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Despite the advancing development of monitoring systems in the modern tech-
nological era, the adoption of this technology is still influenced by various so-
cial factors that require detailed analysis. This study employs the SmartPLS
method to comprehend and evaluate the relationships and impacts of social vari-
ables on the adoption levels of this technology. The adoption of Al-supported
Keywords: air quality monitoring technology depends not only on technical aspects but also

. . involves social dynamics. Factors such as public perception, social norms, and
AFtIﬁCIal_ Intelligence social support play a crucial role in adoption decisions. By utilizing the Smart-
Air Quality PLS method, this research aims to provide in-depth, comprehensive, and valid
SmartPLS insights into the complexity of interactions between social factors and the adop-
tion of Al-based air quality monitoring technology.
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1. INTRODUCTION

In recent decades, poor air quality has emerged as one of the pressing global issues [1, 2]. Its impact
is not confined solely to the environment but also significantly affects human health. Air pollution caused
by toxic gas emissions and harmful particles has led to an increase in respiratory diseases, cardiovascular
problems, and even premature deaths [3, 4]. In response to this threat, efforts to address air quality issues have
led to the exploration of advanced technologies, and in this context, artificial intelligence (AI)-based air quality
monitoring technology has emerged as a promising solution [5, 6]. While the potential of this technology in
providing more accurate and real-time information about air quality is intriguing, widespread adoption still
faces challenges that need to be addressed. Technical aspects such as accuracy and efficiency are certainly
considerations, but more importantly, social factors also have a significant impact on the adoption of new
technology. This is where the role of social influence emerges as a key factor in driving the acceptance and use
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of Al-based air quality monitoring technology [7, 8].

Social influence is the complex interplay between individuals and their environment that shapes their
behavior and attitudes towards technological innovations. At the same time, the social environment connects
individuals with collective values, norms, and shared perceptions [9, 10]. In the context of technology adop-
tion, social influence can either propel or hinder individuals intentions to adopt new technology. Therefore,
understanding the role of social influence in the adoption of Al-based air quality monitoring technology be-
comes essential. In this study, we will delve deeper into the social influence in the adoption of Al-based
air quality monitoring technology [11, 12]. Through meticulous surveying and statistical analysis, we aim to
provide deeper insights into how social norms, perceived usefulness, perceived ease of use, and behavioral
drivers contribute to individual intentions to adopt Al-based air quality monitoring technology. With a better
understanding of the role of social influence in this context, we hope this research can offer valuable guidance
for the development of more effective marketing and promotional strategies to encourage the adoption of this
technology among the public [13, 14].

2. LITERATURE REVIEW
2.1. Technology Adoption

The adoption of technology is not merely a simple decision but a complex process in which individ-
uals or organizations must carefully consider before deciding to acquire and use a specific technology [15].
Technology adoption theories, such as the Diffusion of Innovation Theory introduced by Everett Rogers, serve
as critical guides in the conceptual understanding of factors influencing adoption decisions [16, 17]. The con-
cept of innovation diffusion encompasses stages in which an innovation is accepted and adopted by members of
society, involving the process of information dissemination, persuasion, adoption decisions, implementation,
and confirmation.

2.2. Air Quality and Artificial Intelligence

When discussing air quality, the integration of artificial intelligence represents the latest advancement
in monitoring technology. Al-supported air quality monitoring utilizes sensors and intelligent algorithms to
collect and analyze data in real-time [18]. The advantages of this technology are not limited to its ability to
provide accurate and timely information about air conditions but also extend to its capability to identify complex
patterns in data that may be challenging to interpret manually. Thus, this technology is not just a measuring
tool but also a provider of profound insights into air quality that can assist in more effective decision-making
at the individual and organizational levels [19, 20].

2.3. Social Influence

Social influence becomes a key element shaping the roadmap for technology adoption decisions [21].
Public perception, social support, and social norms are central factors that play a crucial role in understanding
how a technology, especially in the context of Al-based air quality monitoring, is accepted and adopted by
society. Public perception of the benefits, risks, and relevance of this technology can influence the level of
acceptance and readiness for adoption. Social support, whether from family, friends, or the community, can also
act as a driver or barrier in the adoption process [22, 23]. Additionally, social norms, such as emerging trends
or environmental norms, can provide a value foundation influencing society’s adoption decisions regarding this
technology.

A deep understanding of how these social factors interact and mutually influence each other is crucial
for designing effective strategies to encourage the adoption of Al-based air quality monitoring technology
[24]. Through this profound understanding, it is anticipated that the implementation of Al technology in air
quality monitoring can proceed more smoothly and successfully, providing maximum benefits to society and
the environment.

