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The unprecedented rate of emerging and re-emerging cases of COVID-19, along with novel variants and the 
recent recognition of long COVID-19, has made it essential to explore the transmission of SARS-CoV-2. An air-conditioned 
office room has been investigated to understand the event-specific possibility of viral transmission of the coronavirus 
in composite climatic conditions. This work has introduced newly developed machine learning models to forecast the R-
Event using artificial neural networks (ANN), Gaussian Process Regression (GPR), Support Vector Machine (SVM), and 
Curve-Fitting (CF). Real-time monitoring of the air-conditioned office room has been carried out during the months of April 
and May of 2022 to collect data. The proposed models have been evaluated for their performances. To assess the merit of 
the four models, statistical parameters—namely the correlation coefficient, mean absolute error, root mean square error, 
mean absolute percentage error, Nash-Sutcliffe efficiency index, and a20-index have been considered. Eight input features 
have been used to predict the target R-Event in this study. The main objective of this study has been to develop a model that 
links CO2 concentration with the R-Event value for forecasting event-specific infections in an air-conditioned office 
environment. Results have indicated that the developed ANN prediction model is the best among the four models for 
forecasting the R-Event. 

Keywords: Machine learning (ML), Artificial neural network (ANN), Indoor air quality (IAQ), Viral transmission, COVID-19, 
Air-conditioning, Indoor environmental quality (IEQ), Carbondioxide (CO2), Air-conditioned office, Building. 

1 Introduction 
SARS-CoV-2 is a virus that is related to the 

enormous coronavirus family. Both people and certain 
animals can be infected by the variants of these 
viruses. SARS-CoV-2 is an extremely infectious 
human pathogen. The virus is transmitted from person 
to person by several ways predominantly by droplets 
expelled when coughing, sneezing, or talking by an 
infected person. A less prevalent method of 
transmission is through contacting one's mouth, nose, 
or eyes after touching a surface that has the virus 
on it1. As of February 21, 2022, there have been 
more than 757 million confirmed cases of coronavirus 
infected humans worldwide, resulting in 
approximately 6.9 million human fatalities 2. The 
global cases of several strains of the coronavirus 
disease are surging again in several parts of the globe 
as the virus in its fourth year since its first reported 

case in December 2019. The growth of this airborne 
virus is exponential and the infectivity rate is also 
higher. This pandemic causing virus has affected 
more than 200 nations, regions, and territories. With a 
7.8 billion human population, COVID-19 has infected 
roughly 1 in every 12 people living today and 1 in 
every 1200 people were already dead throughout the 
globe with several variants of this virus.SARS-CoV-2 
has been referred to throughout the study as SC-2. 

Many countries already faced three waves of this 
pandemic and some countries even faced a fourth 
wave. There may be cases of silent waves as well 
throughout many regions of the world. It is well-
accepted that SC-2 is an airborne virus, which is quite 
a big concern to reduce its transmission. Another 
concern is “long-COVID”, a novel term for the long-
term negative influence of these viruses on human 
health 3,4. To tackle this virus transmission several 
methods have been tried by several governments, 
regulatory bodies, and organizations. These methods 
include social distancing, compulsion of mask, 
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carrying sanitizers, isolations, limited occupancy, 
hygiene maintenance, and several other prevention 
and control measures5. In buildings it may be 
tempting to enact social isolation or occupancy 
limitations that are "one-size-fits-all", but the reality is 
that indoor air quality (IAQ) varies greatly depending 
on the environment, kind of building, and occupants' 
behavioral pattern 6. As a result, it is difficult to say 
that one type of ventilation is ubiquitous. 

Widely occurred "super-spreading" instances, in 
which numerous people are confirmed as infected, 
took place in enclosed built settings like workplaces, 
schools, restaurants, hospitals, houses, apartment 
buildings, assembly halls, etc. 7-12.The bulk of people's 
time is consumed in built spaces, and the condition of 
their interior environment directly affects their health 
13–15. Pathogen transmission inside is influenced by 
indoor environmental quality (IEQ). According to 
research, SC-2 may spread through the air, which 
explains why COVID-19 cases have dramatically 
increased in confined settings with poor ventilation 16. 
Several countries throughout the world have issued 
COVID-19-fighting suggestions while considering 
energy efficiency for sustainability concerns 17,18. 
Almost all of the standards recommend natural 
ventilation, distinct zonation in buildings, CO2 as an 
indicator, window/door opening, and other  
factors throughout these recommendations for 
efficient SC-2 prevention in buildings. However,  
air conditioning is widely used nowadays and 
research on the transmission of pathogens in AC 
rooms needs to be conducted. 

The process of air-conditioning is used to establish 
and maintain certain relative humidity levels, 
temperature, and air quality levels in enclosed 
environments. Usually, this procedure is used to 
sustain the occupant's level of comfort. However, due 
to the enclosed environment, the ventilation is 
affected generally. In a poorly ventilated space, the 
aerosol suspension time rose tenfold 19. Interior 
ventilation and indoor CO2 levels have a significant 
relation in a steady-state situation 20.If an appropriate 
technique to identify the internal ventilation rate is not 
available, the indoor CO2 levels may be utilized as an 
indication. Traditional CO2 measuring techniques are 
unable to detect changes in CO2 concentration across 
time or space frequently. There are now possibilities 
to monitor CO2 and precisely anticipate the 
concentration levels within buildings owing to recent 
technology advancements in CO2 monitoring and 

prediction. As a result, a richer understanding of CO2 
exposure in people can be attained with less effort 20. 

