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Abstract 

Purpose: The study aims to study the effect of architectural design 

parameters on IEQ in accomplishing school smartification. 

Method: The research was conducted in school buildings located in 

Tabriz, Iran. The indicators chosen to represent IEQ are the adaptive 

PMV model used for thermal comfort, imageless daylight glare 

probability used for visual comfort, and CO2 concentration used for 
 ـــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــــ

 Corresponding Author: khandan@ut.ac.ir 

How to Cite: Mohammadi, S., Gorji Mahlabani, Y., Karimi, F. & Mohammad 

Hoseini, B. (2022). The Effect of Architectural Design Parameters on IEQ in 

Accomplishing School Smartification. International Journal of Digital Content 

Management (IJDCM), 3(5), 223-248. 

DOI: 10.22054/dcm.2022.67853.1089 



Mohammadi et al.  | 224 

 

 

IAQ assessment. The simulation technique was used to collect data for 

a generative parametric school model. The method of data analysis 

includes a multivariate linear regression algorithm, t-test statistic, and 

one-way analysis of variance. The studied variables are dimensions of 

classrooms with the fixed area, Percentage of window area on a wall, 

window height, Shading, and protrusions in plan design. The stepwise 

method for multivariate linear regression in SPSS was used to assess 

the vital IEQ indicator in terms of thermal and visual comfort and 

CO2 concentration. 

Findings: The study found that among studied indicators, the south 

facade window ratio significantly correlates with IEQ. The other 

parameters are the north window ratio and north window height. the 

findings revealed that to increase the IEQ in schools, facade design is 

more critical than the plan. The higher the window surface on the 

south, north, west, and east faces, the greater the thermal comfort and 

glare probability is. 

Conclusion: However, increasing the height of the windows can 

reduce glare and also increase thermal comfort. Thermal comfort 

improves as the length of the southern classrooms rises. On the bright 

side, it has no noticeable glare effect. 

Keywords: IEQ, Thermal comfort, Visual comfort, IAQ, 

Optimization, Smart schools. 

 

 

 

 

1. Introduction 

According to recent studies, interior environment quality (IEQ) 

has a direct association with the health and efficiency of people in the 

workplace and educational environments (Fisk, 2000, 2002; Fisk, 

Black, & Brunner, 2011). 

Schools are becoming smart places as a result of technological 

advancements and the rising trend of building intelligence (Renz & 

Hilbig, 2020). School smartening is a type of preparation for an 

educational center's demands that boosts pupils' positivity and 
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intelligence. School intelligence has become so widespread around the 

world that school administrators are considering its quality and kind 

(Mogas, Palau, Fuentes, & Cebrián, 2021). Thermal, visual, and 

acoustic comfort and indoor air quality are the factors that influence 

the IEQ index (Diaz, Piderit, & Attia, 2021; W. Wei, Wargocki, 

Zirngibl, Bendžalová, & Mandin, 2020). Energy consumption is 

necessary to provide cooling, heating, lighting, and ventilation to the 

degree that they are required for human comfort (Asadi, Mahyuddin, 

& Shafigh, 2017; Pereira, Lamas, & da Silva, 2019). As a result, the 

two measures of building energy use and indoor air quality are linked. 

Developing the concepts and methods of architectural design in such a 

way as to decrease energy consumption in the building demands a 

strategic approach. Schools, where students spend the majority of their 

time, are one of the most significant structures whose architecture 

influences the quality of learning (Catalina & Iordache, 2012). The 

quality of the interior environment can be assessed and questioned 

objectively in the built structures, or by analyzing design criteria used 

to compute or simulate yearly energy performance for buildings under 

construction (Kabele, Veverková, & Urban, 2019; Karapetsis & 

Alexandri, 2016). Smart schools are still an exploratory field of 

research and innovation. Specific intelligent services, such as ICT, 

content delivery devices and tools, approaches for improving student 

involvement, automatic review of student contributions, and student 

attendance management, are the most common developments (Saini & 

Goel, 2019). The comfort of a building is heavily influenced by 

architectural design aspects. Numerous studies have been conducted 

on the link between form parameters and the scale of a single building 

(Alghamdi, Tang, Kanjanabootra, & Alterman, 2022; Lang, 

Wargocki, & Liu, 2022; L. Wei et al., 2016). Building typology, 

orientation, building form, building shell, interior design, and 

complementing components are the six categories of architectural 

design considerations. Figure 1 depicts the subsets of each group. 

