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The importance of saving energy in the current decade has drawn more attention to

optimising energy consumption factors. One of the influential and well-known factors

affecting energy consumption is the occupants’ behaviours (OBs). Reviewing this factor

is a requirement to assess buildings, particularly the residential sector, as the majority

target of the building industry. In this study, occupants’ energy behaviours in Shahid

Pakdel residential complex in Isfahan, Iran, are studied based on Annex 53 questionnaire

and building performance simulation (BPS). The main objective of this study is to

identify the impact of apartment improvement and OBs, including windows opening,

curtain controlling behaviour, and turning on heating equipment in the cold season

on energy consumption. Due to the invisible effect of some behaviours, especially for

gas consumption (GC) and electricity consumption (EC), structural equation modelling

(SEM) is applied to evaluate the impacts of OBs. This case study showed that the most

influential behaviour factor is related to the improvement sector with a 41.7% share of

EC. Moreover, the most negligible influential factor is associated with windows opening

with 21.6% of the EC. Regarding GC, the most and the least determining behaviour

factor were attributed to apartment improvement and curtain controlling behaviour with

an effective rate of 64.5 and 5%, respectively. This result showed the high impact of

apartment improvement on reducing GC and EC. The overall effect of behaviour on

GC and EC was 46 and 44%, respectively, measured by the partial least squares (PLS)

regression and R2 score.

Keywords: occupants’ behaviours (OBs), structural equation modelling (SEM), energy consumption (EC),

residential buildings, retrofit

INTRODUCTION

It is estimated that by 2050, the energy demand will be increased to twice as much as the current
level (EIA, 2020). Therefore, energy will become an essential part of economic, political, social, and
environmental matters. The factors that can affect the energy consumption are climate, building
shell, type of facilities, operation and maintenance of the building, activity and OBs, and indoor
environmental quality (Al-mumin et al., 2003). According to the international energy agency
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Annex 53, one of the influential factors for building energy
consumption is OBs (Yoshino et al., 2017). On the other
hand, in the last two decades, the residential sector has been
the largest consumer of energy with a share of more than
30% of energy consumption (EIA, 2015). At the same time,
a household’s fuel consumption leads to almost 30% of CO2

emissions and 6% of total emitted contamination (Delavar
and Sahebi, 2020). According to published statistics from the
Iran Fuel Conservation Company, 40% of energy resources are
consumed in the building sector.

Meanwhile, energy consumption in Iran is 2.5 times higher
than the global average. Iran is the ninth largest energy producer,
the tenth-largest consumer of energy, and the eighth largest
producer of greenhouse gases across the globe (EIA, 2019). As
a result, focusing on the residential sector to improve energy
efficiency and reduce energy consumption will gain remarkable
environmental advantages (Ürge-Vorsatz et al., 2007; Belussi
et al., 2019).

However, differences between predicted and actual building
performance have been assumed as OBs. The connection
between OBs and energy consumption was assigned to the
occupants’ environmental comfort. Thus, the three primary
categories were recognised as environmentally-related, time-
related, and random. While physical facets connected to building
characteristics and location were considered environmentally-
related variables, the routines of the occupants were described
as time-related variables (Balvedi et al., 2018). The study is
shown that neglecting the assumptions related to the behaviour
such as occupant characteristic-related factors, including ‘age of
householders’, ‘household size’, ‘income’, ‘education level’, ‘type
of occupancy’, and ‘length of residency’ and simplification in
energy consumption could explain 10.70% of the variance in
electricity consumption. As a result, the ‘type of occupancy’
had the most significant impact, followed by ‘education level’,
‘length of residency’, ‘household size’, and ‘income’ (Xu et al.,
2020). A review study highlighted that OB assumptions exist in
building energy regulation and often cause unsuitable building
envelopes, technologies, system design, and operation. A better
understanding of actual occupancy patterns and behaviours
would fill the gap between the predicted amount of consumption
and the actual one (Hu et al., 2020). Therefore, recognising
the factors that involve OBs can be considered essential and
can reduce the measurement error between the consumption
predicted by the simulation and actual consumption (Hoes et al.,
2009; Hu et al., 2020). Despite numerous energy simulation
efforts and the prioritising methods for reducing consumption,
the practical impact of behaviour on energy consumption
remains unknown. As a result, most current studies to date are
inadequate in simulating and analysing data (Jami et al., 2021).