Recently, several researchers tried different ways 
to link indoor CO2 levels with viral transmissions in 
built environments of different types 21-28. Rudnick 
and Milton21 estimate the risk of viral transmission 
through indoor air based on the CO2 level. They 
develop a model that calculates how much of the air 
being inhaled has already been expelled by someone 
within the building by using the CO2 indoors as a 
measure for breathing out infected air exposure. 
Outside air supply rate was not taken into account, 
nor was it assumed that it would remain constant over 
time, when the researchers created a CO2-based risk 
model. They also refrained from presuming that an 
infectious agent's concentration had achieved a steady 
state. A similar idea is given by Peng and Jimenez22 to 
assess CO2 indoors as a SC-2 infection risk proxy. 
They established analytical methods for CO2-based 
risk proxies. They also mention a drawback that there 
are considerable indecisions in the infection risk 
approximations, which are mostly based on viral 
exhalation rates. However, in order to improve public 
health and safety, they advocate implementing 
inexpensive CO2 based indoor infection risk 
monitoring devices. Bazant and Bush23 suggested 
limiting the duration spent in a mutual environment 
with a sick occupant to reduce virus aerial 
transmission. Afterwards, Bazant et al.24 take into 
account inhabitation duration, as well as the mean 
concentration of CO2 exhaled inside, showcasing the 
utilization of CO2 sensors in the risk evaluation of 
aerial viral transmission. Using CO2 levels, those 
authors created an analytical model to predict the 
likelihood of aerial transmission. While CO2 levels 
are thought of as a direct indication of air mixing as 
well as ventilation, the investigators came to the 
definite conclusion that CO2 levels can be used to 
assess the likelihood of SC-2 transmission via air.  

Wang et al.25 published a review study on the aerial 
communication of viruses via respirational activities. 
Authors suggest that CO2 sensors can help in 
monitoring as well as improving ventilation by acting 
as an indicator of the accumulated breath-out air. The 
recommended range for carbon dioxide 
concentrations is 700 to 800 ppm, however, 
ventilation techniques should also be considered. 
Martinez et al.26 created a new agent-based simulator 
called “Arch ABM.” A few attempts to forecast 
airborne virus transmission in a naturally ventilated 
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office space using AI were recently reported by 
Kapoor et al. 1,27,28. The authors of the study1 used 
ANN and curve-fitting techniques to relate IEQ 
parameters (CO2 levels, humidity, and temperature) to 
occupant behavior of window-door opening, 
occupancy, outside pollution, ceiling fan usage, and 
R-Event likelihood. The aforementioned factors  
were linked using several additional machine  
learning (ML) techniques in a different research by 
Kapoor et al. 27,28. By combining data on indoor CO2 
concentration, occupancy, occupant behavior, and 
other outdoor-indoor environmental parameters that 
are obtained in a real-time air-conditioned office 
setting, this research extends prior studies by using AI 
to anticipate the airborne transmission. 

Other significant indoor environmental elements 
that affect virus survival are temperature and 
humidity. Both temperature and humidity 
significantly influence indoor human comfort and 
directly affect how individuals feel. After reviewing 
the available data on the effects of temperature as well 
as humidity on SC-2transmission, Mecenas et al.29 
came to the conclusion that impending studies should 
take into account these variables since they could 
affect the virus's spread. A number of international 
recommendations have listed temperature as well as 
humidity as crucial aspects. Most recommendations 
offered boundary parameters for interior temperature 
and relative humidity that considered both indoor 
occupant comfort and the SC-2 aerial transmission. 
Kapoor et al.30 proposed several strategies for 
COVID-19 prophylaxis in buildings of different 
typologies. As the indoor temperature and humidity 
are essential parameters for indoor human comfort, 
these were considered as important parameters in the 
proposed strategies. It was recommended to update 
the National Building Code according to the current 
state of research and the growing requirements to 
prevent viral transmissions in the future as well30. The 
boundary parameters for inside humidity as well as 
temperature recommended by various standards for 
minimizing SC-2 transmission while preserving 
comfort are given in the literature31-41. According to 
all of the aforementioned recommendations, a safe 
comfortable indoor relative humidity and temperature 
range is between 40 to 60 percent and 24 to 26 
degrees Celsius, respectively. 

Occupant behavior, outside environmental 
conditions, and interior occupant density are also 
important variables in limiting SC-2 transmission in a 

confined environment42,43. Several governments as 
well as organizations worldwide have released 
guidelines and recommendations on COVID-19 
appropriate behavior in workplace situations 44,45. 
While complying with these recommendations and 
guidelines the most important factors in air-
conditioned environments are energy needs. The 
energy consumption rises as a result of the opening 
requirements in air-conditioned spaces. For the total 
population, it is quite difficult to strike an optimum 
balance between comfort, safety, and energy in any 
air-conditioned environment. 

PM2.5 and PM10, which represent the quantity of 
pollutants in the air, are the most important part of the 
AQI. Several researchers attempted to establish a link 
between particulate matter and SC-2 transmission46-51. 
Because the SC-2 is so tiny, it may readily settle on 
particulate matter as well as dust and then be spread 
by the re-suspension in built environments caused by 
human activity as well as natural factors. In confined 
locations with high occupancy, the risks of breathing 
free-floating virus load in the air are substantially 
higher. In addition, microscopic microbes can enter 
deeply into our bodies and cause severe disorders. 

Tupper et al.52 proposed the concept of “event R” 
in relation to COVID-19. According to Tupper et al., 
“Event-R is the estimated number of new infections 
attributable to the presence of a single infected 
individual at an event”. The authors established a 
fundamental relationship between “event R” as well 
as other variables namely transmission strength, 
mixing degree, individual closeness, and exposure 
time. REHVA included R-Event in their improved 
version of the REHVA calculator for aerial SC-2 
prediction tool in addition to infection likelihood53. 
Scientific study on the antecedent spreading of 
different Coronavirus strains in indoor environments 
across the world is presently determining the  
precise infection likelihood. The “REHVA calculator” 
is used to calculate the R-Event in AC settings  
to establish a link between R-Event and indoor  
CO2 concentration in an office environment. The goal 
of this work is to anticipate the R-Event using  
interior CO2 concentration in an office setting.  
Aside from CO2, exterior as well as interior 
environmental factors, and occupancy are also 
important features. 

