The infection risks tend to rise with an extended
duration of time (T) while decreasing with higher room
air exchange rates (Q) and humidity (H), aligning with the
observations in the dataset presented in Table 1. The R2
serves as a statistical metric illustrating the fraction of the
variance in the prediction, as detailed in Section 4.1.1. For
this linear regression model, R2 was found to be 0.91, or
approximately 91% of the variability in the testing data
is explained or captured by the model. This implies that
themodel performs well in explaining the variance in the
infection risk predictions based on the selected features.

Although distinct in nature, both the linear regression
model and the neural network model, as discussed in
the following section, offer unique insights to the ana-
lytical process. Specifically, the interpretative framework
provided by the linear regression model illuminates
fundamental relationships within the data, laying the

groundwork for the subsequent implementation of neu-
ral network models. For example, the linear coefficient
obtained from regression analysis plays a similar role
to SHAP (SHapley Additive exPlanations) values in neu-
ral network modelling, providing insights into variable
impacts. It is noteworthy that despite sharing a common
dataset, the identification of differing influential factors
by each method underscores the complementary nature
of their contributions.

5.1.2. Neural networkmodel results
The preceding section, focused on a linear regression
model, offers a clear interpretation of the relationships
between input characteristics and output values using
machine learning techniques. As confidence grows with
the linear regression model, the transition to a neural
network becomes crucial, as it has the ability to bet-
ter capture nonlinear relationships within the data. This
becomes particularly advantageous when dealing with
intricate patterns of transmission risks (Kufel et al. 2023).
The flexibility of the neural networkmodel also allows for
easy adjustments to the model architecture and learning
rate, enhancing adaptability to diverse problemcomplex-
ities. The infection risk predictions for CIU layouts A and
B, corresponding to the input values discussed in Section
4.1 and 4.2, are presented in Tables 4 and 5. For the neural
networkmodel,R2 was found tobe0.86, or approximately
86% of the variability in the testing data is explained or
captured by the model. This implies that the model still
performs well in explaining the variance in the infection
risk predictions based on the selected features.

Figure 5 shows that with an increase in Q (ACH) val-
ues from 1 to 6, the corresponding SHAP values show a
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Table 4. Predicted infection risk (PI) – CIU layout A (neural network model results).

PI (%) Ip (m3/hr) V (m3) Q (ACH) T (min) Temperature (°C) Humidity (%)

7.7 0.52 108 (room A) 1 40.5 20 60
6.6 0.52 108 (room A) 3 40.5 20 60
5.4 0.52 108 (room A) 6 40.5 20 60
7.5 0.52 108 (room B) 1 26.3 20 60
6.3 0.52 108 (room B) 3 26.3 20 60
5.1 0.52 108 (room B) 6 26.3 20 60
7.1 0.52 112 (room C) 1 2.5 20 60
6.1 0.52 112 (room C) 3 2.5 20 60
4.8 0.52 112 (room C) 6 2.5 20 60

Table 5. Predicted infection risk (PI) – CIU layout B (neural network model results).

PI (%) Ip (m3/hr) V (m3) Q (ACH) T (min) Temperature (°C) Humidity (%)

7.1 0.52 133 (room A) 1 40.6 20 60
5.4 0.52 133 (room A) 3 40.6 20 60
4.6 0.52 133 (room A) 6 40.6 20 60
7.0 0.52 108 (room B) 1 11 20 60
5.5 0.52 108 (room B) 3 11 20 60
4.8 0.52 108 (room B) 6 11 20 60
6.5 0.52 112 (room C) 1 2.5 20 60
5.3 0.52 112 (room C) 3 2.5 20 60
4.6 0.52 112 (room C) 6 2.5 20 60

more negative trend, decreasing from – 0.06 to – 5.75.
This implies that elevated Q (ACH) values have a neg-
ative influence on the model’s predictions for infection
risk values, aligning with the observations in the dataset
presented in Table 1. Comparable trends are noted in
the case of the total exposure time (T), as seen in Figure
6. When the air exchange rate (Q) doubled from 3 to 6
ACH, the absolute value of the SHAP values increased by
66%. In contrast,when theexposure time (T) alsodoubled
from 60 to 120 min, the SHAP values increased by 134%.
This indicates that exposure time has a greater impact
on the predicted infection risk values compared to the
air exchange rate. Utilizing the SHAP explainer enhances
interpretability by elucidating the contribution of each
feature to predictions. With the potential for improved
accuracy in capturing intricate relationships, this neu-
ral network model serves as a good alternative to linear
regression model.

5.2. Case study results: impact of building layout on
airborne disease transmission

The effectiveness of various hospital building layouts (A
and B) was evaluated using MassMotion (Oasys 2020),
which utilized infection risk data presented in Tables 4
and 5. The nosocomial or herein long-range infections
are visually demonstrated in Figure 6(a). The number
of nosocomial infections are shown in Tables 6 and 7
based on different air ventilation rates (Q). In CIU layout A,
with 2 admitted COVID-19 patients among 198 suspected
patients, 14 individuals contracted the disease with a low
ventilation rate of 1 ACH, resulting in a 7% infection rate.
Notably, 10 cases occurred in waiting room A, and 4 in

Table 6. Total infections – CIU layout A.