Several factors have an impact on the building's internal atmosphere 

(Zhang et al., 2022). One essential choice, for example, is the size of 

the windows, which can diminish or raise the inside comfort 

conditions (visual, acoustic, thermal) (Bahaj, James, & Jentsch, 2008). 

Knowing the proper quantity throughout the design process, on the 

other hand, is more valuable than analyzing its usefulness after the 
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occurrence. In architectural decision-making challenges (Rahbar, 

Mahdavinejad, Markazi, & Bemanian, 2022), parametric models and 

optimization tools are effective solutions to attain the required goals 

(Hollberg & Ruth, 2016; Holzer, Hough, & Burry, 2007; Razmi, 

Rahbar, & Bemanian, 2022). The school building is defined as a 

parametric model in this article, which then assesses the effect of 

modifying design parameters on thermal and visual comfort, as well 

as interior air quality, using simulation tools in the Grasshopper 

plugin. The simulation approach is used to examine the efficiency of 

the interior environment throughout the design process. By identifying 

these elements, an effective initial step in recognizing strategies to 

increase student participation to improve the IEQ and the school’s 

smartification will be taken. 
Figure 1 Architecture design factors 

 

 

2. Method 

The study begins with an examination of the features of Tabriz 

school plans and facades, as shown in Figure 2. The results regarding 

the different dimensions and sizes of the classrooms, the number of 

floors, and the arrangement of the spaces have been investigated by 

comparing and analyzing the technical documents of the sample 

schools. A parametric model has been designed based on the dominant 

sample of schools. Automated modeling, simulation, and assessment 

approaches implemented in Grasshopper software are used to collect 

data in this study. The following are some of the plugins and 

simulation engines that are used in this process: Grasshopper is in 
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charge of the parametric modeling of a school building in the first 

stage, which will be responsible for the sampling. The parametric 

design was used to create a mix of characteristics such as class 

dimension, percentage of openings, and canopy size. In the second 

section, the Ladybug and Honeybee plugins will use the Energy Plus 

and Open Studio engines to evaluate building performance in terms of 

thermal comfort and carbon dioxide concentration. Glare analysis is 

also done using the radiance engine (Figure 3). This step is done 250 

times using an automated cycle to update the design parameters and 

save the simulation results in the program. Alternatively, 250 

examples of various designs were tested for thermal comfort, visual 

comfort, and indoor air quality. To study the link between the 

researched parameters and selected indicators, the gathered findings 

and data of the samples collected in Grasshopper software were 

analyzed using multivariate linear regression in a stepwise method in 

SPSS. 

 

Figure 2. Research methodology 

 
Figure 3. Modeling and simulation details 
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2.1. Productive design 

To create a parametric school model, seventy samples of Tabriz 

schools were investigated. The following was generally true of their 

plan: 1. The classrooms were arranged in a hedge, with the 

communication area in the middle of the two rows of classrooms. 2. 

the interface is positioned on the length axis; however, if there are 

other entries, they are placed close to the width axes. 3. The majority 

of the staircases are in the length and width axes, in front of the 

entryway. 4. Patio usage is uncommon. 5. The entrance's maximal 

direction is south. Schools have a rectangular and longitudinal plan 

with a width of thirteen to twenty-eight meters and a length of fifteen 

to seventy meters. The most common ratio of length to width is two to 

one, with a width of sixteen meters and a length of thirty meters. The 

rectangular shape with no more fractures has been utilized in the 

plans. A tiny percentage had depressions and protrusions in relation to 

the plan's primary rectangle. Figure 4 shows the types of fractures and 

their frequency. 