Many researchers developed numerical models and 
simulations to anticipate infection likelihood utilizing 
objective as well as subjective data. Only a few 
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studies have attempted to find the relation between 
indoor CO2 levels and coronavirus transmission 21-28. 
However, much as CO2 may be used scientifically as 
a proxy for indoor SC-2 content, indoor CO2 
concentration can also be used to forecast likely 
infected patients. Artificial Intelligence (AI) has not 
yet been utilized in this research and has great 
potential to nudge the related works. The research 
aims are: monitoring and collection of real-time 
spatio-temporal data of objective (environmental) as 
well as subjective (occupancy-related) variables in an 
air-conditioned (AC) office to apply ML techniques 
for linkingmonitored parameters; comparing newly 
developed models (for an air-conditioned indoor 
environment) for prediction of R-Event for COVID-
19 prophylaxis. 

The R-Event value was predicted in this work for 
forecasting the likelihood of coronavirus transmission 
using Machine Learning (ML) models and Curve 
Fitting (CF). Section 2 discusses the materials and 
procedures employed in this study. This part also 
covers data collecting, standardization, and CF as well 
as ML methodology in depth. Section 3 presents the 
outcomes of the work and discussion on the same 
with highlighting the limitations. At last, section 4 
concludes the work. 
 
2 Materials and Methods 

CO2 levels in the office were continually monitored 
using an "EXTECH Indoor Air Quality Meter/Data-
logger Model EA80." Temperature and humidity 
readings were taken using the "EXTECH Heat  
Stress WBGT Meter Model HT200". The details of 
all the materials and methods are presented in the 
natural ventilation case and mixed-mode case by 
Kapoor et al.1,51.  

The model was developed using 695 data sets. This 
study includes indoor temperature (TIn), indoor 
relative humidity (RHIn), occupancy (O), area per 
person (AP), volume per person (VP), CO2 
concentration (CO2), air quality index (AQI), fan air 
speed (FS), and one target variable, R-Event. The 
chance of at least two people being present in the 
workplace had a role in the selection of the data sets. 
Solitary occupancy readings were not taken into 
consideration in this investigation. Additionally, 
readings without air conditioning device turned on 
were not taken into account.The circumstances within 
the AC office building are also influenced by its 
surroundings. It is common knowledge that office 

buildings near busy roads, markets and densely 
populated areas are impacted by environmental 
pollution. As a result, AQI, an external environmental 
variable, is also considered in this study. 

Since people are the main source of emissions in 
any indoor space, occupancy highly affects CO2 
concentration in occupied building spaces. The R-
Event is shown in equation 152. However, the 
coronavirus new cases probability calculator of 
REHVA Version 2.1 is used in this work to 
scientifically determine the R-Event. Equation 2 
represents the R-Event mathematical form as per the 
REHVA calculator53. Where IP is infection 
probability, NS is number of susceptible person, and 
NI is number of infectitious person. 

𝑅 െ 𝐸𝑣𝑒𝑛𝑡 ൌ
௞்

௧
ሺ1 െ 𝑒ିఉ௧ሻ  ... (1) 

where "T" signifies the total event duration, "β" 
signifies the transmission probability (constant 
regarding time), "t" signifies the duration that a single 
susceptible person made contact with a sick person, 
"1-e-βt" signifies the chances that any susceptible 
person will become sick, and "k" signifies the total 
person who made contact with the sick person. 

𝑅 െ 𝐸𝑣𝑒𝑛𝑡 ൌ ூ௉ൈ ேௌ

ேூ
   ... (2) 

Figure 1 shows the conceptual framework  
applied for this investigation. In order to anticipate 
SC-2 transmission in an AC office setting utilizing 
indoor CO2 as a proxy indicator, a unique ANN-based 
model must first be constructed. Data collection, 
normalization, and splitting for training/ testing are 
the main processes in the database preparation 
process. 
 
2.1 Data Collection 

Using a CO2 analyzer and a heat stress meter, the 
data for this investigation was gathered in Roorkee, 
India. The readings were taken in April and May  
in the year 2022. The coordinates for the test site are 
EL 77°54'10" and NL 29°51'54". The details of the 
office room were presented in previous research 
1,27,28,51. The main entrance door was also a static 
component in this investigation and remained closed. 
The second entrance, a side door (single door), was 
located on the east side wall. One ceiling fan is 
positioned in the center of the room. A single window 
air conditioner was installed at a height of 0.3 meters 
above the ground level, underneath the fixed 
aluminium-glass window on the south side wall. 
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Table 1 provides details of the office room 
components which are changed for AC case1,51. 

The study goal was kept under wraps from office 
staff during monitoring since the Hawthorne effect54 
would negatively affect the participants' (subjects) 
usual behavior. It is possible that individuals' behavior 
altered when they realized they were being observed. 
They also changed their movements, breathing 
patterns, and behaviors if they were aware of the 
study's goals during CO2 monitoring.  

All of the individuals in this study were informed 
about the study's final goal after the data was 
collected, and their signed consent was acquired for 
further utilizing the data obtained for analysis and 

publication purposes. All of the static participants 
were seated longitudinally in a "L" configuration, 
about one meter apart. In Kapoor et al.1, the specifics 
of the research setting and subjects are detailed. The 
monitored office space is shown in three dimensions 
in Figure 2. On the functioning of the ceiling fan, and 
the operability of side doors are predicated. Data was 
gathered at intervals of ten minutes forty-four times 
daily from Monday through Friday. 

