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Abstract: Energy-saving strategies are required to address the increasing global CO2 and electrical
energy consumption problems. Therefore, the determinant factors of electrical energy consumption
consist of socio-demographic changes, occupant behavior, house and appliance characteristics, or
so-called techno-socioeconomic factors, which all need to be assessed. Statistics models, such as
the artificial neural network (ANN), can investigate the relationship among those factors. However,
the previous ANN model only used limited factors and was conducted in the developed countries
of subtropical regions with different determinant factors than those in the developing countries
of tropical regions. Furthermore, the previous studies did not investigate the various impacts of
techno-socioeconomic factors concerning the performance of the ANN model in estimating monthly
electrical energy consumption. The current study develops a model with a more-in depth architecture
by examining the effect of additional factors such as socio-demographics, house characteristics, occu-
pant behavior, and appliance characteristics that have not been investigated concerning the model
performance. Thus, a questionnaire survey was conducted from November 2017 to January 2018
with 214 university students. The best combination factors in explaining the monthly electrical energy
consumption were developed from occupant behavior, with 81% of the variance and a mean absolute
percentage error (MAPE) of 20.6%, which can be classified as a reasonably accurate model. The
current study’s findings could be used as additional information for occupants or for companies who
want to install photovoltaic or wind energy systems.

Keywords: electrical energy consumption model; artificial neural network; socio-demographic;
house characteristics; occupant behavior; appliance characteristic

1. Introduction

The increasing CO2 level worldwide, due to electrical energy consumption, is the
fundamental factor of environmental damage such as the depletion of the ozone layer,
global warming, and climate change. The emission of CO2 has increased at a rate of 1.3%
every year [1]. The emission of CO2 can be classified as being from sources such as coal,
natural gas, and oil in the industry and building sectors. The building sector consists of
commercial and residential sectors that contribute 28% of the global energy-related CO2
emissions [2]. Malaysia had a global commitment to reduce 45% CO2 emission intensity
by 2030, as stated in the Kuala Lumpur Low Carbon Society 2030 Blueprint [3]. Therefore,
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optimization and efficiency improvement in the residential and commercial sections are
necessary to achieve low carbon emissions in Malaysia.

The consumed energy levels in Malaysia escalated due to the contribution of residen-
tial sectors, being responsible for 20.7% of the total consumed energy [4]. The average
electrical energy consumption was 345 kWh per month, from a survey of 348 samples
in Malaysia [5]. Zaki et al. [6] performed a survey on occupant behavior regarding air
conditioner consumption for a low-cost apartment in Kuala Lumpur. They confirmed that
occupants tended to use AC without being affected by outdoor temperature in terms of the
usage of AC in the bedrooms. Furthermore, most occupants used AC at night-time, a maxi-
mum of 50% of them being used in bedrooms. Ranjbar et al. [7] analyzed the time series
datasets of electrical energy consumption during the El Nino climate situation. They found
that the relationship between electrical energy usage and the outdoor air temperature was
more notable in the night-time because the occupant used AC in the night-time rather than
in the daytime. Hisham et al. [8] analyzed the air conditioning and total load diversity in
typical residential buildings in Malaysia, and revealed that 75% of the occupants utilized
AC almost every day for about five to six hours per day, at the rate of 0.93 kWh/day
during the daytime and 3.43 kWh/day during the night-time. The correlation coefficient
between total daily AC consumption and the mean daily outdoor temperature ranged
from 0.1 to 0.48. Furthermore, Aqilah et al. [9] investigated the electrical energy consump-
tion and indoor thermal environment for typical air-conditioned residential dwellings in
Malaysia. The results showed that the total and the daily averages are 14.5 kWh/day and
3.9 kWh/day, respectively. The consumed electrical energy is predicted to increase because
of economic improvement, occupant behavior and the availability of appliances at home.
Therefore, a strategy for reducing electrical energy needs to be implemented to address the
problem in Malaysia.

The strategy implementation is quite complex, since many determinant factors could
affect the consumed electrical energy levels in a residential household’s consumed electrical
energy, such as sociodemographic issues, house characteristics, appliance characteristics,
and occupant behavior factors. Moreover, those factors could have interconnected inter-
actions with each other, as established by Jones et al. [10]. For example, Kim [11] studied
determinant factors for a household in Korea, based on 2250 dwellings; Kim concluded
that the factors showed a direct and indirect correlation with electrical energy consump-
tion. It also stated that the use of a cooling appliance had a significant correlation with
age, the education level of the head of the household, income, family composition, total
floor area and the number of people living in the building. Furthermore, Chen et al. [12]
examined the factors affecting household electrical energy consumption in China, based on
642 households during winter and 838 households during the summer. They ascertained
that the number of rooms, number of people living in it, the age of the occupants, the
number of AC units owned, education level, and AC consumption were interconnected.
Similar findings from Shahi et al. [13] verified the energy usage in rural, semi-urban and
urban areas in Nepal, based on 442 households, which concluded that the energy usage
was linked to income, job, number of residents, education level and the use of LED lamps.

Mathematical models are required to evaluate the determinant factors affecting electri-
cal energy consumption, such as an artificial neural network (ANN). Previous studies using
the ANN model, such as that by Roque [14], developed the model based on 136 houses in
Canada, and concluded that the combination of sociodemographic factors, the building,
and the number of hours spent at home could explain 91% of the variance. Buratti et al. [15]
used the ANN model based on house characteristics and additional power systems in Italy,
and found a variance of 98%. Khayatian and Sarto [16] applied the ANN model to evaluate
the energy performance certificate of residential houses, based on 220,000 houses in Italy,
which concluded the variance as being between 81 and 91%. Contrary to the findings
of previous studies, Lee et al. [17] utilized the ANN model to predict electrical energy
consumption based on socio-demographic factors and occupant behavior, and stated that
the model only could explain 37% to 42% of the variance. Hawkins et al. [18] established an
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ANN model to investigate the determinant factors affecting electrical energy usage in the
UK for university buildings, based on 1872 rooms. The results showed that the model had
a mean absolute percentage error (MAPE) of 34% and a variance (CV) coefficient of 33.6%.
Pombeiro et al. [19] developed an ANN model for one commercial building in Portugal,
based on the real-time dataset of one month with 3381 datasets, and concluded that the
model could explain 68% of the variance, with a mean absolute error (MAE) of 8.5 and mean
square error (MSE) of 17.2%. Beccali et al. [20] studied the development of the ANN model
to find the energy performance of 151 buildings in Italy, and concluded that the MAE of the
model was 1.99. Most of the previous studies were conducted in a temperate region with
limited determinant factors, as performed by Roque [14], Buratti et al. [15], Lee et al. [17],
and Hawkins et al. [18], while other studies did not consider determinant factors in their
research, such as Khayatian and Sarto [16], Pombeiro et al. [19], and Becalli et al. [20].