Numerous research and studies have been conducted on
diverse aspects of energy modelling in the residential sector,
and its significance in policy-making decisions (Barkhordar and
Saboohi, 2014; Gabrielli and Ruggeri, 2019) can be noted. The
modelling paths implemented in research can be classified into

Abbreviations: sHB, Heating Behaviour in the cold weather; CURB, Curtain
controlling Behaviour; AI, Apartment Improvement; OPWIN, Opening
the Windows.

three primary types: 1-Optimisation modelling, 2-Simulation,
and 3-Stochastic modelling (Ahmadi et al., 2020). The paper
presented ten questions and answers related to occupant
energy behaviour research, applications, and methodologies
to increase energy efficiency and reduce energy use (Hong
et al., 2017). According to a study by Xu et al. (2020), the
energy consumption in residential buildings can be substantially
affected by occupant characteristic-related factors, including
age, size, income, education level, type of occupancy, and
length of residency of householders. Besides, 10.70% of the
variance in energy consumption was attributed to the type
of occupancy (the most significant impact), education level,
length of residency, household size, and income. The analysis
method provides an effective tool for quantitatively assessing the
impact of different occupant characteristics on the modelling
of occupant behaviour and simulation of building energy (Xu
et al., 2020). A study was conducted in 96 apartment blocks in
Seoul, Korea, to represent differences in actual energy use in
apartments. In that study, a model was developed considering
the effect of occupant behaviour on energy consumption in
the heating and electricity sectors, using the regression method.
Gaussian Process Classification was applied to modify random
occupant behaviours corresponding to the probability of energy
consumption. The result showed that occupants’ general heating
controls (25% deviation) were between 3 and 8 h, and the
temperatures setpoint was between 17 and 20◦C. The operating
hours of electric appliances and lighting were also approximated
with the probabilities (Jang and Kang, 2016).

Research is carried out in which the effect of behaviour was
measured by a monitoring system that compared the actual and
the expected energy consumption of the residential buildings in
Germany. For each refurbishment strategy (with values up to
287% based on measured savings), the energy performance gap
was evaluated: on average, the energy performance gap of the
entire field test changed to 117% in 2011, 107% in 2012, 41% in
2013, and 60% in 2014 (Cal, 2016). A detailed post-occupancy
evaluation of a UK EcoHomes with the highest rating of the
predecessor to the Code for Sustainable Homes investigated the
energy performance, comfort, and occupant satisfaction. The
study was implemented to distinguish consumption patterns
using surveys and interviews. Results demonstrated that energy-
related occupant behaviours among dwellings account for 51,
37, and 11% of the variance in heat, electricity, and water
consumption, respectively (Gill et al., 2015).

Another study (Schweiker and Shukuya, 2010) compared
three cases of building envelope improvements using energy
analysis to modify the occupant’s behavioural pattern in a
dormitory building. The assumptions of occupant behaviour
were set up based on the field measurements in steady-
state conditions. It was found that the potential of occupant
behavioural changes in reduced energy consumption was more
affected by the outdoor temperature compared to building
envelope improvements. The influence of occupant behaviour
on energy consumption was more than 90% in regions with a
moderate climate, and a slight difference was found between
indoor and outdoor temperatures. Furthermore, depending on
the outside conditions, the combination of both measures results
in a reduction ranging from 76 to 95%.
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TABLE 1 | Review of papers investigating the impact of occupant behaviour on energy performance.

Studies Type of energy

investigated

Location Type of investigated

buildings

Method/Tools Impact occupant behaviour

Shipworth (2011) Heating, Cooling,

Electricity

Seoul, Korea Homes Surveys

Statistical analysis (ANOVA)

10–30% deviation in energy use

Maier et al. (2009) Heating Germany Houses Questionnaire

Experimental Measurement

17–41% energy performance

gap variation

Martinaitis et al. (2015) Heating Netherlands Houses Simulation (DesignBuilder) 27% energy savings

Schakib-Ekbatan et al.