Figure 3 and 4 show the selected dataset heat  
plot matrix and distribution of input and output 
parameters respectively. 

The data for eight input parameters were collected as 
presented in Table 2. The office room CO2 concentration  

 
 

Fig. 1 — Conceptual framework. 
 

 
 

Fig. 2 — AC office room operational cases 3-D illustration. 
 

Table 1 — Details of office room components which are altered for AC case. 
Component Front Door Side Door Side Window-1 Side Window-2 Fan (Ceiling) Air-Conditioner 

Area/Volume 3.0 m2 1.8 m2 0.6 m2 0.6 m2 - - 
Fixed/Variable Fixed (Closed) Variable Fixed (Closed) Fixed (Closed) Variable Fixed (On) 
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Fig. 3 — Heat plot matrix. 

 

 
 

Fig. 4 — Distribution of input and output parameters. 
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levels range from 404 to 1089 ppm, and there will be 
2 to 5 occupants during the research, according to the 
input data. The 0.05 to 1.00 range covers the R-Event 
output parameter. All of the feature parameters as 
well as the target withtheir lowest, maximum and 
mean values are presented in the table. It also includes 
information on skewness, kurtosis, and standard 
deviation. The indoor RH mean was 39.14 percent, 
and the average interior temperature was 27.34 
degrees Celsius. The mean occupancy was 2.76 for 
the AC office room, 9.35 m2 and 32.71 m3 were the 
average area and volume per person, respectively. The 
average CO2 concentration in the office room during 
the measuring period was 682.89 ppm. The mean AQI 
was 112.99. The average fan speeds were 1.85 m/s. 
The mean R-Event is 0.137. 
 
2.2 Standardization of Selected Data 

The chosen database for this investigation was 
standardized following the dataset collection. 
Standardization is a step in defining the measurements 
into specific ranges, like 0 to 1, -1 to +1, 0 to +0.9, or 
0 to +0.8 [1, 27, 28, 55]. Values for the selected input 
parameters might vary within a predetermined range. 
Standardization makes the computations faster. The 
datasets were standardized in the range of 0 to +0.8 
using Equation 3. 

𝑁௦௧௔௡ௗ௔௥ௗ௜௭௘ௗ ൌ 0.8 ൈ
ேି ே೘೔೙

ே೘ೌೣି ே೘೔೙
     ... (3) 

where N is the value from the database of interest, 
Nmin is the parameter's smallest value, Nmax is its 
highest value, and Nstandardized is the value that has to be 
standardized. 
 
2.3 Forecasting R-Event 

Four methods were applied to develop the 
correlation and prognosis of the R-Event. The first 
approach is the CF method. The following ML 
techniques applied were SVM and GPR. The last 
approach uses ANN, a method of AI. The R-Event as 

an output for the AC office room is predicted using 
ANN with eight inputs. 
 
2.3.1 Curve-Fitting 

Curve fitting is the process of finding a 
mathematical model that best describes a set of data 
points. The goal of curve fitting is to create an 
equation that can be used to approximate the values of 
a dependent variable based on the values of one or 
more independent variables. The process of curve 
fitting involves selecting a mathematical function that 
closely matches the data points, and then adjusting the 
parameters of the function to minimize the difference 
between the predicted values and the actual data 
points. This is typically done using a least squares 
approach, where the sum of the squared differences 
between the predicted and actual values is minimized. 
Curve fitting is commonly used in a variety of fields, 
including science, engineering, finance, and 
economics. It is often used to make predictions or 
extrapolate data beyond the range of the available 
data points.  

First-order degree curve fitting, also known as 
linear regression, is a method of fitting a straight  
line to a set of data points. In this method, the 
relationship between the dependent variable and one 
independent variable is modeled using a linear 
function of the form: 

𝑦 ൌ 𝑚𝑥 ൅ 𝑐   ... (4) 

where y is the dependent variable, x is the 
independent variable, c is the y-intercept of the line 
(the value of y when x=0), and m is the slope of the 
line (the change in y for a one-unit change in x). 

The goal of first-order degree curve fitting is to 
estimate the values of the parameters m and c that best 
fit the data. Once the parameters are estimated, the 
fitted line can be used to make predictions or estimate 
the value of the dependent variable for a given value of 
the independent variable. Additionally, the goodness of 

Table 2 — Parameters considered in developing model for AC office and their statistical analysis. 

Parameters Symbol Unit Min. Mean Max. Std. Skewness Type 
Indoor Temp. TIn °C 17.60 27.34 32.10 2.85 -2.05 

Input 

Indoor RH RHIn % 27 39.14 59.70 5.46 0.76 
Occupants O Nos. 2 2.76 5 0.76 0.61 
Area per person AP m2/person 4.80 9.35 12 2.40 -0.01 
Volume per person VP m3/person 16.80 32.71 42 8.39 -0.01 
CO2 Level Inside CO2 ppm 404 682.89 1089 118.12 0.27 
AQI AQI - 7 112.99 299 44.73 0.61 
Fan Speed FS m/s 0.50 1.85 2.40 0.36 -1.27 
R-Event R-Event - 0.05 0.14 1 0.10 5.72 Output 
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fit of the model can be assessed using measures such as 
the coefficient of determination (R-squared) or the 
residual standard error and other performance metrics. 
Based on the curve-fitting methodology, the obtained 
expression is shown in Equation 5.  