Figure 4  The examined school’s plan 

According to Table 1, two-story structures without basements 

represent around 40% of the samples in terms of floor count. In 

general, the findings revealed that the hallway is regarded as the major 

area in the plans, with classrooms and other spaces placed around it.  
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Table 1. Frequency of surveyed schools in terms of number of 

floors 

     
 

1.4% 7.04% 26.76% 16.90% 43.66% 4.22% 

 

As a result, the chosen model for parametric design is developed 

in the manner shown in Figure 5. The influence of building orientation 

(Buratti, Moretti, Belloni, & Cotana, 2013; Mazzeo & Kontoleon, 

2020), type of material (Latha, Darshana, & Venugopal, 2015), 

opening rate (Lyons, Arasteh, & Huizenga, 2000; Singh, Garg, & Jha, 

2008), space dimensions, type of canopy (Middel, Selover, Hagen, & 

Chhetri, 2016), and size on thermal comfort has been shown in 

studies. The size of windows and canopies is also appropriate in terms 

of visual comfort  (Lee & Tavil, 2007; Tzempelikos & Chan, 2016). 

The following variables were chosen for examination in this 

study, with the rest of the components remaining constant. The 

variables of classroom length with the fixed area, the proportion of 

window area to the wall, canopy size, and ledge in the plan, which are 

stated in Table 2, were chosen for this study. 

Table 1. Parametric design variables 

no Design variables  Range  Design 

feature 

scope  
Min  Max 

V.1 Length of class no. 1 5.00 to 8.00 Shape  

V.2 Length of class no. 2 5.00 to 8.00 Shape 

V.3 Length of class no. 3 5.00 to 8.00 Shape 

V.4 Length of class no. 4 5.00 to 8.0 Shape 

V.5 Length of class no. 5 5.00 to 8.00 Shape 

V.6 Length of class no. 6 5.00 to 8.00 Shape 

V.7 South and west window height 1.0-2.0m Fenestration 

V.8 North and east window height 1.0-2.0m Fenestration 

V.9 Window ratio on south  0-0.9%   Fenestration 
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V.10 Window ratio on east 0.2-0.9%   Fenestration 

V.11 Window ratio on north 0-0.9%   Fenestration 

V.12 Window ratio on west 0.2-0.9%   Fenestration 

V.13 Depth of shader 0-0.9%   Shading  

A numerical interval governs the design variables, which are all 

part of the architectural geometry. A corridor is constructed in the 

center of the plan based on the selected sample. Corridors and 

staircases, as well as places other than the classroom, were deemed 

fixed in the parametric model. The length-to-width ratio of classes 

will vary. Their area and location in the plan are regarded as fixed. 

 

 

 

 

 

 

 

 

 

Figure 5.  Description of changing the dimensions of classes 

The length of each class is chosen between five and eight meters. 

Each class has a length of between five and eight meters. The width of 

the class is computed automatically by dividing the 42 (area of the 

Figure 4. Selected school model 
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classes) over the given length. The second story is laid out equally to 

the first one. Figure 6 demonstrates how the size of classes in a 

parametric model is adjusted. The windows are designed as a 

proportion of the façade, and each side of the facade has a slider 

(north, south, east, west). The range was chosen between 0.2 and 0.9 

for the northern and southern faces. Because windowless classrooms 

appear at zero intervals.  there was no requirement for east and west 

windows so the design procedure allowed for their removal, east, and 

west windows ranged from 0 to 0.9. The canopy's depth, which is 

solely designed for south windows, ranged from 10 to 90 cm. A 

conditional method was created for the beginning height of the 

windows in such a manner that if the area of the windows is greater 

than or equal to 40% of the facade surface, its value is 90 cm, and if it 

is less than 40%, its value is 1 meter and 10 cm. Following the 

modeling procedure, the masses were transformed into a thermal zone, 

and the high school's physical program was changed using a plug-in 

tool. Each building zone has a specific function allocated to it. The 

wall, window, ceiling, and floor structural parameters are based on the 

features of typical Iranian construction, as shown in Table 3. 

In its models, this study employed Tabriz city climatic data. The 

winters are frigid, while the summers are sweltering. Its climate may 

be described as arid and chilly. The meteorological file utilized in this 

study is for Tabriz Airport, which is located at an altitude of 1367 

meters and has a latitude of 38.05 North and a longitude of 46.27 East 

("energy plus weather data," 2021). 