There are several studies of residential energy consumption in a tropical climate,
especially in Malaysia. Zaki et al. [21] developed a model for generating air-conditioner
operation schedules, based on 38 dwellings in Malaysia. The results showed that the proba-
bility density model offered good performance in predicting the observation data. Ranjbar
et al. [22] analyzed the short-term measurement of real-time electrical energy consumption
in Kuala Lumpur during hot weather, and concluded that the AC contributed 19.4% to
52.3% of the total consumed electricity. Swarno et al. [23] observed the diurnal variation of
the urban microclimate in Kuala Lumpur, and indicated that urban microclimatic parame-
ters were influenced by monsoon seasons and the urban topography. Sena et al. [24] con-
structed a conceptual framework of electrical energy consumption modeling for Malaysian
households, using an artificial neural network. They suggested that the combination of
sociodemographics, house characteristics, occupant behavior, and appliance characteristics
were important in developing an ANN model for estimating electrical energy consumption.
Aqilah et al. [9] observed real-time electrical energy consumption for selected Malaysian
households at middle-income levels. They classified three types of appliances: cold, active
and standby appliances. The results showed that cold appliances such as refrigerators con-
sumed 118.8 kWh/month, followed by cold and hot appliances, such as water dispensers,
which consumed 52.5 kWh/month, and standby appliances, such as televisions, which
consumed 0.9 kWh/month. The consumed electricity was higher in the night-time, due
to the use of the air conditioner. Wijaya and Tezuka [25] assessed the determinant factors
using a multiple linear regression model; this confirmed that sociodemographic, occupant
behavior and appliance characteristics showed a significant contribution to the electrical
energy consumption for residents in Indonesia. Azlina et al. [26] studied influencing fac-
tors such as sociodemographics, house characteristics, occupant behavior and appliance
characteristics, and concluded that those factors had a significant impact on the variability
of household electricity consumption. Some studies were conducted in tropical countries;
however, the comprehensive impact of the determinant factors of techno-socioeconomics
with respect to electrical energy consumption, based on the ANN model approach, was
not investigated.

Most of the previous electrical energy consumption models based on determinant
factors were developed in temperate regions, such as those of Hawkins et al. [18], Be-
calli et al. [20], and only a few studies were conducted in tropical regions, as were those
performed by Wijaya and Tezuka [25] and Azlina et al. [26]. The determinant factors of
techno-socioeconomic decisions in the temperate region might differ from those in the
tropical region due to the difference in socio-economic level, cultures, and climates condi-
tion, which could affect the model’s performance. Previous studies did not consider the
various impacts of determinant factors in a tropical region with respect to the performance
of the ANN model. The current study aims to investigate the performance of the ANN
model, based on different determinant factors. This study also aims to determine the best
combination of determinant factors regarding Malaysian households, when estimating
monthly electrical energy consumption.
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2. Materials and Methods
2.1. Questionnaire and Survey

Datasets in this research were collected from a field survey that was performed on
respondents from students of the Malaysia-Japan International Institute of Technology
(MJIIT) and the Universiti Teknologi Malaysia (UTM), Kuala Lumpur, from November 2017
to January 2018. The process of finding potential respondents was implemented based
on random sampling, which means that all respondents had a similar possibility of being
selected for the field survey. The respondents willing to participate in the survey would
share their scheduled time and place with the main author. The information about the
survey had been announced to 414 students by visiting their classes, with the permission of
the lecturers. However, only 328 students were involved in the survey, which was divided
into two parts, a direct and an indirect survey.

The direct questionnaire survey aimed to find general information regarding determi-
nant factors from the respondents, and was conducted from the middle of November to the
middle of December 2017. At this stage, the author would implement a direct survey by
distributing the questionnaire to all respondents. First, they would fill in the questionnaire
after receiving direction from the main author. Then, the respondents would fill in the
questionnaire based on information from their family or parents’ house, since most of them
were staying in the university dormitory at the time of the survey. The general information
regarding their households would be acquired at this stage. Finally, the main author would
check the answers of the respondents, which can be classified into two types: verified and
unverified questionnaires.

A verified questionnaire implies that the questionnaire’s responses were plausible as
common answers from people who were given similar questions. The respondents respond
to all questions, except for detailed questions that needed to be answered by their parents or
family members. On the other hand, an unverified questionnaire implies that the responses
to the questionnaire were dubious, or that the responses were not completed. For example,
an anonymous questionnaire was classified as unverified because the main author could
not confirm the questionnaire respondent’s answers. After checking all responses, the
main author found 63 unfinished or dubious responses and 47 anonymous questionnaires.
Therefore, the unverified questionnaires would be removed from further processing to
avoid invalid results. The number of verified questionnaires was 214, and these would
be carried forward to an indirect questionnaire survey. Figure 1 shows the process of
data collection based on the questionnaire and survey, from the beginning stage of the
announcement to the last stage of the indirect questionnaire survey.

An indirect questionnaire survey aimed to extract detailed information regarding
determinant factors in the households, and was performed from January to April 2018. The
indirect questionnaire survey would be implemented by obtaining detailed information
using social media apps, because the respondents’ parents or other household members
must determine some information. Some questions at this stage regarded monthly electrical
energy bills and consumption figures, total family income, floor space area, detailed house
characteristics (number of windows, number of specific room types), details regarding
appliance types (period of purchasing appliances, power rating of an appliance, and
detailed occupant behaviors (occupancy schedule for each household member, usage
profile of household appliances). The respondents obtained their monthly electrical energy
consumption from their electricity bill, consisting of detailed information on how much
electricity was consumed in a month. The verified and completed questionnaires from
direct and indirect questionnaire surveys will be analyzed further. Details of the process
and the results of the questionnaire survey were provided by Sena et al. [27]. Summary
of questionnaire survey was provided in Appendix A. Figure 2 shows the flowchart of a
direct and indirect questionnaire survey.
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Figure 1. Summary of participants from the beginning to the end of the questionnaire survey process.