(2015)

Heating China Office Monitoring

Statistical analysis (logistic regression)

47% more heating energy

Naji et al. (2016) Heating, Electricity,

Lighting

London,

United Kingdom

Residential Simulation (EnergyPlus)

Statistical Analysis (SVR, ANFIS, ANN, GP)

62–86% energy savings

In this study Heating (Gas),

Electricity

Esfahan, Iran Residential Survey Simulation (DesignBuilder)

Statistical Analysis (Pls-SEM)

Predicted 46% of the variance of

the GC and 44% of EC

FIGURE 1 | Research methodology flowchart.

D’Oca et al. (2014) examined the energy management
system in 31 homes in Italy. The results showed that the
incentive communication strategy (competition between similar
households) effectively reduced energy consumption. The
average energy savings in these households were affected
by incentive schemes by up to 18% (D’Oca et al., 2014).
The four types of occupant control measures, including
opening and closing windows, canopies, the use of light
and heat, and measuring the factors influencing OBs, were
analysed. The outside temperature often influenced the
use of windows and heating systems. Artificial lighting
was also strongly related to the available sunlight, the
intensity of the lighting, and the outdoor temperature
(Andersen, 2009).

While most studies, as shown in Table 1, evaluated the
impact of occupant behaviour on energy performance utilising
different integrated methods. The current study aimed to present
a method to evaluate the influence of OBs on building energy
consumption in the midrise residential sector. Therefore, this
study is implemented by surveys and energy performance
simulations of similar apartments to investigate the energy
performance gap, the differences between actual behaviour
models with pre-assumed ASHRAE, and the effectiveness of

improvement strategies on the energy performance and OBs.
The current study aims to identify the number of different
aspects of occupant behaviour and building improvement on
energy performance in the residential sector using SEM. The
novelty of this method is the application of SEM to mitigate
the uncertainty related to predictions of occupant energy
behaviours. Considering the share of residential buildings for
most energy consumption and the complexity of comfort
conditions expectation in the house, attention to energy saving
is more critical in this section. Therefore, the importance of
conducting this study concerns narrowing down the difference
between the actual and predicted consumption by accurate
estimation of OBs. To this end, based on previous studies,
the research methodology was first defined. Following that, the
results of the Pls-SEM model analysis were shown, and the
discussions, limitations, and future research directions are finally
presented in detail.

MATERIALS AND METHODS

The methodology, as shown in Figure 1, includes two main
stages. The OBs are extracted using questionnaire data from
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FIGURE 2 | The location of investigated buildings.

the selected households in the first stage. These extracted OBs
are integrated via a building simulation model in DesignBuilder
v5.5.2.007. In order to validate the model, the EC and GC
predictions in the simulation are compared with the yearly and
monthly bills of selected households. In the second stage, a
building statistical model is developed. Due to latent variables
in OBs, measured by the observable factors in the questionnaire,
a structural equation model (SEM) based on the partial least
squares method is developed (Kroonenberg and Lohmoller,
1990). This SEM measured the significant path between invisible
factors in OBs. In the following sections, a detailed explanation
of each step is provided.

Investigated Buildings
The building database referred to 42 typical apartments with
the same built age, constructed in 1960 in Esfahan, Iran (see
Figure 2). The campus has 13 building blocks with a slight south-
east orientation of 10◦ (see Figures 2, 3). In terms of weather
conditions, Esfahan has mild spring and autumn, hot and dry
summer with average temperatures between 30 and 40◦C, and
cold and dry winter. The location of the studied buildings based
on Köppen climate classification is in the (BWh) category.

The blocks have typical plans. Each floor plan has two
apartments, circulation spaces, and a shared staircase located at
the centre part. The bedrooms are located on the south, and
the living rooms and kitchens are located on the north side
(see Figure 4). The buildings were characterised by high-energy
demand with low insulation of the building envelope, a single
glass window, and low-efficiency equipment. The heating/cooling

system includes gas heaters to meet the space heating and
domestic hot water demand and evaporative coolers (electrical)
to meet the space cooling need. The electricity and gas utilities
were imported from the national grid. It should be noted that
20 apartments of this model have been improved in the 2000s
by replacing the gas heaters with radiators, changing flooring
material, renovating evaporative coolers, and replacing regular
windows with double-glazed ones (see Table 2).