Table 2. Details of simulated materials 
Exterior Wall layers details 

R-Value (m2 - ◦K]/W) 

 

Specific Ht (kJ/[kg 

- ◦K) 

 

Density 

(kg/m3 ) 

 

thickness 
(MM) 

Layers 

0.054 1.09 800 15 
gypsum 
plaster 

0.39 0.840 1300 150 Clay block 

1.04 0.836 265 50 
Wall 

insulation 

0.39 0.840 1300 100 Clay block 

0.30 0.840 1700 30 Facade brick 
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R   : 1.178 m2.K/W            U :0.848W/m2.K 

Interior Wall layers details 

0.054 1.09 800 15 gypsum plaster 

0.39 0.840 1300 150 Clay block 

0.054 1.09 800 15 gypsum plaster 

R   : 0.8869 m2.K/W       U :11.274W/m2.K 

Window material 

Visible transmittance Solar heat gain coefficient 
U-value  

(W/m2.K) 

0.76 0.45 1.8 

 

2.2. Simulation 

In this work, the adaptive PMV model was used as a thermal 

comfort indicator. According to ASHRAE 55 (Handbook-Fundamentals & 

Edition, 2009), it is a model that manages the internal temperature or 

allowed temperature range using outer climatic or metrological 

elements and is determined based on climatic conditions outside the 

structure. According to a significant number of studies (Choudhury, 

Majumdar, & Datta, 2011), human well-being is determined not only by 

physiology and heat transmission mechanisms but also by social 

factors and psychological responses to the environment. Honeybee 

calculated the adaptive thermal comfort coefficient, which was 

utilized to estimate the degree of thermal discomfort, using the Open 

Studio engine (Figure 7). 

Figure 6. Simulation process of thermal discomfort in Grasshopper 

software 
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The Daylight glare probability (DGP) is a visual comfort 

performance indicator (Chaloeytoy, Ichinose, & Chien, 2020). 

Wienold and Christoffersen (Wienold & Christoffersen, 2005) 

proposed this short-term, local, single-domain index to quantify glare. 

In 2006, it was authorized  (Wienold & Christoffersen, 2006). The 

crucial thing to remember about daylight glare is that, while it was 

created to explore glare in recorded photographs, it can still be used to 

assess glare in simulated images. As a result, it is the most acceptable 

criterion for assessing glare difficulties, according to Sook and 

Schiller (Suk, Schiler, & Kensek, 2013). The drawback is that it takes 

longer than many other indications that only require basic analytical 

computations. First, the designer must select one or more favorite 

positions that are relevant to the initial occupants of the space. 

Radiation image format renderings should be provided and finally, the 

light radiation evaluation performed using Evalglare software, 

advanced software that can detect light sources in 180-degree ocular 

scene. Wienold (Wienold, 2007) also provides a simpler form in 

which, depending on the local values, the logarithmic expression is 

omitted (brightness and solid angle of the source viewed from the 

point of view). Nathaniel Jones  (Jones, 2019) proposed a method for 

calculating annual light output in less time without the requirement for 

picture rendering to solve the problem. The approach used to examine 

glare in this article is the potential of glare without a picture (Figure 

8). The phrase "carbon dioxide concentration" is commonly used to 

describe the quality of indoor air in terms of the amount of ventilation 

necessary to lower the concentration of contaminants (Wargocki, Wyon, 

Sundell, Clausen, & Fanger, 2000). This indicator is appropriate for 

ventilation (Kapalo, Vilcekova, & Voznyak, 2014), and the link between it 

and indoor air quality has been thoroughly established. Internal quality 

standards such as ASHRAE (Handbook-Fundamentals & Edition, 2009) and 

EN15251 (Comite'Europe'en de Normalisation, 2007) provide minimum 
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ventilation rate criteria. Carbon dioxide concentrations exceeding 

1000 ppm, according to research (Cetin, 2016), can harm inhabitants' 

health. 

Figure 7. Visual comfort simulation workflow in Grasshopper software 

The Energy Plus motor is utilized in this model to assess this 

factor. Energy Plus is one of the most extensively used energy 

modeling tools, capable of calculating carbon dioxide concentration 

(based on occupation production, and decrease related to external air 

infiltration (Figure 9). 

Figure 8. CO2 concentration simulation workflow in Grasshopper software 
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3. Results 

If the linear correlation is selected, the coefficient may be 

obtained from the database using multivariate linear regression. The 

relationship between the investigated factor, in this case, thermal 

discomfort, visual discomfort, and carbon dioxide concentrations 

exceeding 800 ppm were expressed as the following equation utilizing 

the 13 components listed in Table 2. 