The respondents were divided into 113 males (52.8%) and 101 females (47.2%). The
average age was 22 years old, with a standard deviation of 6 years. The total number of
respondents who provided their house location was 179 students (83.6%). Most of the
surveyed houses were in Selangor (24.3%), Kuala Lumpur (14.5%), and Johor (11.2%).
Putrajaya and Labuan were not included in the survey because the respondents’ houses
were not located in those places. In addition, 35 respondents did not provide the location
of their houses for reasons of privacy. The type of house for respondents comprised a
detached house (82.2%), apartment (10.3%), townhouse (3.3%), shop house (0.9%), and
others (6%). Figure 3 shows the types of surveyed houses. The distribution of the sample
size for houses in each state, based on the collected datasets, is shown in Table 1.

Table 1. Number of buildings per state.

States Building Numbers

Selangor 52
Kuala Lumpur 31

Johor 24
Pahang 14
Sarawak 11

Perak 10
Kelantan 9

Negeri Sembilan 8
Kedah 7
Penang 6
Melaka 3
Sabah 2

Terengganu 2
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Figure 2. Flowchart of a direct and indirect questionnaire survey [27].
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Figure 3. Typical types of houses investigated. (a) Typical single-storey house [28]. (b) Typical double-storey house [29].
(c) Typical three-storey house [30].

Figure 4 shows the climograph for Malaysia, based on secondary data from the
weather station in Sultan Abdul Aziz Shah Airport, Selangor Malaysia [31]. Malaysia has a
hot and humid climate throughout the year; therefore, the monthly average outdoor tem-
perature and humidity is almost constant in most towns, as confirmed by Kubota et al. [32],
Swarno et al. [23], and Zaki et al. [33]. The average monthly outdoor temperature was
27.8 ◦C, and the average monthly relative humidity was 82%. The maximum average
monthly outdoor temperature was 29 ◦C, and the maximum average monthly relative
humidity was 88%, while the minimum average monthly outdoor temperature was 25.2 ◦C
and the minimum average monthly relative humidity was 78%.
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Figure 4. Climograph of Malaysia.

Each point in the climograph represents the average weekly outdoor temperature
and average weekly relative humidity. For example, “1st Dec” means the first week of
December, with an average relative humidity of 78% and an average outdoor temperature
of 29.1 ◦C. The weekly average relative humidity and outdoor temperature sequentially
decreased from 1 December to 2 December, 3 November, and 4 November.

2.2. Statistical Methods

The artificial neural network (ANN) model was utilized as a statistical method to esti-
mate monthly electrical energy consumption, based on a comprehensive set of determinant
factors. The feed-forward of multi-layer perceptron neural networks was selected as a type
of ANN model in this paper. This is because Akbari et al. [34] confirmed that the network
had been commonly used with a non-linear activation function, allowing the network to
learn non-linear and linear relationships between input and output models. The develop-
ment of the ANN model started by setting the type and parameter. Equation (1) shows the
basic ANN model, as established by Biswas et al. [35], where input (x), weight function (w),
bias function (θ), output model (y); f ( ) is an activation function that determines the output
of the neuron.

y = f (wx + θ) (1)

The 214 verified questionnaire survey responses would be used as the source of the
ANN model. Data on techno-socioeconomic factors, which consists of socio-demographics,
house characteristics, occupant behavior and appliance characteristics as acquired from the
questionnaire, would be used as an input of the ANN model. A detailed explanation of
those factors has been provided by Sena et al. [27]. Weight function (w) and bias function
(θ) would be randomly determined while developing the ANN model. Data regarding
monthly electrical energy consumption, as taken from electric bills obtained from the
surveyed house from July 2017 to January 2018, would be utilized as an output for the
ANN model.

The datasets were divided up for two different purposes: data for developing an
ANN for a 184-dataset model and data from the testing model for 29 datasets. One piece of
data for the testing model was removed from the analysis because the value of monthly
electrical energy consumption was too high compared to other datasets, reducing the
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model’s performance. Table 2 shows the statistical descriptive data for developing and
testing the model.

Table 2. Statistic descriptive data of developing and testing model.

Parameters Data of Developing Model Data of Testing Model

Average 444.8 368.3
Max. 873.7 837.3
Min. 64.7 100

Std. Dev. 176.0 170.9
Variance 420.0 406.0

Range 809.0 737.3
N 184 29

The data sets used for developing the ANN model were divided into three types:
training, validation, and testing for 70%, 15%, and 15% of 184 datasets, respectively. The
ANN model would randomly select the classifications of those types of datasets. In order to
investigate the model performance, the data of the testing model for 29 datasets would be
used, which were different from the data used for developing the ANN model. The hidden
layers were determined randomly and changed until the ANN model achieved a minimum
mean square error (MSE). Four training functions were used in this paper: the Levenberg–
Marquadt (LM), scaled conjugate gradient (SCG), Broyden–Fletcher–Goldfarb–Shanno
(BFGS), and the one-step secant (OSS).

Figure 5. A framework of an ANN model, based on determinant factors [24].

A graphical user interface (GUI) was developed after selecting the type and parameter
of the ANN model. The GUI was used as the interface for the user, who employed
the ANN model to estimate monthly electrical energy consumption, based on different
techno-socioeconomic factors. The data of the developing model would initially be put
into GUI before developing the model. After finishing the development of the model,
the data for the testing model would be put into it, and the estimated monthly electrical
energy consumption would emerge via the GUI. The estimated monthly electrical energy
consumption would be manually compared to those of data of the testing model, due
to the limitations of computer specification. If the errors between the estimated and
observed data were still high, the development process of the ANN model would be
reconstructed again by re-setting the parameters of the ANN model and re-inputting
the dataset into the GUI. The process would be repeated until the error between the
estimated and observed monthly electrical energy consumptions was considered to be at
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the minimum. Finally, model validation would be performed by comparing the observed
and estimated monthly electrical energy consumption and by using a statistical method,
as suggested by Buratti et al. [15]. The basic ANN model was developed based on the
objectives of the current study, consisting of socio-demographic determinant factors, house
characteristics, occupant behavior and appliance characteristics as the input model (xj) and
monthly electrical energy consumption as the output model (y), as shown in Figure 5.