R െ Event ൌ  െ 0.0357 𝑇ூ௡ –  0.0989 𝑅𝐻ூ௡  
൅  0.2487 𝑂 െ  0.0028 𝐴௉
െ  0.00003 𝑉௉  ൅  0.1286 𝐶𝑂ଶ  
൅  0.021 𝐴𝑄𝐼 െ  0.0675 𝐹ௌ  
൅  0.0637 

 
 
 

... (5) 

Let N = 0.0637 
Now, for all the parameters the correlation coefficient 
(Cc) can be stated in computational form as: 
𝐶௖ ൌ  െ 0.0357 𝑇ூ௡ –  0.0989 𝑅𝐻ூ௡  ൅  0.2487 𝑂 

െ  0.0028 𝐴௉ െ  0.00003 𝑉௉  
൅  0.1286 𝐶𝑂ଶ  ൅  0.021 𝐴𝑄𝐼 
െ  0.0675 𝐹ௌ 

 
 
 

... (6) 

Eventually, the equation becomes: 

R െ Event ൌ  𝐶௖  ൅  𝑁  ... (7) 
 

2.3.2 Artificial Neural Networks 
The first ANNwas developed by psychologist 

Frank Rosenblatt in 1958. During the last four 
decades, ANN has made important contributions to 
the development of a number of sophisticated 
information-processing techniques1. The ANN 
modeling approach uses computers to simulate 
several fundamental properties of the human brain, 

like the ability to solve difficulties in new situations by 
employing knowledge from earlier experiences. The 
effectiveness of the model learning process is 
significantly influenced by the hidden layer neurons55,56. 
By comparing measured outputs with projected 
outcomes, a trained ANN can detect relationships 
among the data to produce the best results feasible. 

The neural networks are able to develop models 
from complex datasets with multiple features. It 
improves the usability and accuracy of models 57. The 
main goal of training is to reduce mistakes while 
raising the correlation coefficient's value (R = 1). The 
"MSE" as well as "R" shows the ANN performance. 
The equations of both the performance indices are 
presented below in equations 8 and 9. 

R = 
∑ሺ௫೔ି ௫̅ሻ ൈ ሺ௬೔ି ௬തሻ

ට∑ሺ௫೔ି ௫̅ሻమ ൈ∑ሺ௬೔ି ௬തሻమ
  ... (8) 

where, xi denotes measured values, 𝑥̅denotes 
measured values mean, yi denotes predicted values, 
𝑦തdenotes predicted values mean. 

MSE = 
ଵ

ே
∑ ሺ𝑥௜ െ 𝑦௜ሻଶ
ே
௜ୀଵ    ... (9) 

The practice of describing a phenomenon in a set 
of computer assertions is known as modeling. It is 
vital to determine the optimum network design, which 
provides high accuracy. The “R” as well as “MSE” 
were determined for each neuron. Figure 5 presents 

 
 

Fig. 5 — Selection of best neuron based on R and MSE value (a) R--training, (b) R-testing, (c) R-all, (d) MSE-training, (e) MSE-testing, 
and (f) MSE-all. 
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the performance of the network depending on the 
MSE. 3 to 19 neurons were employed to train the 
ANN model. The training correlation coefficient 
peaked at the fourth neuron with the value of 0.99925. 
The “MSE” and “R” of each neuron were taken into 
account while deciding its ranking. The neurons with 
greater “R” were ranked from higher value to lower 
value. However, the neurons with lower “MSE” were 
given a higher ranking. The best ranked neurons were 
determined by adding together the ranks of “MSE” as 
well as “R” of every neuron for training, and testing. 
Out of all the trials, the fourth neuron trial gets the 
lowest overall rating score, making it the best ranked 
neuron. One hidden layer with four neurons makes up 
the network that predicts each neuron's performance 
the best. The LM training method's superior 
convergence, high accuracy, and rapid network 
training was the reason for opting for the same in this 
work. This approach is speedier but frequently calls 
for more memory. 

𝑦 ൌ 𝑡𝑎𝑛𝑔𝑠𝑖𝑔ሺ𝑥ሻ ൌ  
ଶ

ሺଵା ௘షమೣሻ
െ 1                     ... (10) 

 

𝑦 ൌ 𝑝𝑢𝑟𝑙𝑖𝑛ሺ𝑥ሻ ൌ 𝑥  ... (11) 
 

The “MSE” values at various neurons for training, 
as well as testing, are shown in Figure 5. For each 
trained neuron, the training, as well as testing “MSE” 
were recorded along with the “R”. The highest 
“MSE” for training as well as is at the 5thneuron with 
the values of 0.002834 and 0.009308 serially. 
Whereas the highest testing “MSE” is at the 12th 
neuron with the value of 0.295579. 
 

2.3.3 Support vector machines 
Vladimir Vapnik devised the Support Vector Machine 
(SVM) paradigm in the 1990s, which is predicated  
on the foundations of Statistical Learning Theory. 
SVMs delineate a decision boundary by identifying 
the extreme boundaries and constructing the 
corresponding hyperplanes that effectively separate 
two distinct classes. Anomalies in decision boundaries 
can lead to erroneous classification of new datasets. 
The key principle of SVMs is the identification of 
support vectors, which correspond to extreme data 
points and assist in identifying the constraints of the 
decision boundary. 

SVMs have gained widespread utility in 
classification tasks. The conventional approach to 
regression analysis involves estimating the function 
f(x) that minimizes the difference between empirical 
responses and predictions for all training datasets. 

However, SVMs prioritize achieving the shortest 
generic error bound over the minimal observed 
training error to obtain optimal performance. The 
regularization term, which constrains the complexity 
of the function space, is combined with the training 
error to yield the generalization error bound. 
 
2.3.4 Gaussian process regression 

Gaussian Process Regression (GPR) is a 
nonparametric Bayesian machine-learning technique 
employed for regression analysis. Carl Edward 
Rasmussen and Christopher K. I. Williams developed 
this method in the mid-1990s. GPR is based on the 
concept of representing a function as a Gaussian 
process, which is a set of random variables  
having a joint Gaussian distribution for any finite 
number of them. This distinctive feature permits the 
modeling of uncertainty in predictions, in contrast to 
conventional linear regression which only accounts for 
the mean value. 