(1)  

Where x1, x2,... x13 represent each of the 13 factors studied, and 

y represents lack of thermal comfort, glare probability, and carbon 

dioxide concentration, respectively, and b0, b1, b13 represent 

correlation coefficients, and e represents an error due to the removal 

of external factors from the model. To define the values b0, b1… b13 

and the subsequent weighting scheme, a multivariate linear regression 

algorithm can be used to obtain the values of the coefficients in the 

database extracted from the simulation. 

The first regression is related to determining the coefficients of 

thermal discomfort. According to Table 4, the first variable to enter 

the stepwise multivariate regression equation was the percentage of 

the south window ratio, which has a correlation coefficient of 0.969 

and a significant level of 0.000. These positive numbers imply that 

these two variables have a meaningful association. The modified 

coefficient also shows that the ratio of the area of the south window to 

the wall is responsible for 93.8 percent of the thermal discomfort. 

Other variables, such as class 1 length, west window percentage, 

north window percentage, class 2 length, east window percentage, 

class 5 length, and class 6 length, have a smaller influence in 

comparison to this component, as do other factors linked to 

coefficients. Correlations of less than 0.05 are ignored in the model 

and do no influence on thermal discomfort.  The lengths of classes 5 

and 6 in the T-test have a low number and a significance level of 

higher than 0.00 among the variables submitted. As a result, they do 
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no influence on the model, and Model 6 is the best equation for 

predicting thermal discomfort among the analyzed variables across the 

eight models provided. 

Table 3. Details of stepwise regression models for thermal discomfort 

based on SPSS 

 

 

Table 4. Details of the introduced regression models of thermal 

discomfort based on SPSS 
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1 .969 .938 .938 V.9 

T
h

er
m

al
 D

is
co

m
fo

rt
 

3764.2 .000 

2 .975 .950 .950 V.9- V.1 2366.2 .000 

3 .980 .961 .961 V.9- V.1- V.12 2021.7 .000 

4 .985 .970 .969 V.9- V.1- V.12- V.11 1965.3 .000 

5 .988 .977 .977 
V.9- V.1- V.12- 

V.11- V.2 
2083.3 .000 

6 .989 .978 .978 
V.9- V.1- V.12- 

V.11- V.2- V.10 
1822.8 .000 

7 .989 .979 .978 
V.9- V.1- V.12- 

V.11- V.2- V.10- V.5 
1587.3 .000 

method Variables entered into the thermal discomfort equation model 

S
te

p
w

ise
 

Window ratio on south 1 

Length of class no. 1 2 

Window ratio on west 3 

Window ratio on north 4 

Length of class no. 2 5 

Window ratio on east 6 

Length of class no. 5 7 

Length of class no. 6 8 
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8 .989 .979 .978 

V.9- V.1- V.12- 

V.11- V.2- V.10- 

V.5-V.6 

1406.5 .000 

 

Table 5. Tests of selected regression models of thermal discomfort based on 

SPSS 

Model B Std. Error T Sig. 

6 

(Constant) 76.031 .160 475.271 .000 

Window ratio on south -6.989 .071 -99.122 .000 

Length of class no. 1 -.186 .016 -11.667 .000 

Window ratio on west -.551 .052 -10.608 .000 

Window ratio on north -.715 .068 -10.534 .000 

Length of class no. 2 -.151 .017 -9.027 .000 

Window ratio on east -.180 .050 -3.590 .000 

8 

(Constant) 76.475 .218 351.586 .000 

Window ratio on south -7.010 .070 -100.279 .000 

Length of class no. 1 -.186 .016 -11.817 .000 

Window ratio on west -.531 .052 -10.267 .000 

Window ratio on north -.706 .067 -10.521 .000 

Length of class no. 2 -.151 .016 -9.154 .000 

Window ratio on east -.165 .050 -3.319 .001 

Length of class no. 5 -.037 .016 -2.263 .025 

Length of class no. 6 -.032 .016 -1.996 .047 
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Table 7. Correlation diagrams of selected factors with thermal 

discomfort based on SPSS 
Correlation of thermal discomfort and 

south window surface 

Correlation of thermal discomfort and 
Length of class no. 1 

Correlation of thermal discomfort and west 
window surface 

  
 

Correlation of thermal discomfort and 
north window surface 

Correlation of thermal discomfort and 
Length of class no.2 

Correlation of thermal discomfort and east 
window surface 

 
 

 

 (2) 

1 2 3 4 5 6 76.031 6.989 1.86 0.551 0.715 0.15 0.18ThermalDiscomfortY x x x x x x      

  

Equation 2 can be used to summarize the findings of regression. 