Statistical methods were utilized to measure how much error in the model was based
on absolute error (AE), mean absolute error (MAE), mean squared error (MSE), root mean
square error (RMSE), mean absolute percentage error (MAPE), a sum of square error (SSE),
the sum of squared total (SST), coefficient of determination (R2), coefficient of variance (CV),
and mean bias error (MBE). These methods can be used to determine which model has
the best performance in estimating the monthly electrical energy consumption, based on
the combination of determinant factors. Figure 6 shows the flowchart of development and
validation of the ANN model, based on determinant factors affecting monthly electrical
energy consumption.

Figure 6. Flowchart of the validating non-linear model, based on determinant factors affecting
monthly electrical energy consumption, using an ANN.
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3. Results and Discussion
3.1. Performance of the Model Based on House Characteristic Factors

The performance of the model based on house characteristic factors was assessed in
this section to investigate how much impact the factors have, to explain the variance of
observed and estimated electrical energy consumption. ANN models for electrical energy
consumption were constructed, taking the number of rooms as the input of the model
and monthly electrical energy consumption as the model output. The x-axis shows the
observed monthly electrical energy consumption, which means the data comes from a field
survey on Malaysian households. The y-axis shows the estimated monthly electrical energy
consumption using the data results derived from the ANN model in the current study. The
ANN model based on the Broyden–Fletcher–Goldfarb–Shanno (BFGS) training function
showed slightly better performance than that of the model based on the one-step secant
(OSS) training function, explaining 49% and 48% of the variance of observed and estimated
monthly electrical energy consumption, respectively, as shown in Figure 7.

Figure 7. Estimated and observed monthly electrical energy consumption for the house characteristics
model, based on BFGS and OSS.

Table 3 shows the electrical energy consumption performance for the ANN model,
based on the house characteristic factors. The ANN model based on the house characteris-
tics model factors, using the BFGS training function, showed a slightly higher error than
the ANN model using the OSS training function for MAE, RSME, and MBE. However, both
models showed a MAPE of less than 25%, which means that those models were classified
as a reasonable estimation. The CV value for both models was more than 30%, which
means that both models had high variance. However, the R2 value was less than 50%,
which means that both models still had a low correlation between observed and estimated
monthly electrical energy consumption.

Table 3. Performance of house characteristics model using BFGS and OSS.

Parameter
Training Function

BFGS OSS

Mean absolute error (MAE) (kWh) 91.9 88.8
Mean square error (MSE) (kWh) 14,929.3 15,293.2

Root mean square error (RMSE) (kWh) 30.9 30.6
Mean absolute percentage error (MAPE) (%) 24.0 22.5

Coefficient of determination (R2) 0.49 0.48
Coefficient of variance (CV) (%) 33.8 34.2
Mean bias error (MBE) (kWh) 25.8 25.0

Note: BFGS: Broyden–Fletcher–Goldfarb–Shanno, OSS: one step secant.
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The current ANN model based on house characteristics had an almost similar per-
formance to that reported by Hawkins et al. [18], as shown in Table 4. Hawkins et al. [18]
stated that the MAPE (mean absolute percentage error) and CV (coefficient of variance)
were 34% and 33.6%, respectively. On the other hand, the current model found that MAPE
and CV were 22.5% and 34.2%, respectively. Hawkins et al. [18] constructed an ANN
model based on house and weather factors for a university building in the United King-
dom. The datasets of their model consisted of two types: data for developing a model with
148 datasets and data for testing the model with 20 datasets, while the current study used
184 datasets for the developing model and 29 datasets for the testing model, and one dataset
of the testing model was removed because the value was too high. Therefore, the current
study had an almost similar performance to that of the model used by Hawkins et al. [18].
Both studies had a similar coefficient of variance (CV) due to the discrepancy in the input
model. The current study only utilized a limited input model regarding the number of
rooms, while Hawkins et al. [18] used many numerical and categorical data types without
any data normalization.

Table 4. First Comparison between the current study and that of Hawkins et al. [18].

Current Study Hawkins et al. [18]

ANN Type MAPE CV MAPE CV

OSS 22.5% 34.2% 34% 33.6%
BFGS 24% 33.8% 34.7% 34.3%

Note: BFGS: Broyden–Fletcher–Goldfarb–Shanno, OSS: one step secant, MAPE: mean absolute percentage error,
CV: coefficient of variance.

Compared to other studies, Lee et al. [17] established the ANN model based on socio-
demographic factors, such as age, income, gender, education level, job, and time indoors
for a household in South Korea. It uses genuine real-time and categorical data with a
normalization process, which was better than that of the current study, as shown in Table 5.
Nevertheless, the current study used correlation analysis to separate the datasets that had
low and insignificant correlations from the analysis, as explained by Sena et al. [27], while
Lee et al. [17] did not use the same method. The current study showed better performance
than that of Lee et al. [17] by explaining 49% and 40% of the observed electrical energy
consumption variance, respectively. In contrast, Lee et al. [17] reported less error because
they had larger datasets for the training ANN model than the current study, with MSEs of
1.04 × 104 and 1.5 × 104, respectively.

Table 5. First Comparison between the current study and Lee et al. [17].

Current Study Lee et al. [17]

ANN Type MSE R2 MSE R2

OSS 1.53 × 104 0.48 1.05 × 104 0.42
BFGS 1.5 × 104 0.49 1.04 × 104 0.40

Note: BFGS: Broyden–Fletcher–Goldfarb–Shanno, OSS: one step secant, MSE: mean square error, R2: coefficient
of determination.

3.2. Performance of Model Based on Occupant Behavior Factors

The performance of the model based on occupant behavior factors was carried out
in this section to find out how the impact of certain factors explained the variance in
observed and estimated electrical energy consumption. ANN models for electrical energy
consumption were constructed based on the set temperature of the AC, usage of the router,
the water dispenser and hairdryer on weekdays as the input of the model and monthly
electrical energy consumption as the model’s output. The performance of the ANN model
in estimating monthly electrical energy consumption, using the Levenberg–Marquardt
(LM), scaled conjugate gradient (SCG), and Broyden–Fletcher–Goldfarb–Shanno (BFGS)
training functions, are shown in Figure 8.
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Figure 8. Estimated and observed monthly electrical energy consumption for the occupant behavior model, based on
LM, SCG and BFGS. Note: x: observed monthly electrical energy consumption, y: estimated monthly electrical energy
consumption, R2: coefficient of determination.