Q(ACH) Room A Room B Room C Total

1 10 4 0 14
3 7 4 0 11
6 6 4 0 10

waiting room B (refer to Figure 2). Given the transmission
potential of SARS-CoV-2 through droplets and aerosols,
the proximity between individuals becomes a crucial fac-
tor affecting the risk of transmission. With enhanced
ventilation at 6 ACH, 10 individuals contracted the dis-
ease, demonstrating the effective control of the spread
of this airborne-transmitted disease through improved
ventilation. In CIU layout B, the optimized patient path-
ways and enhanced workflows contribute to a lower risk
of hospital-related infections in contrast to the original
design A. When 2 COVID-19 patients were admitted, 10
out of 198 patients met the criteria for nosocomial infec-
tions, indicating a reduced infection rate of 5% at a ven-
tilation rate of 1 ACH. These cases comprise 9 infected
patients in waiting room A, and 1 patient in waiting
room B. With enhanced ventilation at 6 ACH, 8 individ-
uals contracted the disease, demonstrating the effective
control of the spread of this airborne-transmitted disease
through improvedventilation. This outcome further high-
lights the combined effect of enhanced building layout
and ventilation in effectively controlling the spread of
airborne diseases.

In addition to the long-range nosocomial infection
investigation discussed above, MassMotion (Oasys 2020)
also enables short-range congestion analysis, whichmea-
sures the maximum number of people within a specific
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Figure 5. SHAP values of Q (ACH) and T (min). (a) SHAP values of Q (ACH); (b) SHAP values of T (min).

Table 7. Total infections – CIU layout B.

Q(ACH) Room A Room B Room C Total

1 9 1 0 10
3 7 1 0 8
6 7 1 0 8

area during peak times. This helps to identify areas where
the risk of overcrowding is high. In this study, a conges-
tion analysis within a 2 m radius (Section 2.1.1) was con-
ducted to evaluate the short-range infection risk, offering
valuable insights into the transmission risk of infectious
diseases through droplets. In CIU layout A, Figure 6 (b)
shows up to 4 patients within a 2 m radius in the corridor
during peak hours, suggesting the challenge ofmaintain-
ing the 2 m social distancing requirement and posing a
potential risk for nosocomial transmission of the disease.
CIU design B incorporates awell-insulated reception area.

Figure 6 (c) illustrates that the updated hospital building
layout exhibits improved reduction of corridor conges-
tion compared to the initial design in building layout A
(Figure 6 (b)). Thiswas achieved through a decrease in the
number of patients per square meter.

5.3. Advancing infection control through flexible
healthcare facility design usingmodern
constructionmethods – future-proof hospitals?

The case study result demonstrates the potential for
improved control over the transmission of airborne dis-
eases such as COVID-19 through adjustments to hospi-
tal building layouts. However, realizing such flexibilities
in the real life can be a challenge. Notably, significant
alterations to building layouts may face constraints due
to existing column gridlines and load-bearing structural
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Figure 6. Agent-based modelling results (1 ACH). (a) Visualized
result (building layout A); (b)Maximumnumber of patientswithin
2 m radius (building layout A); (c) Maximum number of patients
within 2 m radius (building layout B).

elements like columns and walls (Tang and Chen 2021).
Integrating modular design and scalable infrastructure
into healthcare facilities may enhance their adaptability
and flexibility, enabling them to effectively address future
challenges like outbreaks and evolving patient demo-
graphics. A notable example was the George Eliot Hos-
pital extension project, planned and constructed amid
the pandemic (Figure 7). The new development involves
a new 30-bed ward comprising over 30 modular units
with integrated medical facilities, medical gas piping
systems, access controls, fire escape ramps and nurses’

Figure 7. George Eliot Hospital’s new 30-bed ward (images used
with kind permission fromWernick Buildings). (a)Modular units in
construction; (b) The completed ward.

stations. The utilization of prefabricated modular units
not only reduced the construction timeline from 20 to
14 weeks, but also enabled rapid assembly and recon-
figuration of hospital spaces. By adopting these innova-
tive design and construction methodologies, healthcare
facilities can strengthen their resilience by adjusting lay-
outs as demand changes. This will maximise space effi-
ciency and ensure prompt and efficient care for patients
during periods of heightened demand or unexpected
events. This also underscores the vision of a future-proof
hospital design process.

6. Conclusion

The evaluation of infection risk predictions based on
machine learning techniques can provide valuable
insights into the complex dynamics of nosocomial infec-
tions in healthcare settings. The linear regression model
demonstrated a commendable explanatory power with
an R2 value of 91%, offering a robust understanding of
infection risk variations based on selected features. The
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neural networkmodel demonstrated its strength in effec-
tively capturing intricate non-linear patterns within the
data. With an R2value of 86%, the neural network model
maintained a high level of accuracy in explaining the
variability in infection risk predictions. The SHAP analy-
sis further revealed the model’s sensitivity to factors such
as air exchange rates and exposure time, providing valu-
able information regarding the impact of these features
on infection risk.

The case study investigation explored the practical
implications of these models in assessing the impact of
building layouts on airborne disease transmission. The
results highlighted the significance of ventilation rates
and optimized building designs in controlling nosoco-
mial infections. Notably, the combination of enhanced
building layouts and improved ventilation demonstrated
a substantial reduction in infection rates, showcasing the
synergy between design flexibility and effective com-
puter simulations in healthcare infrastructure planning.

7. Research limitations and future work

This section addresses two major research limitations in
the study. Firstly, enhancing the diversity and compre-
hensiveness of the collected data (e.g. Table 1) is cru-
cial for improving the accuracy of the neural network
model. Stressing the significance of obtaining more data
is pivotal, as expanding the dataset size often leads to
enhanced modelling performance.

Secondly, viral shedding exhibits significant diversity
in terms of viral load, measured in RNA/ml. A prior study
revealed that approximately 2% of COVID-19 patients
could carry nearly 90% of the circulating virions within
a community, indicating the presence of supercarriers
(Yang et al. 2021). The notable diversity observed in
COVID-19 cases, coupled with a substantial proportion
of subclinical and asymptomatic individuals, poses sig-
nificant challenges in effectively managing the disease’s
spread. This underscores the need for future research in
modelling airborne disease transmissions.
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