In this equation, Y is thermal discomfort, and x1 to x6 represents the 

percentage of the south window area, class 1 length, west window 

area percentage, north window area percentage, class 2 length, and 

east window area percentage, respectively, whose coefficients are 

extracted from the B index of regression. Table 7 shows the regression 

diagram of each of the six factors of the model in relation to thermal 

discomfort.  

The results indicate that the percentage of the openings, 

especially in the south, plays the most important role in thermal 

discomfort, and the design of the facade is more crucial than the plan. 

The second regression is related to the probability of glare in daylight. 

Regarding the visual comfort model according to Table 8, the first 

variable that is included in the equation is the percentage of the south 
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window area with a correlation coefficient of 0.574, which indicates a 

high relationship with the visual comfort of residents (Table 9).  

The adjusted coefficient indicates that 32.7% of the visual 

discomfort is related to the ratio of the south window percentage. The 

second variable is the north window percentage, which adds another 

30% to the adjustment coefficient by entering the model and acts as 

the second factor in visual comfort. East and west windows add about 

10% to the model adjustment coefficient, respectively.  

Class 1 and 2 lengths also accounted for nearly 3%, but their 

impact factor in Table 10 is small. Finally, the height of the north 

window is the last factor to enter the model. 

 

Table 8. Details of stepwise regression models based on SPSS 

Method 
Variables entered into the visual discomfort 

equation 
model 

st
ep

w
is

e
 

 

Window ratio on south 1 

Window ratio on north 2 

Window ratio on east 3 

Window ratio on west 4 

Length of class no. 1 5 

Length of class no. 2 6 

North window height 7 

 

Table 9. Details of the introduced regression models of visual 

discomfort based on SPSS 
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S
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1 .574 .329 .327 V.9 

Visual 

Discomfort 

121.86 .000 

2 .795 .632 .629 V.9- V.11 212.09 .000 

3 .883 .779 .776 
V.9- V.11- 

V.10 
289.07 .000 

4 .935 .875 .873 
V.9- V.11- 

V.10- V.12 
429.15 .000 
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5 .951 .904 .902 

V.9- V.11- 

V.10- V.12- 

V.2 

461.60 .000 

6 .956 .913 .911 

V.9- V.11- 

V.10- V.12- 

V.2- V.1 

425.70 .000 

7 .960 .921 .919 

V.9- V.11- 

V.10- V.12- 

V.2- V.1- 

V.8 

403.65 .000 

 

Table 6.   Tests of selected regression models of visual discomfort based on 

SPSS 

 

Model B 
Std. 

Error 
T  

Sig. 

7 

(Constant) -10.725 1.267 -8.466 .000 

Window ratio on south 13.711 .491 27.944 .000 

Window ratio on north 14.339 .471 30.416 .000 

Window ratio on east 7.448 .349 21.331 .000 

Window ratio on west 6.000 .361 16.630 .000 

Length of class no. 2 1.032 .117 8.828 .000 

Length of class no. 1 .562 .111 5.078 .000 

 North window height -1.730 .350 -4.948 .000 
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Table 11. Correlation diagrams of selected factors with visual discomfort 

based on SPSS 

 
Correlation of visual discomfort and 

south window surface 

Correlation of visual discomfort and 

north window surface 

Correlation of visual discomfort and east 

window surface 

   
Correlation of visual discomfort and west 

window surface 

Correlation of visual discomfort and Length 

of class no. 1 

Correlation of visual discomfort and Length 

of class no.2 

  
 

(3) 

1 2 3 4 5 6 710.725 13.711 14.339 7.448 6 1.032 0.5628 1.73VisualDiscomfortY x x x x x x x        

 

By studying the correlation coefficients and B index, model 7 is 

the most appropriate model. And the formula for calculating the 

probability of glare from daylight is as follows. In this equation, x1 to 

x6 is equal to the area of the south, north, east, west window, class 2 

length, class 1 length, and north window height, respectively. 