Table 6 shows the examination of electrical energy consumption performance for the
ANN model, based on occupant behavior factors. The ANN model based on the SCG
training function had better variance, explaining 81% of the variance, than those based on
the LM and BFGS training functions, which only had a variance of 77% and 68% of the
observed and estimated monthly electrical energy consumption. The R2 value showed
more than 65%, which means that the models had a moderate correlation between the
observed and estimated monthly electrical energy consumption. The value of CV from the
models showed less than 25%, which implies a high variance. On the other hand, the value
of MAPE for the model, based on LM and SCG, showed a value of less than or equal to
20%, which means that the models had a good estimation for monthly electrical energy
usage. In contrast, the model based on BFGS showed 24% of MAPE, which means the
model had a reasonable estimation.

Table 6. Performance of the occupant behavior model using LM, SCG and BFGS.

Parameter
Training Function

LM SCG BFGS

Mean absolute error (MAE) (kWh) 63.6 58.1 80.6
Mean square error (MSE) (kWh) 6650.7 5534.7 9479.5

Root mean square error (RMSE) (kWh) 24.4 31.0 31.4
Mean absolute percentage error (MAPE) (%) 18.0 20.6 24.0

Coefficient of determination (R2) 0.77 0.81 0.68
Coefficient of variance (CV) (%) 22.5 20.6 26.9
Mean bias error (MBE) (kWh) 17.9 16.3 22.7

Note: LM: Levenberg–Marquadt, SCG: scaled conjugate gradient, BFGS: Broyden–Fletcher–Goldfarb–Shanno.

Compared to the previous research, the current ANN model had a smaller error
than that of Hawkins et al. [18], with 18% and 34% MAPE, respectively, as shown in
Table 7. In addition, the current ANN model showed less coefficient of variance than that
of Hawkins et al. [18], with a CV of 22.5% and 33.6%, respectively. The current ANN model
showed better performance in estimating observed monthly electrical energy consumption
than that of Hawkins et al. [18] due to the different factors of the input model. The current
model utilized occupant behavior as an input of the model; in contrast, Hawkins et al. [18]
took house characteristic factors as inputs of the model. Occupant behavior tends to be a
non-linear characteristic, and house characteristic factors showed a linear habit regarding
electrical energy consumption, as Tam et al. [36] confirmed. Therefore, the current model
based on occupant behavior showed better performance than the previous model based on
house characteristics.
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Table 7. Second Comparison between the current study and that of Hawkins et al. [18].

Current Study Hawkins et al. [18]

ANN Type MAPE CV MAPE CV

LM 18.0% 22.5% 34% 33.6%
SCG 20.6% 20.6% 34.7% 34.3%
BFGS 24.0% 26.9% 34.7% 33.7%

Note: LM: Levenberg–Marquadt, SCG: scaled conjugate gradient, BFGS: Broyden–Fletcher–Goldfarb–Shanno,
MAPE: mean absolute percentage error, CV: coefficient of variance.

Kim et al. [37] developed an electrical energy consumption model based on the ANN
model for South Korea: socio-demographics, house characteristics, occupant behavior, and
appliance characteristics. They utilized a large population sample from the secondary
database from government institutions, combining numeric- and categorical-type datasets.
On the other side, the current model also utilized combinations based on those types of
datasets. However, it only covered a small number of samples. The current study showed
better performance than Kim et al. [37] by explaining 11% and 70% of the variance, as
shown in Table 8. The current model utilized correlation analysis to assess the linear
relationship among the determinant factors of monthly electrical energy consumption and
multiple linear regression, to determine the best combinations of those factors, as explained
by Sena et al. [27]. In contrast, Kim et al. [37] utilized multiple linear regression to assess the
determinant factors without correlation analysis. The effect of a non-linear characteristic
within the datasets of the determinant factors would affect the performance of the ANN
model, as in the model used by Kim et al. [37].

Table 8. First Comparison between the current study and that of Kim et al. [37].

Current Study Kim et al. [37]

ANN Type MSE R2 MSE R2

SCG 5.5 × 103 0.81 7.69 × 105 0.11
LM 6.6 × 103 0.77 5.11 × 105 0.07

BFGS 9.5 × 103 0.68 2.59 × 106 0.08
Note: LM: Levenberg–Marquadt, SCG: scaled conjugate gradient, BFGS: Broyden–Fletcher–Goldfarb–Shanno,
MSE: mean square error, R2: coefficient of determination.

3.3. Performance of Model Based on Socio-Demographic and Appliance Characteristic Factors

The performance of the model based on socio-demographic and appliance characteris-
tic factors was conducted in this section, in order to investigate the effect of those factors
to represent the variance of observed and estimated electrical energy consumption. As
a result, ANN models for electrical energy consumption were developed based on the
number of wall-mounted ACs, the number of chargers of smartphones, the number of AC
energy stars, the education level of the household head, the number of standalone freezers,
and the number of fluorescent lamps as the input of the model, and monthly electrical
energy consumption as the output of the model. As a result, an ANN model based on
the OSS training function had better performance in explaining monthly electrical energy
consumption, with a variance of 59%, than those of models based on LM, BFGS, and SCG,
which explained 50%, 54%, and 58%, respectively, as shown in Figure 9.
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Figure 9. Estimated and observed monthly electrical energy consumption for the socio-demographic and appliance
characteristic model, based on LM, BFGS, SCG and OSS. Note: x: observed monthly electrical energy consumption,
y: estimated monthly electrical energy consumption, R2: coefficient of determination.

Table 9 shows the examination of electrical energy consumption performance for the
ANN model, based on socio-appliance factors. The ANN model that was based on the OSS
training function showed better variance, explaining 59% of the variance, than those based
on LM, SCG and BFGS training functions, which only had variances of 49%, 58% and 54%
of the observed, estimated monthly electrical energy consumption. All models had a MAPE
of less than 25%, which means that those models gave a reasonably accurate estimation
of monthly electrical energy consumption. The CV values showed as equal to and more
than 30%, which means that the models showed high variance. On the other hand, the
R2 values in these models were less than 60%, which means that the correlation between
the observed and estimated monthly electrical energy consumption was relatively low.

Table 9. Performance of socio-appliance model using LM, SCG, BFGS and OSS.