Field Study
The current study uses the questionnaire method to evaluate the
OBs from different aspects that affect the residential building’s
energy consumption. The research questionnaire was compiled
based on Annex 53 (methods of evaluation and comprehensive
analysis of building energy consumption) concerning ethical and
cultural principles and facilities of residential buildings in Iran.
Several items were presented on a reversed scale to minimise
the potential effects of respondent inertia. Furthermore, the
order of all statements in the questionnaire was randomised.
A pilot questionnaire was then distributed to ensure validity
and show the ambiguity and accuracy of the respondents’
perceptions. After minor changes, it was distributed to the
occupants. The final questionnaire included three sections: 1)
Specifications of building occupants, 2) Behaviour of using
heating/cooling system, 3) opening the windows (OPWIN) and
curtain controlling behaviour (CURB). The study participants
perform university employee jobs. In total, 40 valid responses
were received from the selected 42 apartments.
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FIGURE 3 | Residential investigated buildings.

FIGURE 4 | Typical floor plans of the blocks; left to right: (A) Ground floor plan. (B) First and second-floor plan.

As shown in Table 3, statistical parameters, i.e., min, max,
median, mean and standard deviation, are calculated for
questions with a ratio scale. In some questions, the mean was
not calculated because of their ordinal scale, and instead of the
standard deviation, entropy was considered.

Simulation and Validation
The case studies were simulated (see Figure 5) by DesignBuilder
v5.5.2.007 as an EnergyPlus based software tool. Then the model
is calibrated utilising a validated numerical model by actual
energy data and user surveys. Occupancy patterns of using

lighting, heating, cooling systems, and window opening were
implemented based on the surveys to increase the accuracy
of energy in the simulation model. In order to validate the
simulation model, the simulated and actual performances were
compared based on the utility data of GC and EC.

Building Statistical Models
The GC and EC are analysed separately by simulation.
Then, the actual consumption was added to the previous
data by accessing the gas and electricity bills of each house.
Statistical tests performed in SPSS v.23.0 software measured the
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TABLE 2 | Characteristics of the investigated apartments.

Area (m2 ) 117

Location Isfahan, IRAN

Year of construction The 1960s

Walls Brick, without insulation

Window Aluminium, with a single glass

HVAC systems Gas heater, Evaporative cooler, without an air conditioner

TABLE 3 | Descriptive analysis of questionnaire.

Count Mean SD Min Median Max

Blok 40 * 2.49** 1 6 13

Level 40 * 1.06** 0 1 2

Direction 40 * 1.37** 1 2 4

Q6 40 * 0.7** 1 2 3

Q4 40 * 0.471** 0 0 1

Q5 40 * 0.541** 0 0 1

Q3 40 * 1.01** 0 1 3

Q2 40 * 1.8** 0 3 6

Q1 40 * 1.13** 0 1 3

S-E 40 172.92 51.53 48.33 174.66 309.66

SU-E 40 218.15 51.34 137 211.666 337.66

F-E 40 168.69 46.04 75.33 165 269

W-E 40 169.1 48.3 83 165.333 278.33

S-G 40 1708.128 569.76 394.66 1716 2769.66

SU-G 40 408.94 138.37 78 451 677.66

F-G 40 3199.56 645.35 1332.66 3387.33 4714

W-G 40 5286.35 1027.19 2122.33 5598.666 7081.33

Q7 39 157.5 38.91 30 165 230

*mean not considered for categorical value. **entropy considered for categorical value.

SU-G, Gas consumption during Summe; SU-E, Electricity consumption during Summer.

difference between actual and simulated consumption data and
concluded that the data for all seasons except for summer was
significantly different.

Each of the behaviours was examined with several
different questions. The impossibility of asking about each
behaviour directly from the occupants made it necessary to use
confirmatory factor analysis and SEM. SEM is one of the main
methods of analysing complex and multivariate data structures
whose main feature is the simultaneous analysis of several
independent and dependent factors (Geladi and Kowalski,
1986). The approach used in this study to obtain relationships
between factors is the PLS, the second generation of SEM and
aims to predict (Hair et al., 2011). The first generation is the
Covariance-Based Structural Equation Modelling (CBSEM)
method, which reduces the difference between the theoretical
model covariance matrix and the fulfilled values’ covariance
matrix placement (Leguina, 2015). The selected approach, called
PLS, was chosen due to the small sample size and the lack of
dependence of this method on the data normality. The analyses
were implemented using smart PLS v. 2.0 and bootstrapping
algorithms to obtain reliability and validity indices.