According to the proposed equation, visual discomfort is directly 

related to the percentage of opening in all four directions and the 

southern, northern, eastern, and western fronts are important, 

respectively. Due to their positive coefficient, the higher the opening 
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level, the higher the probability of glare is. In this regression, plan 

design factors are important only in the dimensions of two classes 1 

and 2, which are located on the south side of the school but have a low 

coefficient. The last factor is the height of the window on the north 

front, which is proof that the higher the height of the window, the less 

glare. When it comes to visual comfort, the facade and the number of 

openings is crucial factors to consider. The last regression is related to 

the inappropriate carbon dioxide concentration equation. Table 12 

shows the variables entered in the equation. 

In the carbon dioxide concentration equation above 800 PPM, 

class 4, 2, and 5 lengths were entered into the model, which has a low 

correlation coefficient, and it can be concluded that the carbon dioxide 

concentration has not have a proven relationship with the 13 variables 

studied in this study (Table 13). 

Table 12.  Details of stepwise regression models of CO2 concentration 

based on SPSS 

Method  
Variables entered into the CO2 

concentration equation 
model 

st
ep

w
is

e
 

 

 
 

Length of class no. 4 
1 

 Length of class no. 2 2 

 Length of class no. 5 3 

Table 13. Details of the introduced regression models of Co2 

concentration based on SPSS 

M
o

d
el

 

R
 

R
 S

q
u

a
re

 

A
d

ju
st

ed
 R

 

S
q

u
a

re
 

In
d

ep
e
n

d
e
n

t 

In
d

ic
a

to
rs

 d
u

e 
to

 

ta
b

le
1

 

D
ep

en
d

e
n

t 

in
d

ic
a

to
r
 

F
 

S
ig

. 

1 .302 .091 .087 V.9 

C
o

2
 

co
n

ce
n

tr
at

io
n

 

24.865 .000 

2 .383 .147 .140 V.9- V.11 21.254 .000 

3 .452 .204 .195 
V.9- V.11- 

V.10 
21.061 .000 
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4. Conclusion 

The study framework began with the development of a generative 

algorithm that generated various floor designs based on defined 

criteria. Turning the plan into a zone, defining the opening regions and 

shading volumes, and then changing the materials completed the 

procedure. The simulation settings for thermal and visual comfort, as 

well as carbon dioxide concentration, have been finalized. To 

construct multiple models and save the simulation results, a random 

loop is established and performed 250 times. To explore the link 

between design elements and these three indicators, the simulation 

results by thermal and visual discomfort, as well as carbon dioxide 

concentration, are entered into a stepwise multivariate linear 

regression analysis. The regression findings demonstrate the 

importance of the school's southern front, both in terms of plan and 

façade elements. Visual and thermal comfort are connected to the 

window area on four distinct sides and the size of the southern 

classrooms, except for carbon dioxide concentration, which was not 

correlated with any of the thirteen criteria investigated. The comfort of 

the occupants is not affected by the proportions of the northern 

classrooms or the depth of the canopy. The thermal comfort in the 

classrooms improves as the window level rises, but the visual comfort 

declines. Also, due to the regression coefficients in the two equations 

of thermal and visual comfort, longer length in the southern classes 

has a favorable effect on thermal comfort, while its increase does not 

have a significant effect on glare. Therefore, by changing it while 

creating thermal comfort, visual discomfort can be avoided. There is a 

large gap between research on the technologies used in education and 

the impact this research has on middle schools (Mogas et al., 2021). 

One of the most significant successes of information technology 

development in terms of fundamentally changing the educational 

system is smart schools. Technology may be a strong instrument for 
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improving educational quality and efficiency, but it should be 

recognized that integrating information and communication 

technology into the education and learning system is a 

multidimensional and difficult process. Investment in school 

infrastructure and equipment should be enhanced, and the school 

should be regarded as a smart school from a holistic approach (Saini 

& Goel, 2019). Because school administrators have limited awareness 

of the potential and advantages of smart schools, smart education 

training programs, and professional development are required to aid 

them in the implementation process. To enhance individual and 

collective growth, smart classrooms should be supported with the 

development of life skills such as critical thinking, active engagement, 

and empowerment. 
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