Parameter
Training Function

LM SCG BFGS OSS

Mean absolute error (MAE) (kWh) 89.7 83.5 93.7 81.3
Mean square error (MSE) (kWh) 14,914.0 12,266.4 13,560.9 11,444.8

Root mean square error (RMSE) (kWh) 32.3 27.2 30.8 26.4
Mean absolute percentage error (MAPE) (%) 24.5 20.7 24.8 21.0

Coefficient of determination (R2) 0.49 0.58 0.54 0.59
Coefficient of variance (CV) (%) 33.7 30.6 32.2 29.6
Mean bias error (MBE) (kWh) 25.2 23.5 26.3 22.8

Note: LM: Levenberg–Marquadt, SCG: scaled conjugate gradient, BFGS: Broyden–Fletcher–Goldfarb–Shanno,
OSS: one-step secant.

The ANN model based on socio-demographic and appliance factors showed better
variance than that of Lee et al. [17], explaining 42% and 60%, respectively. In contrast, the
current study had a higher mean square error (MSE) due to the lack of training dataset for
the ANN model, with an MSE of 1.14 × 104 and 1.05 × 104, respectively. Table 10 compares
the results of Lee et al. [17] and the current study, based on R2 and MSE. The difference
in performance between the current model and Lee et al. [17] is because of the input of
the ANN model. The current model used a combination of socio-demographic and appli-
ance characteristics. However, Lee et al. [17] only considered limited socio-demographic
and occupant behavior factors. Furthermore, the current model utilized continuous and
categorical-type datasets, while Lee et al. [17] utilized categorical, continuous, and binary-
type datasets. In the model used by Lee et al. [17], only monthly income offered the
continuous type of data, while occupancy time used binary datasets. The binary datasets
could reduce the model’s performance because the datasets used limited numbers, such as
0 and 1. On the other hand, the continuous type used a wide range of numbers from 0 to 9.
Nevertheless, the current model had a higher MSE than that of Lee et al. [17] due to the
limitation of the number of samples.
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Table 10. Second Comparison between the current study and that of Lee et al. [17].

Current Study Lee et al. [17]

ANN Type MSE R2 MSE R2

OSS 1.14 × 104 0.60 1.05 × 104 0.42
LM 1.49 × 104 0.49 1.04 × 104 0.40

BFGS 1.36 × 104 0.54 1.09 × 104 0.38
SCG 1.23 × 104 0.58 1.04 × 104 0.38

Note: LM: Levenberg–Marquadt, SCG: scaled conjugate gradient, BFGS: Broyden–Fletcher–Goldfarb–Shanno,
OSS: one-step secant, MSE: mean square error, R2: coefficient of determination.

3.4. Performance of Model Based on Socio-Demographic and Occupant Behavior Factors

The performance of the model based on socio-demographic and occupant behavior
factors was investigated in this section to determine how much impact those factors had on
the variance of observed and estimated monthly electrical energy consumption. The ANN
model for electrical energy consumption was constructed based on the number of wall-
mounted ACs, the number of chargers for smartphones, the number of AC energy stars, the
education level of the household head, the number of standalone freezers, and the number
of fluorescent lamps as inputs of the model and monthly electrical energy consumption as
the output of the model. As a result, the ANN model based on the Levenberg–Marquardt
(LM) training function could explain 53% of the monthly electrical energy consumption
variance for socio-demographic and occupant behavior factors, as shown in Figure 10.

Figure 10. Observed and estimated monthly electrical energy consumption for socio-demographic
and occupant behavior, based on LM. Note: x: observed monthly electrical energy consumption,
y: estimated monthly electrical energy consumption, R2: coefficient of determination.

Table 11 shows the performance of the ANN model based on socio-occupant factors
using LM training functions. The model showed a MAPE of 28.2%, which can be classified
as a reasonably accurate estimation. However, the model showed a higher MAPE than
the previous model based on socio-appliance factors, which means that the current model
had poorer performance in estimating monthly electrical energy consumption than the
previous model. The value of CV in the model was more than 30%, which means that
the model had a high variance. On the other hand, the R2 value in this model was less
than 60%, which means that the correlation between the observed and estimated monthly
electrical energy consumption, based on socio-demographic and occupant behavior factors,
was quite low. Therefore, the current model showed poorer performance than models
based on socio-demographic and appliance characteristic factors.
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Table 11. Performance of socio-occupant model using the Levenberg–Marquardt model.

Parameter
Training Function

Levenberg–Marquardt

Mean absolute error (MAE) (kWh) 99.5
Mean square error (MSE) (kWh) 13,620.9

Root mean square error (RMSE) (kWh) 34.7
Mean absolute percentage error (MAPE) (%) 28.2

Coefficient of determination (R2) 0.53
Coefficient of variance (CV) (%) 32.3
Mean bias error (MBE) (kWh) 28.0

The ANN model based on socio-demographic and occupant behavior showed better
variance than that of Kim et al. [37], with 53% and 11%, respectively. The different types
of model input also contributed to the poorer performance of that of Kim et al. [37]. The
current study showed less mean square error (MSE) than showed by Kim et al. [37], with
an MSE of 1.36 × 104 and 7.69 × 105. The impact of multicollinearity and non-linear
relationships among the determinant factors could reduce the model performance as
reported by Kim et al. [37]. Furthermore, the current model removed factors that had low
significance and multicollinearity, as explained by Sena et al. [27]. However, the current
model had fewer data training and testing sets than that of Kim et al. [37].

3.5. Performance of Model Based on Appliance Characteristics and Occupant Behavior Factors

The performance of the model based on appliance characteristics and occupant be-
havior factors was carried out in this section to examine the impact of those factors on the
variance of monthly electrical energy consumption. An ANN model for electrical energy
consumption was constructed based on the number of wall-mounted ACs, the usage of AC
on weekdays, the number of standalone freezers, the number of flat-screen TVs, and the
number of AC energy stars, the number of chargers for smartphones and the number of
fluorescent lamps. The model of the one-step secant (OSS) training function could explain
57% of the variance, as shown in Figure 11.