Sample Size and Hypothesis
There is a method to estimate the minimum sample size in Pls-
SEM. The minimum sample size of this research model was
measured by the most common form, i.e., the 10-times rule. Due
to this study having a small sample size, this rule is assumed to
obtain the smallest number of samples required for a research
model. It is calculated by multiplying the number of internal or
external links of an invisible variable (whichever was larger) by
10 (Peng and Lai, 2012; Leguina, 2015). In this research, the most
frequent connections for a latent variable were 4, which has led to
a sample number of 40. The hypotheses of the study are shown in
Table 4. Considering that the total number of studied apartments
was 42, to build a model with validity and generalizability to
the whole residential complex and obtain reliable results, all
42 apartments were examined in this study. Totally 40 valid
responses were received.

Structural Equation Modelling
In the SEM, two models are considered: 1) Measurement model,
in which links between observed variable and latent factor is
measured, 2) Structural model, in which links among latent
factors are measured.

Before constructing the model, attention has been put into
validating the simulated EC and GC with in-field data. Since the
data does not follow a normal distribution, simulated samples
and actual consumption is compared based on the Wilcoxon
test. Both in GC and EC during spring, autumn, and winter,
there was a significant difference between simulated and actual
consumption at a significant level above 99%: sig 0.000. There
was no difference between simulated and actual consumption
in summer (p > 0.05), so this factor was eliminated from the
research model. Also, GC in summer is deleted since there was
no GC for cooling in summer, and it was just for cooking.

Structural equations with the PLS approach measured
research structures (OBs) and their impact on energy
consumption. The software SMART PLS V.3.3.2 is used,
and the indicators of validity, reliability, and Path coefficients
were obtained from the outputs of this software. Each behaviour
was considered a factor measured by some questions. The
descriptive and statistical inference to obtain a specific pattern of
behaviour and its effects on energy consumption was studied by
observable and measurable factors within the questionnaire (see
Table 5). Six latent factors on behaviours are as follows:

• Heating Behaviour in the cold weather (HB).
• Curtain controlling Behaviour (CURB).
• Apartment Improvement (AI).
• Gas Consumption (GC).
• Electricity Consumption (EC).
• Opening the Windows (OPWIN).

Furthermore, based on past research, brainstorming has been
carried out to examine the correlation and determine whether
factors were constructive or reflective. It was found that the
questions related to each factor were highly intertwined. The
factors were identified as reflective (see Figure 6). The factor
loading of one question (Q6) was deleted because it was less than
0.4 in the initial model (Hulland, 1999).
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FIGURE 5 | 3D models of the blocks; left to right: (A) Single block. (B) Attached block.

TABLE 4 | The hypotheses of the study.

(HB) affects on (GC) and (EC) significantly

(OPWIN) affects on (EC) and (GC) significantly

(AI) affects on (EC) and (GC) significantly

(CURB) affects on (EC) significantly

RESULTS

Measurement Model
Measurement model or confirmatory factor analysis (CFA)
means to look into the association between the variables (latent
and observed). For example, the measurement model specifies
relationships between latent constructs (e.g., AI) and their
observed variable (e.g., Q4 and Q5). The measurement model
must hold before testing the hypothesised relationships among
the constructs of the model (Anderson and Gerbing, 1988;
Cheng, 2001).

As shown in Table 6, factor loadings were obtained with the
PLS algorithm and path weighting setting (Var= l andMean= 0,
Maximum iteration 300). By running the Bootstrap, algorithm t-
statistics were calculated. According to the t-distribution table for
p < 0.05, t-statistics must be greater than 2.022 for significance.

Composite Reliability, Convergent Validity
(AVE), Discriminant Validity, and Quality of
the Reflective Measurement Model
(CV com)
Due to the insensitivity of Pls-SEM to the sample size and the
possibility of using non-normal data, this method has been used
to obtain high validity results. Composite reliability, convergent
validity, discriminant validity, and the quality of the reflective
measurement model have been used to measure the validity and
reliability of measurementmodels in this study. If the validity and
reliability index of the measurement model is accepted, it can be
declared that the results obtained from this model can be reliable
and accurate.

TABLE 5 | Questions table with their latent factor and factor loading measured by

running PLS algorithm.

Latent factor Code Questions

HB Q7 How many hours a day do you use heating equipment?