The formulation of GPR involves defining "a prior 
over functions" that is then modified based on 
observed data to generate a posterior distribution over 
functions. This posterior distribution is subsequently 
utilized to create predictions by determining the 
expected value of the function at all new input points 
and the prediction's uncertainty. The forecast is 
represented as a Gaussian distribution with a mean 
and covariance that captures the level of uncertainty 
in the prediction. 

In summary, GPR is a robust technique for 
approximating functions and quantifying uncertainty, 
with applications in various fields such as 
geostatistics, civil engineering, time series analysis, 
and robotics. 
 
2.3.5 Performance criteria 

For assessing the precision of ML as well as CF 
models, performance metrics including R, MAE, 
MAPE, MSE, RMSE, NS, and a20-index are taken 
into consideration to establish the models' 
predictability58-61. The equations for the same are 
given in the formulae equations 12 to 16 below. To 
gauge a model's correctness, higher values (near to 1) 
of the NS index as well as R are required. Equations 8 
and 9, which stand for the “R” and “MSE” equations, 
were previously stated in section 2.3.2. 

𝑀𝐴𝐸 ൌ  
ଵ

ே
∑ |𝑥௜ െ 𝑦௜|
ே
ூୀଵ  ... (12) 

 

𝑀𝐴𝑃𝐸 ൌ  
ଵ

ே
∑ ቚ௫೔ି௬೔

௫೔
ቚே

ூୀଵ ൈ 100 ... (13) 
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𝑅𝑀𝑆𝐸 ൌ  ට
∑ ሺ௫೔ି௬೔ሻమ
ಿ
೔సభ

ே
 ... (14) 

 

𝑁𝑆 ൌ  1 െ
∑ ሺ௫೔ି௬೔ሻమ
ಿ
೔సభ

∑ ሺ௫೔ି ௬ഢഥ ሻమ
ಿ
೔సభ

 ... (15) 
 

𝑎20 െ 𝑖𝑛𝑑𝑒𝑥 ൌ  
௠ଶ଴

ே
 ... (16) 

where N is the total experimental dataset number, 
𝑥௜and𝑦௜are the measured andanticipated values at ith 
level, 𝑦పഥ  is the mean value of the anticipated results. 
 

3 Results and Discussion 
In this section, an analysis has been conducted on 

the outcomes of all the models that have been 
developed. The performance indices, pertaining to 
each model, have been tabulated and presented in 
Table 3. The R-value of CF, SVM, GPR and ANN 
model for the complete dataset is 0.6462, 0.8182, 
0.9936 and 0.9992, respectively.  

In terms of predicting R-Event, it has been 
observed that the ANN model exhibits superior 
performance as compared to the CF model. The 
correlation coefficient of the ANN model is 35.33% 
higher than that of the CF model. Additionally, the 
performance indices of the CF model, including 
MAE, MAPE, RMSE, NS, and a20-index, have 
respective values of 0.0311, 22.1321, 0.0802, 0.4084, 
and 0.6738. Conversely, the performance indices of 
the ANN model are 0.0017, 1.0575, 0.0042, 0.9984, 
and 0.9986, respectively. 

Furthermore, it has been observed that the MAE, 
MAPE, and RMSE values of the CF model are 
94.53%, 95.22%, and 94.76% higher than those of the 
ANN model, respectively. In terms of the a20-index 
and NS performance factors, the ANN model has 
demonstrated superior performance, exhibiting values 
that are 32.53% and 59.09% greater than those of the 
CF model, respectively. Hence, based on the 
performance indices it can be concluded that the ANN 
shows stronger precision as compared to other CF and 
ML models.  

A scatter plot has been generated to illustrate the 
relationship between the measured R-Event and 
predicted R-Event values. As depicted in Figure 6, it 
can be observed that only 36.83% of the dataset is 
situated on the redline, which represents the model fit. 
Additionally, a marginal box-plot has been 
constructed to visualize the number of datasets and 
their corresponding error values. The marginal plot 
confirms that only eight data points lie outside the 
error range values of 0.0743. The range of error is 
confined between -0.09141 to 0.83663. 

Figure 7 shows the scatter and marginal plot of the 
training, testing and complete dataset. In Figure 7a, 
the first graph shows the scatter plot in which the R-
Event values of measurement and prediction have 
been presented. 53.60% of the dataset is directly 
covering the fitting line of the model as shown in  
red  color  in  Figure 7a  (leftside). The  error range is  

Table 3 — Performance comparison of CF, GPR, ANN and SVM models. 

Performance Indicator Data Type ANN GPR SVM CF 
R Training 0.9992 1 0.8304 0.6462 

Testing 0.9994 0.9752 0.7855 
All 0.9992 0.9936 0.8182 

MAE Training 0.0017 0.00004 0.0102 0.0311 
Testing 0.0017 0.0066 0.0143 

All 0.0017 0.0014 0.0109 

MAPE Training 1.0695 0.0272 4.7271 22.1320 
Testing 1.0094 4.2581 5.9515 

All 1.0575 0.8733 4.9719 

MSE Training 0.00002 0 0.0035 0.0064 
Testing 0.00002 0.0007 0.0062 

All 0.00002 0.0001 0.0041 

RMSE Training 0.0045 0 0.0592 0.0802 
Testing 0.0045 0.0265 0.0787 

All 0.0045 0.0118 0.0639 

NS Training 0.9983 0.9999 0.6473 0.4084 
Testing 0.9986 0.9508 0.5599 

All 0.9984 0.9871 0.6246 

a-20 Index Training 0.9982 1 0.9802 0.6738 
Testing 1 0.9568 0.9496 

All 0.9986 0.9914 0.9741 
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Fig. 6 — Results of curve fitting model (a) scatter plot, (b) marginal plot. 
 