Figure 11. Observed and estimated monthly electrical energy consumption for appliance characteris-
tic and occupant behavior factors, based on the OSS training function. Note: x: observed monthly
electrical energy consumption, y: estimated monthly electrical energy consumption, R2: coefficient of
determination.
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Table 12 shows the performance of the ANN model based on appliance-occupant
factors, using OSS training functions. The model showed a MAPE of 44.0%, which can
be classified as a reasonably accurate estimation. However, the model showed a higher
MAPE than the previous model based on socio-appliance and socio-occupant factors. The
R2 value was 57%, which means that the correlation between the observed and estimated
monthly electrical energy consumption was relatively low. However, the current model
also showed higher variance than the previous model of socio-occupant factors. Thus, the
results established that the current model based on appliance characteristics and occupant
behavior showed a better monthly electrical energy consumption variance. Still, the model
had higher errors than those of the model based on socio-appliance and socio-occupant
factors. Furthermore, the CV value was more than 30%, which means that the model had a
high variance.

Table 12. Performance of appliance-occupant model using the one-step secant training function.

Parameter
Training Function

One Step Secant

Mean absolute error (MAE) (kWh) 93.8
Mean square error (MSE) (kWh) 12560.9

Root mean square error (RMSE) (kWh) 70.8
Mean absolute percentage error (MAPE) (%) 44.0

Coefficient of determination (R2) 0.57
Coefficient of variance (CV) (%) 31.0
Mean bias error (MBE) (kWh) 26.4

Based on the OSS training function, the current model had a variance of 57% regarding
monthly electrical energy consumption, which was better than that of Lee et al. [17] and
Kim et al. [37], which only explained 42% and 11% of the variance, respectively. However,
Lee et al. [17] showed less error than the current study and Kim et al. [37], with an MSE
of 1.05 × 104, 1.26 × 104, and 7.69 × 105, respectively. Similar to the previous models,
the effect of multicollinearity and the non-linear relationship could reduce the model
performance of Lee et al. [17] and Kim et al. [37].

3.6. Performance of Model Based on Socio-Demographic, Appliance Characteristic and Occupant
Behavior Factors

The performance of the model based on socio-demographic, appliance characteristic
and occupant behavior factors were implemented in this section, to investigate the effect of
those factors on the variance in monthly electrical energy consumption. ANN models for
electrical energy consumption were developed based on the number of wall-mounted ACs,
usage of AC on weekdays, the number of standalone freezers, the number of flat-screen
TVs, and the number of AC energy stars, the number of chargers for smartphones, the
number of fluorescent lamps and the level of education of the household head.

Table 13 shows the performance of the ANN model based on socio-appliance-occupant
factors using LM, BFGS, SCG, and OSS training functions. The model based on the SCG
training function showed a slightly better R2 than that of the model based on the OSS
training function, by explaining 61% and 60% of the variance in monthly electricity electrical
energy consumption, as shown in Figure 12. Similarly, the LM and BFGS training function
model had an almost similar variance, with 56% and 55%, respectively. The value of R2

could be classified as a moderate performance for the model based on SCG and OSS, while
the model based on LM and BFGS had low performance. Those models had a MAPE of
less than 25%, which could be classified as a reasonably accurate estimation. However,
those models’ performances were still less good than those of the ANN model based on
occupant behavior. However, these models still had better performance than those of the
ANN model based on socio-appliance, socio-occupant and appliance-occupant factors. The
value for CV was higher than 28%, which means that the models had high variance.
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Table 13. Performance of the socio-appliance-occupant model, based on statistic analysis.

Parameter
Training Function

LM BFGS SCG OSS

Mean absolute error (MAE) (kWh) 92.7 86.7 85.7 92.9
Mean square error (MSE) (kWh) 12,917.8 13,087.8 11,530.7 11,638.1

Root mean square error (RMSE) (kWh) 31.4 29.0 28.0 28.8
Mean absolute percentage error (MAPE) (%) 24.8 22.6 22.4 24.3

Coefficient of determination (R2) 0.56 0.55 0.61 0.60
Coefficient of variance (CV) (%) 31.4 31.6 29.7 29.8
Mean bias error (MBE) (kWh) 26.1 24.4 24.1 26.11

Note: LM: Levenberg–Marquadt, SCG: scaled conjugate gradient, BFGS: Broyden–Fletcher–Goldfarb–Shanno,
OSS: one-step secant.

Figure 12. Observed and estimated monthly electrical energy consumption for socio-demographic, appliance characteristic
and occupant behavior models, based on LM, BFGS, SCG and OSS. Note: x: observed monthly electrical energy consumption,
y: estimated monthly electrical energy consumption, R2: coefficient of determination.

The ANN model based on socio-demographics, appliance characteristic and occupant
behavior using the SCG training function had better variance than those of Lee et al. [17]
and Kim et al. [37], with variances of 61%, 42% and 11%, respectively, as shown in Table 14.
Due to the limitations of data training, the current model showed higher error than that of
Lee et al. [17]. Still, the current model had less error than that of Kim et al. [37] because
of the impact of multicollinearity in the determinant factors, with MSEs of 1.05 × 104,
1.19 × 104, 7.69 × 105, respectively. The current study removed multicollinearity and non-
linear relationships based on Pearson correlation analysis, as explained by Sena et al. [27],
while Lee et al. [17] and Kim et al. [37] did not remove these factors from the models.

Table 14. Performance of current study and those of Lee et al. [17] and Kim et al. [37].

Current Study Lee et al. [17] Kim et al. [37]

ANN Type MSE R2 MSE R2 MSE R2

SCG 1.15 × 104 0.61 1.05 × 104 0.42 7.69 × 105 0.11
OSS 1.16 × 104 0.60 1.04 × 104 0.40 5.11 × 105 0.07
LM 1.29 × 104 0.56 1.09 × 104 0.38 2.59 × 106 0.08

BFGS 1.31 × 104 0.55 1.04 × 104 0.38 1.51 × 106 0.08
Note: LM: Levenberg–Marquadt, SCG: scaled conjugate gradient, BFGS: Broyden–Fletcher–Goldfarb–Shanno,
OSS: one-step secant. MSE: mean square error, R2: coefficient of determination.

4. Discussion

The ANN model of electrical energy consumption, based on various determinant
factors of techno-socio economics, has been developed using different types of train-
ing functions, such as the Levenberg–Marquardt (LM), scaled conjugate gradient (SCG),
Broyden–Fletcher–Goldfarb–Shanno (BFGS), and one-step secant (OSS). However, the
ANN model based on house characteristic factors showed poorer performance than the
model based on occupant behavior, by explaining 49% and 81% of the variance, respectively.
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Furthermore, the model based on occupant behavior showed less error than the model
based on house characteristics for mean absolute error (MAE), mean square error (MSE),
root mean square error (RMSE), mean absolute percentage error (MAPE), coefficient of
determination (R2), and mean bias error (MBE). Thus, the results confirmed that the occu-
pant behavior factors could moderately explain the monthly electrical energy consumption
variance, rather than house characteristic factors.