Q6 How likely is it that you will turn on the heating

equipment when you leave the space? (deleted question)

CURB Q2 In what conditions do you prefer to close the curtain?

Q3 In what conditions do you prefer to open the curtain?

AI Q5 Have you replaced the heating equipment during the

improvement?

Q4 Have you replaced double-glazed windows during the

improvement?

GC S-E How much is your GC in the spring?

F-E How much is your GC in the fall?

W-E How much is your GC in the winter?

EC S-G How much is your EC in the spring?

F-G How much is your EC in the fall?

W-G How much is your EC in the winter?

OPWIN Q1 In what conditions do you prefer to open the window?*

*some conditions were asked to close the window, and participants could select

several situations.

Cronbach’s alpha reliability is assumed to have the same
weights in the measurement model. However, in the composite
reliability index, factor loadings are used when calculating the
same priority over the Cronbach’s alpha method. As proposed by
Fornell and Larkers, this criterion was calculated, and it should
be above 0.7 (Fornell and Larcker, 1981).

Convergent validity (CV) and discriminant validity were used
to assess validity, which is part of construct validity. Convergent
validity describes the degree to which the scale of observable
factors sincerely represents the latent factors (Kurian, 2014).
The Average Variance (AVE) was implemented to establish
convergent validity. This index was introduced to estimate inner
model validity. The minimum size of the index was considered
0.5 (Fornell and Larcker, 1981).
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FIGURE 6 | Structural model; left to right: (A) EC. (B) GC.

TABLE 6 | Factor loading and T statics of measurement model.

Question Factor loading

(EC model)

T statics

(EC model)

Factor loading

(GC model)

T statics

(GC model)

Q7 1.000 * 1.00 *

Q2 0.919 3.553 * NC

Q3 0.776 2.326 * NC

Q5 0.956 4.116 0.972 77.24

Q4 0.969 3.153 0.953 18.64

A-G * NC 0.977 18.818

W-G * NC 0.983 24.313

S-G * NC 0.526 2.251

S-E 0.876 16.039 * NC

A-E 0.93 17.076 * NC

W-E 0.87 4.931 * NC

Q1 1.000 * 1.000 *

NC, not considered in the model. The * symbol indicates Not Considered (NC).

Discriminant validity means the factor loadings of visible
variables in each reflective measurement model should be more
than visible variables in other measurement models (Gefen and
Straub, 2005). This difference between factor loadings was more
than 0.1, shown in Table 6 (Refer to Supplementary Material).
The BF command should be positive to test the quality of the
Reflective Measurement Model (see Table 7).

Structural Equation Modelling
After evaluating the outer model, the SEM is operated. The SEM
examines the relationships between latent variables and their
significance. First, the PLS algorithm was implemented, and the
path coefficients were determined. Then, the bootstrap algorithm
was run to check the significance (p.values<0.05). The results of

TABLE 7 | Reliability validity and quality of the measurement model.

EC model AVE Composite reliability CV com.

AI 0.926 0.962 0.623

EC 0.796 0.921 0.550

HB 1.000 1.000 -

CURB 0.723 0.838 0.174

OPWIN 1.000 1.000 -

GC model AVE Composite reliability CV com.

AI 0.925 0.961 0.612

GC 0.663 0.848 0.342

HB 1.000 1.000 -

OPWIN 1.000 1.000 -

TABLE 8 | Path coefficients and significance.

GC model GC T-statistic

AI −0.594 5.285

HB 0.32 2.676

OPWIN 0.170 1.387*(insignificant)

EC model EC T-statistic

AI 0.488 2.862

HB −0.107 0.795*(insignificant)

CURB −0.456 2.357

OPWIN 0.374 2.8777

The *symbol indicates Insignificant.

path coefficients and the significance of each behaviour on EC or
GC are shown in Table 8.
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TABLE 9 | R2 value and stone cal sealer index.

EC model R squared CV red

EC 0.444 0.293

GC model R Squared CV red

GC 0.463 0.256

TABLE 10 | Index of fit.