 
 

Fig. 7 — Results of SVM model (a) training dataset, (b) testing dataset, and (c) complete dataset. 
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between -0.0533 to 0.7859 as depicted by the 
marginal plot in Fig. 7a (right-side), and only 5 values 
exceed the error range value of 0.0249.  

Similarly, Fig. 7b is drawn for testing the  
dataset for the SVM model. The scatter plot shown in 
Fig. 7b (left-side) presents that 53.24% of the dataset 
is lying over the redline showing the fitting of the 
model. The error range is between -0.02816 to 
0.75381 as presented in Fig. 7b (right-side) and the 
marginal plot shows that only 2 values are above the 
error range value of 0.04114. 

Fig. 7c shows the fitting of the SVM model for the 
complete dataset. In Fig. 7c, the first part is a scatter 
plot, which shows that 53.53% of the dataset is 

directly covering the fitting line of the model. The 
range of the error is lying between -0.0533 to 0.7859 
as shown in Fig. 7c (right-side). It is confirmed by the 
marginal plot that only seven values exceed the error 
range value of 0.0411.  

The performance of GPR and ANN models are 
shown in Figs 8 and 9, respectively. Figure 8 shows 
the fitting of the GPR model for the training dataset. 
In Fig. 8, the first plot shows the scatter plot in which 
the R-Event value of measurement and predictions 
has been presented and 50% of the data is covering 
the fitting line of the model as shown in Fig. 8a  
(left-side). The error is between -0.0001 to 0.0009 as 
presented in the second plot of Fig. 8a (right-side). 

 
 

Fig. 8 — Results of GPR model (a) training dataset, (b) testing dataset, and (c) complete dataset. 
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The third plot shows that no value exceeds the error 
range value of 0.0009.  

The scatter plot in Fig. 8b (left-side) presents that 
only 43.17% data of the GPR testing test is nearly 
aligned to the fitting line of the model. The error 
range plot shows the limit between -0.2427 to 0.1630 
for the GPR testing dataset. Only one value exceeds 
the error range of 0.0596 as shown in Figure 8b 
(right-side).  

Figure 8c shows the scatter plot, error range plot, 
and marginal plot of the complete dataset used for the 
GPR model. The 48.63% of data is aligned with the 
fitting line drawn between the measured R-Event and 

predicted R-Event as shown in Fig. 8c (left-side). 
Only one value is exceeding the error range of 0.0596 
in the marginal plot and the error range is between -
0.2427 to 0.1360 as shown in Figure 8c (right-side).  

In Figure 9, there are three sections in each figure, 
where the first section of all the ANN figures contains 
76.08%, 74.82% and 75.83% dataset on the fitting 
line for each training, testing and complete dataset, 
sequentially. The error range of the training, testing 
and complete dataset are -0.0373 to 0.0333, -0.0365 
to 0.0269, and -0.0373 to 0.0333, respectively. For all 
three ANN datasets, no value exceeds the maximum 
error range.  

 
 

Fig. 9 — Results of ANN model (a) training dataset, (b) testing dataset, and (c) complete dataset. 
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The Taylor plot, also known as the Taylor diagram 
or Taylor chart, is a graphical tool that is commonly 
used to compare the performance of multiple climate 
models against a reference dataset or observation. It 
was first introduced by Karl Taylor in 200162,63.The 
plot consists of a polar coordinate system, where the 
distance from the origin represents the normalized 
standard deviation of the model compared to the 
reference dataset, and the angle represents the 
correlation coefficient between the model and the 
reference dataset. The reference dataset is usually 
represented as a point at the origin. The models are 
plotted as points on the diagram, with their distance 
and angle relative to the reference dataset indicating 
their performance compared to the reference. Models 
that have high correlation coefficients and low 
normalized standard deviations are considered to be 
better performers than those that have lower correlation 
coefficients and higher normalized standard deviations. 
In summary, the Taylor plot is a useful tool for visually 
comparing the performance of multiple models against 
a reference dataset or observation, allowing researchers 
to identify which models perform best and worst and to 
gain insights into the strengths and weaknesses of each 
model. The fitting of the developed has been shown in 
Fig. 10. In Fig. 10, the GPR and ANN models directly 
lie over the dotted blue line that represents the standard 
deviation. However, the CF and SVM models are far 
away from the standard deviation line of the measured 
R-Event. The Taylor plot also confirms the accuracy of 
the ANN model. 
 
3.1 Proposed ANN Formulation to estimate the R-Event 

ANN model demonstrated excellent accuracy for 
prediction. The ANN model is presented to workout 
R-Event. The final equation for the prediction purpose 
is Equation 17: 

𝑅 െ 𝐸𝑣𝑒𝑛𝑡 ൌ 𝑝𝑢𝑟𝑙𝑖𝑛ሺ𝑊ுை𝑌௜ ൅  𝐵ுைሻ ൌ  𝑊ுை𝑌௜ ൅  𝐵ுை 
 ... (17) 
Equation 17 shows the general form for input to 

hidden layer Yi. 

𝑌௜ ൌ  𝑊ூு𝑁௜,௡௢௥௠௔௟௜௭௘ௗ ൅ 𝐵ூு ... (18) 

where WIH and BIH denote matrix weight and biases 
between the input-to-hidden layer, WHOand BHOare the 
weights and biases of the hidden-to-output layer, 
Ni,normalized denotes normalized inputs. 