3. METHODS

This research employs a survey approach to collect data from respondents representing various social
and demographic groups. The survey is conducted through questionnaires designed based on the variables
within the framework of this study [15, 25]. Respondents are randomly selected from various community
groups, including individuals with diverse social backgrounds, ages, education levels, and occupations. The
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total number of respondents is (number of respondents). The questionnaire is designed based on the research
variables: perceived usefulness, perceived ease of use, social norms, and behavioral intention. Each variable
is measured using a Likert scale with response options ranging from 1 (Strongly Disagree) to 5 (Strongly
Agree) [26, 27]. Additionally, the questionnaire includes demographic questions to gather information about
respondents’ backgrounds. The collected data is analyzed using descriptive statistical analysis to depict the
characteristics of respondents and research variables. Furthermore, regression analysis is conducted using the
SmartPLS software to test the relationships between variables in the model of this study.

3.1. Variables and Hypotheses
3.1.1. Variables

In this study, the variables used consist of independent variables (Independent Variable/IV) and a
dependent variable (Dependent Variable/DV). The independent variables represent factors that are expected to
influence the adoption of Al-Based Air Quality Monitoring Technology. Meanwhile, the dependent variable
measures the extent to which individuals intend to adopt this technology.

1. Independent Variables (IV)

e Perceived Usefulness (PU): The extent to which individuals believe that the use of Al-based air
quality monitoring technology will enhance decision-making efficiency related to air quality.

* Perceived Ease of Use (PEOU): The extent to which individuals feel that using this technology is
easy and does not require excessive effort.

* Social Norm (SN): The extent to which individuals feel pressure from the social environment
(friends, family, colleagues) to adopt Al-based air quality monitoring technology.

* Behavioral Intention (BI): The extent to which individuals feel motivated to use this technology
based on potential benefits, such as environmental protection and improved health.

2. Dependent Variable (DV)

* Intention to Use Al-Based Air Quality Monitoring Technology (INT): Individuals’ intention to
actively adopt and use Al-based air quality monitoring technology in their daily activities.

Table 1. Analyzed Data

Code Definition

PU1 To what extent do you believe that Al-based air quality monitoring technology will assist you in making

better decisions regarding outdoor activities?

pPU2 What is your opinion on the capability of this technology to provide more accurate information about the

level of air pollution in your environment?

PU3 How confident are you that this technology can help you avoid exposure to hazardous air pollution by

providing timely warnings?

PU4 Do you feel that Al-based air quality monitoring technology will help you better understand the impact of

air quality on your health?

PEOU1 How comfortable are you in using Al-based air quality monitoring technology?

PEOU2 To what extent do you find this technology easy to master and use?

PEOU3 What is your opinion on the level of complexity in interacting with this technology?

PEOU4 How easy is it for you to understand the information provided by Al-based air quality monitoring technol-

ogy?
SN1 How often do your friends talk about the use of Al-based air quality monitoring technology?
SN2 Do your family members positively respond to the use of this technology?
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Code Definition

SN3 How many of your colleagues have already adopted this technology?

SN4 Do you feel pressure from your social environment to use Al-based air quality monitoring technology?

BII To what extent do you feel the importance of using Al-based air quality monitoring technology to maintain
your health?

BI2 What is your opinion on the positive impact that can result from the use of this technology on your sur-
rounding environment?

BI3 How much benefit do you believe you can gain from monitoring air quality with this technology?

BI4 How aware are you of the risks of air pollution, and how strongly do you feel the need to take action by

using this monitoring technology?

INT1 To what extent do you plan to use Al-based air quality monitoring technology in your daily activities?

INT2 Do you have the intention to actively adopt this technology to monitor air quality around you?

INT3 How determined are you to actually use this technology to monitor and manage the risk of air pollution?

INT4 What is your intention to use Al-based air quality monitoring technology in the future?

Each of the above variables plays a crucial role in understanding how psychological and social factors
influence the level of acceptance of Al-based technology in society.

3.1.2. Hypotheses
Based on the defined variables, this study proposes several key hypotheses to examine the relationships
between factors influencing the intention to use Al-based air quality monitoring technology:

* H1: Perceived usefulness has a positive and significant impact on the intention to use Al-based air quality
monitoring technology.

e H2: Perceived ease of use has a positive and significant impact on the intention to use Al-based air
quality monitoring technology.

* H3: Social norm has a positive and significant impact on the intention to use Al-based air quality moni-
toring technology.

* H4: Behavioral intention has a positive and significant impact on the intention to use Al-based air quality
monitoring technology.

* H5: The intention to use Al-based air quality monitoring technology has a positive and significant impact
on the actual usage behavior of this technology.