Model A Model B

GOF 0.628344 0.664029

NFI ∼0.7 ∼0.75

SRMR 0.07 ∼0.1

The R2 coefficient is used to evaluate endogenous latent
factors. The index indicates the percentage of endogenous
variance factors exerted by the exogenous factors 0.75, 0.50, 0.25
(Henseler et al., 2009; Hair et al., 2011; Strong, medium, and
weak). As demonstrated in Table 9, the R2 value for GC and EC
was 46 and 44%, respectively. This value implies that 46% of the
variance of the GC and 44% of EC can be predicted by OBs,
including HB, OPWIN, AI aspects, and CURB.

To evaluate the quality of the structural model, Q2, the Stone
Cal Sealer index, was used. It is the most well-known criterion
for measuring the quality, and it was measured by running
blindfolding in SMART PLS (V 3.3.2) and CV red table. Q2
values, above zero, indicating that the observed values were well
reconstructed, and the model had the predictive capability (see
Table 9).

Model Fit Test
Unlike the covariance-based method, the variance-based method
does not have a global index for measuring GOF. Henseler and
Sarstedt (Henseler and Sarstedt, 2013) reported that GOF was
suggested by Tenenhaus et al., does not estimate an accurate fit
measure and should not be used. However, it may be estimated
good result for PLS multi- group when the Pl-SEM results of
different groups were compared. In this study, this index was
calculated and shown in Table 10 (Tenenhaus et al., 2004).

GOF =

√

average of R2
∗ average of commonality

As shown in Table 10, the model fit index in this study was
evaluated by three indexes. The other two indices calculated by
the software include NFI and SRMR. NFI (Normed Fit Index)
was introduced by Bentler and Bonett (1980) and for which a
value between 0 and 1 has been set. Recent research shows that an
NFI above 0.95 (Hu and Bentler, 1999) can indicate a goodmodel
fit. Themain drawback of this index is its sensitivity to the sample
size, and for samples, less than 200 cannot be a useful model fit
index (Mulaik et al., 1989; Bentler, 1990) SRMR (Standardised
Root Mean Square Residual) is another index used (Henseler
et al., 2014). The SRMR is a model fit index for Pls-SEM that can

TABLE 11 | Effect size index of occupant behaviour effect on energy

consumption.

Factor Rank in

model EC

Rank in

model GC

F2

Electricity GAS

AI 1 1 0.417*(significant) 0.645*(significant)

HB * 2 * 0.175*(significant)

CURB 2 * 0.341*(significant) *

OPWIN 3 3 0.216*(significant) 0.05*(significant)

The * symbol indicates Not Considered (NC).

avoid model misspecification. The SRMR lower than 0.10 or 0.08
were considered a good fit.

Finally, Cohen, defined as the criterion for the size of the effect,
was used to determine the intensity of the relationship between
latent variables. Through this criterion, the value of the effect
of the exogenous variable to endogenous variable was estimated.
Each behaviour’s effect size on energy consumption is presented
in Table 11 (p < 0.05).

F2 =

R include− R exclude

1− R include

DISCUSSION

This paper highlights the role of OBs in electricity and gas
consumption utilising a Pls-SEM-based approach. A combined
method is used; collecting information based on Annex 53
questionnaire, energy simulation, and statistical approach to
identify the effect of each behaviour. The authors selected four
OBs factors, AI, CURB, OPWIN, and HB. The main findings
show a significant impact of OBs in explaining the EC and GC
up to 44 and 46%, respectively. There were some limitations in
this study. Firstly, the questionnaire survey was conducted in
a short period and was not repeated. Long-term monitoring of
occupancy instead of one-time off surveys is necessary to obtain
more precise OBs analysis. Another limitation of the current
study is that OBs are based on occupant declaration rather than
observations, which may affect the accuracy of the data. Finally,
the sample of studied buildings is small, with the same building
construction inhabited occupants with similar cultures and jobs.

Among all selected OBs in this study, AI and OPWIN had
the most (41.7%) and the least (21.6%) significant effect on EC,
respectively. Therefore, the result showed that the occupants in
the improved building were much more satisfied with indoor
environment conditions and used heating, cooling, lighting
systems less than other buildings; this result is consistent with
previous studies (Jones et al., 2017). The current study highlights
the importance of considering the accurate OBs in building
simulation studies and particularly retrofitting buildings strategy
as the most influential factor on electricity consumption by
retrofit planners, policymakers, and standards.