The proposed model comprises eight input 
parameters. Equation 20 may be used to determine 
Yivalue. Equation 19 expresses the final R-Event 
equation. 

𝑅 െ 𝐸𝑣𝑒𝑛𝑡 ൌ  െ 0.748020 𝑃ଵ െ  1.045879 𝑃ଶ  
൅  0.329071 𝑃ଷ ൅ 0.082082 𝑃ସ
െ 0.306008 

... (19) 
Some other general observations were obtained 

over the course of the research. Increased indoor 
activity raises the risk of viral spread and has an 
immediate impact on CO2 levels. The volume and size 
of the workplace are key components for a safe 
working environment. The primary variable that has a 
strong link with R-Event is occupancy. As a result, 
occupancy levels must be reduced to a safe level for a 
secure workplace. In order to maintain low CO2 levels 
inside buildings and prevent the spread of SC-2, 

 
 

Fig. 10 — Taylor plot of the developed ML models. 
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ventilation is essential. Significant correlations 
between CO2 levels and indoor airborne transmissions 
show the necessity for enhanced ventilation in air-
conditioned situations. It is suggested to keep up with 
all ventilation systems for better operational 
management. The performance of full-scale operation 
is improved by effective maintenance. In the 
workplace, continuous talking must be avoided since 
it increases the danger of an infection spreading when 
it takes place without a mask. By using sensors, 
maintaining hygiene, properly utilizing personal 
safety equipment, providing instruction, and enforcing 
the law in buildings, the threat of viral transmission 
can be significantly reduced. 
 
3.2 Limitations and Scope of Future Research 

This study has a number of constraints. The focus 
of this study is only on the interior spaces of a single-
zone air-conditioned office room. A solitary infection 
source is taken into consideration with pathogen 
proliferation occurring entirely through airborne 
transmission channels in an office setting functioning 
under the composite climatic environment. This work 
is constrained by a variety of financial, social, 
technical, and other factors. The method is uniform, 
though, and may be applied to a wide range of 
structures in different climatic zones with other 
environmental circumstances and parameters. The 
direction as well as air flow patterns were not 
considered in this experiment. They could, however, 
significantly affect how airborne viruses travel, which 
limits the study's potential application. Only diurnal 
environmental changes are considered since office 
hours hinder the monitoring of night oscillations. 
Aged between 21 and 30, the participants were 
healthy individuals without any breathing problems. 
The information obtained is case-based as well as 
dependent on a number of additional environmental 
conditions that are not covered in this study, such as 
pressure, several other pollutants present indoors and 
outdoors, and wind direction. This study takes into 
account subjects using the workplace space, not 
wearing a face mask, and is therefore susceptible to 
SC-2. For purposes of prediction, this study takes into 
account the SC-2 DELTA strain, which is twice as 
contagious as the initial viral strain of SC-2. 
Extremely inconsistent behavior is seen by both 
recent and historic SC-2 versions. This study does not 
address the relationship between viruses and people. 
Every individual has a distinctive behavior depending 
on their brain-prints as well as experiences, the broad 

variation in human behavior under various conditions 
is in and of itself a constraint. This technique has 
additional restrictions because the model can only 
forecast outcomes within the bounds of the dataset. 
Other respiratory actions like coughing, sneezing, etc. 
were just not deliberated in this study either. Although 
the mobility of individuals outside of offices, close to 
doors and windows, is another crucial feature, this 
research does not take it into account because of the 
very dynamic surroundings. Other case-based 
adjustments are limits of the created model, which 
estimates the average rate of event reproduction for 
the office space with diurnal fluctuations. Close touch 
and the spread of fomite were not taken into account. 
Non-uniform concentration is another constraint of 
the created model. The created model is a single-zone 
model. Many of the parameters, which were obtained 
from the literature or extrapolated using the best 
information currently available, are imprecise. Future 
research will address some of these shortcomings. 
Although more complicated as well as realistic 
models can be created, the parametric uncertainty 
may still predominate in the overall uncertainty. To 
include fresh knowledge, futuristic models might take 
parameters depending on the results of recent studies. 
For more “features” i.e. inputs and more “feature 
sets”, the “Target”, i.e. output (here R-Event) can be 
more accurate with lower cost-function value. This 
will result in better predictions of the transmission 
prognosis of SC-2 in any particular built environment 
the model is developed for. Parametric (i.e. feature) 
uncertainty and alterations in viral behavior will affect 
the real-time overall uncertainty. 
 

4 Conclusion 
The AI-based modeling process is typically a 

difficult method. The four models presented in this 
paper are an analytical CF model, an SVM model, a 
GPR model, and an ANN model. These prediction 
models were developed and put to the test to predict 
the R-Event in an AC office environment. In an AC 
office space that was located in a composite climate 
of India, real-time monitoring of the office 
environment was done in the months of April as well 
as May of 2022. Eight input parameters were used for 
developing the models. For particular occurrences, R-
Event is the target showing the chances that SARS-
CoV-2 would spread indoors. The event specific 
transmission (R-Event) prognosis will help in 
COVID-19 prophylaxis in air-conditioned office 
rooms and will definitely nudge public safety  
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and health as an outcome. The data were statistically 
examined before being subjected to CF, SVM,  
and GPR and then ANN training, and testing,  
The ANN model outperformed all the developed 
models in terms of accuracy in forecasting the R-
Event. With observed findings, ANN displayed a 
greater correlation as well as lower error (R=0.9992, 
RMSE=0.0042, MSE=0.0000, MAPE=1.0575, 
MAE=0.0017, NS=0.9984, and a20-index=0.9986). 
The models created in this work are helpful in 
forecasting the R-Event in enclosed air-conditioned 
spaces. As a long-term outcome, this study and 
related types of research may be able to save lives as 
well as time, money, and efforts. 
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