Additional factors in the ANN model reduced the model’s performance in estimating
monthly electrical energy consumption. The combination of socio-demographic and appli-
ance characteristics on the ANN model only achieved 59%. This was less than the ANN
model, which only achieved 59%; this was less than that of the model based on occupant
behavior factors, while the combined socio-occupant and appliance-occupant factors could
explain 53% and 57% of the variance, respectively. On the other hand, a combination of
socio-demographics, appliance characteristics and occupant behavior could explain 61% of
the variance. Therefore, a combination of socio-demographics, appliance characteristics,
and occupant behavior could explain 61% of the variance better than doubled-up combined
factors on the model. Therefore, those ANN models using combined determinant factors
could be classified as reasonably accurate estimates, based on less than 50% MAPE.

An ANN model based on socio-appliance-occupant factors showed less error than
others based on the combined factors in MSE, RSME, CV and MBE. In contrast, the lowest
MAE was demonstrated by the ANN model based on socio-appliance factors. The ANN
model based on combined factors showed higher error than those of the models based on
single factors such as house characteristics and occupant behavior. The results confirmed
that the increase of the explanatory variable on the model tended to reduce the performance
of the ANN model when estimating monthly electrical energy consumption.

The current ANN model showed better performance in estimating monthly elec-
trical energy consumption compared to those of Lee et al. [17], Hawkins et al. [18],
and Kim et al. [37]. Nevertheless, the current model showed a higher MSE than that of
Lee et al. [17] and Kim et al. [37], due to the limitations of data testing. On the other hand,
the current model showed a similar CV compared to Hawkins et al. [18], due to a similar
capacity of data testing.

Limitations and Future Study

The current study had a limitation in the number of samples. The total datasets used
in this paper were 214, divided into two sets: 184 for developing the ANN model and 29
for testing model performance. The current study only covered a population sample of
students in the Universiti Teknologi Malaysia for 21,997 students, with a confidence level
of 95% and a margin of error of 7% based on a sample calculation from Cochran [38].

The performance of the current model was also restricted due to the small number
of samples. The model showed reasonable accuracy based on MAPE and explained
81% of the monthly electrical energy consumption variance. Therefore, the model only
achieved moderate accuracy in estimating monthly electrical energy consumption. The
ANN model was limited to a feed-forward multi-layer perceptron neural network with
the activation function of a hyperbolic tangent. The model optimization was manually
performed by randomly selecting several hidden layers, and the number was not used to
classify the model performance. The calculation of model performance was performed
based on the work of Buratti et al. [15], due to the limitations of computer specification. The
classifications of the ANN model were based on five training functions: the Levernberg–
Marquardt, Broyden–Fletcher–Goldfarb–Shanno, the scaled conjugate gradient, and one-
step secant Bayesian regularization. Some results showed overestimated monthly electrical
energy consumption, which was caused by the limitations of data training.

Future studies should increase the number of samples in Malaysia. Proportionate and
random samples were stratified based on certain parameter levels such as income, occu-
pation or educational background. Therefore, the model performance could be improved
with a more specific classification. Future studies need to consider other approaches, such



Sustainability 2021, 13, 13258 20 of 22

as a top-down approach, a bottom-up approach based on engineering methods, and a
hybrid model based on the grey box approach. The comparison between estimated and
observed monthly electrical energy consumption could be developed into the baseline of
Malaysian households as an essential energy management system. The developed model
in this paper could be improved by using other scopes such as automation control or
mechatronics to create intelligent appliances.

5. Conclusions

The research was intended to investigate the performance of electrical energy con-
sumption based on the determinant factors of techno-socioeconomics from 184 items of
data for developing the model and 29 items for the testing model. Therefore, the ANN
model was selected to investigate the non-linear characteristic between determinant factors
and monthly electrical energy consumption.

The results of the ANN model based on single factors showed the following:

• The model based on occupant behavior using scaled conjugate gradient explained
81% of the variance with a MAPE of 18%.

• The model based on house characteristics by Broyden–Fletcher–Goldfarb–Shanno
explained 49% of the variance with a MAPE of 22.5%.

The ANN model based on double and triple combined factors was described by the
following:

• The model based on socio-demographic and appliance characteristics factors using the
one-step secant showed the best performance with a MAPE of 21% and an R2 of 0.59.

• The model based on socio-demographics and occupant behavior according to Levenberg–
Marquardt explained 53%, with a MAPE of 28.2%.

• The model based on appliance characteristics and occupant behavior using the one-
step secant presented at 57% with a MAPE of 44%.

• The model based on socio-demographics, appliance characteristics and occupant
behavior using scaled conjugate gradient, explained 61% with a MAPE of 22.4%.

The ANN model based on occupant behavior factors showed the best performance
compared to other models, which means that the factors could represent the monthly
electrical energy consumption for Malaysian households. At the same time, the model
based on house characteristics showed poorer performance than that of the model based
on occupant behavior. The impact of socio-demographic and appliance characteristics was
almost similar; however, in some models, appliance characteristics tended to have more
effect on the monthly electrical energy consumption variance.

The findings of the current study recommended that the occupant behavior, socio-
demographic and appliance characteristic factors should be considered for the additional
information of determinant factors when designing an energy-efficiency strategy in the
household. This is because those factors showed a moderately significant impact on the
variance of monthly electrical energy consumption. In comparison, house characteris-
tics did not significantly impact the variance of monthly electrical energy consumption.
However, the house characteristic factors might have an indirect impact on other factors.
Therefore, house characteristic factors could be moderately considered determinant factors,
although the impact might not be too significant compared to other factors.
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Appendix A

Table A1. Techno-socio economic factors in the ANN model.

Variables Questions Descriptions

Education level Please indicate the education level of the head of your household or
the person who take responsibility for your family

(1) Secondary education (SPM)
(2) Pre-university (Matriculation)

(3) University

Number of energy stars Please indicate the energy star for owned selected appliances
(refrigerators, fans, televisions, and air conditioners) Units

Number of rooms Please indicate the number of rooms according to each type of room Room
Total number of appliances Please indicate how many appliances are in your house Units

Set temperature of AC Please indicate how you set the temperature of your AC appliance Celsius
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