Moreover, descriptive analysis of survey and simulation
results showed HB had a significant positive effect on GC and
had negligible EC usage. This effect appeared due to the high
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EC arising from OBs in excessive heating systems used for 16–
24 h per day. Besides, the occupants prefer to wear fewer clothes
and not turn off the heating system when they leave home.
Regarding energy subsidiary and relatively low-cost energy in
Iran, this study showed that occupants are unconcerned about
using energy so educating occupants to change their behaviours
of using HB seems more practical to reduce energy consumption
which is consistent with previous studies (Jami et al., 2021).

On the other hand, CURB had a significant and inverse effect
on EC considering the effect of different CURB, whereas it did not
impact GC. Therefore, the more the curtains were controlled, the
less EC was used. More considerate about CURB, occupants had
sufficient daylighting and used less artificial lighting during the
day. Regarding GC, AI, and CURB had the most 64.5% and the
least 5% significant effect. AI had a positive and negative impact
on EC and GC, respectively, based on the path coefficients.
This impact is caused by significant improvement strategies
for replacing gas heating equipment with a radiator (electric
one). Also, double-glazed windows were another improvement
strategy that reduced energy waste and, consequently, GC.

In the improved building, OPWIN significantly increased
EC affected by the misuse of electric heating equipment.
Due to the replaced windows having lower U-values and
infiltration rates, occupants open windows more frequently
while heating systems are operating, causing an increase
in energy consumption. In contrast, this behaviour did not
significantly affect GC. More research needs to be carried
out to realise the main reasons behind the insignificant effect
on GC. The results are consistent with previous studies
indicating that leaving windows open for extended periods
reduces the effectiveness of increasing window layers (Wei et al.,
2017).

Due to different OBs patterns, simulation results in the same
buildings and locations may differ. Decision-makers can reduce
energy consumption by choosing the most effective OBs that
benefit from current OB patterns. Energy simulations are used
during the design of new buildings to inform decision-makers
about the variation and uncertainty of OBs. Furthermore, this
study recommends that although AI significantly reduces energy
consumption, it is preferable to emphasise occupant awareness
and education about energy-saving behaviours and the critical
roles of occupants in the success of an energy retrofit project.
Raising occupants’ responsibility and energy awareness through
educational methods could be effective and practical (Bull et al.,
2017). Furthermore, motivating programs such as displaying
real-time consumption data to occupants could be critical
in changing wasteful energy behaviours. Obtaining immediate
energy feedback from smart devices could be useful (Emeakaroha
et al., 2012).

This study highlighted the significant role of OBs in
residential buildings energy consumption in Iran. In addition,
the potential of reducing energy consumption by AI actions
(e.g., double-glazing and using high-performance systems) and
raising awareness of occupants about the impact of OBs patterns
on optimising energy consumption. Therefore, this study
recommends that the policymakers omit energy subsidisation to
make AI actions logical financially and provide an incentive plan
to encourage occupants to choose energy savings OBs patterns.

CONCLUSION

The necessity of reducing energy consumption in the
residential sector has prompted researchers to look
into the impact of buildings’ physical characteristics
and OBs on energy consumption. Therefore, increasing
the accuracy of understanding and predicting OB is
significant regarding the arising impacts on the building
energy performance.

This study aimed to answer the question, ‘To what extent
can OBs patterns and AI strategies affect energy consumption?’
in a residential complex using an integrated method. The study
used field measurements, questionnaire surveys, and simulation
to assess the effect of observable OBs factors and Pls-SEM
model analysis to assess latent OBs factors. In addition, this
study aimed to reduce and optimise the gaps between simulated
energy performance and actual energy consumption of buildings.
The main findings, as well as future research, are summarised
as follows:

• The estimations demonstrated that 46% of the variance of the
GC and 44% of EC are affected by OBs.

• Among all the factors influencing GC and EC, AI and OPWIN
had the most 41.7% and the least 21.6% significant effect on
EC, respectively.

• The Pls-SEM method was developed to accurately predict the
effect of OBs on energy consumption by taking into account
invisible factors with a statistical model.

• To narrow down the gap between the actual and predicted
consumption and optimise the energy performance of
buildings, it is highly required to estimate the influence of OBs
on building energy performance.

• Encouraging occupants through education and policies could
play an essential role in changing OBs patterns to optimise
energy consumption.

• Further research should assess the effect of OBs on energy
consumption in other climates, different cultures, large scale
samples, and other building types (i.e., offices, educational).
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