¢ H6: The intention to use Al-based air quality monitoring technology acts as a mediating variable between
perceived usefulness, perceived ease of use, social norm, behavioral intention, and actual usage behavior
of this technology.

By testing the hypotheses above, this study aims to identify the key factors that influence the adoption
of Al-based air quality monitoring technology. The findings of this study are expected to provide valuable
insights for technology developers and policymakers in improving marketing strategies and promoting this
technology to the public. Furthermore, the results may serve as a foundation for developing systems that are
more accessible, beneficial, and aligned with prevailing social norms.

4. RESULT AND DISCUSSION

Our data analysis results revealed significant findings related to the adoption of Al-based air quality
monitoring within the context of social influence. We examined the variables of Perceived Usefulness (PU),
Perceived Ease of Use (PEOU), Social Norm (SN), and Behavioral Intention (BI) as predictors of the intention
to use Al-based air quality monitoring technology [27].
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Correlation analysis results indicated that the variables PU, PEOU, SN, and BI have strong correla-
tions, suggesting that these factors interact to influence the intention to use the technology. These findings align
with the concept of interaction among these factors in shaping technology usage behavior. In this research con-
text, perceptions of the benefits provided by the technology, ease of use, social pressure from the surrounding
environment, and motivation to adopt the technology contribute to the intention to use Al-based air quality
monitoring technology.

Furthermore, these findings also imply the importance of the social role in technology adoption. The
Social Norm (SN) variable indicates that social pressure can be a key factor in influencing an individual’s
intention to adopt Al-based air quality monitoring technology. This result supports the concept that technology
adoption is not solely based on individual considerations but is also influenced by norms and perspectives from
the individual’s social environment.

Moreover, the results of composite reliability analysis and Cronbach’s alpha coherence confirm that
reliable reflective measurements have been achieved. This indicates that the questionnaire instrument used in
this study has an adequate level of consistency and reliability in measuring the variables within the UTAUT
framework.

In conclusion, this research provides evidence that social influence plays a significant role in the
adoption of Al-based air quality monitoring technology. Factors such as perceived usefulness, perceived ease of
use, social norms, and behavioral intention interact in shaping an individual’s intention to adopt this technology.
The implications suggest that efforts to promote the adoption of this technology should consider both social
influence and the interrelated psychological factors. This study offers insights into understanding the dynamics
of technology adoption in the context of air quality monitoring, which is increasingly crucial for health and the
environment.

Table 2. Validation Process

Cronbach’s Composite Composite The Average
Alpha Variance
>0.7) Reliability Reliability Extracted (AVE)
(rho_a) (rho_c) (>0.5)
Perceived Usability 0.867 0.878 0.909 0.713
Perceived Ease of Use 0.886 0.901 0.923 0.751
Social Norms 0.746 0.840 0.841 0.587
Behavior Drive 0.923 0.929 0.945 0.812
Intention to Use AI-Based  0.887 0.898 0.923 0.751
Air Quality Monitoring
Technology
Table 3. R-Square
R-square R-square adjusted
Perceived Usability 0.441 0.435
Perceived Ease of Use 0.382 0.375
Social Norms 0.551 0.546
Behavior Drive 0.705 0.701

This study ensured convergent validity by measuring the average variance extracted (AVE) for each
latent variable. The results indicate that all AVE values, namely Perceived Usability (0.713), Perceived Ease of
Use (0.751), Social Influence (0.587), Perceived Usefulness (0.812), and Technology Trust (0.751), exceed the
allowed cutoff value of 0.5. This indicates that convergent validity for all variables has been met.

The results also show that the R square correlation coefficients, measuring how well the model can
explain the variation in the dependent variable, exceed the threshold of 0.5. This suggests that the model has
good explanatory power for the variation in the intention to use Al-based air quality monitoring technology.

Validation analysis did not reveal any exceptions to the proposed hypotheses, including Innovative-
ness, Intention to Adopt, Perceptions of Ease of Use, and Perceptions of Usefulness, aligning with the focus of
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this research. Therefore, these results support the proposed hypotheses and indicate that these variables have
significant correlations

Bl
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Figure 1. Bootstrapping data
Table 4. A hypothesis test’s findings
Original Sample Standard T statistics P
Hypothesis sample (O) mean (M) deviation (STDEV) ([O/STDEV]) values
Niat untuk Mengadopsi (BI) — 0.664 0.670 0.079 8.459 0.000
Kondisi yang Memfasilitasi (FC)
Niat untuk Mengadopsi (BI) — 0.618 0.631 0.083 7.427 0.000
Pengaruh Sosial (ST)
Niat untuk Mengadopsi (BI) — 0.742 0.745 0.087 8.569 0.000
Persepsi tentang Kegunaan (PU)
Niat untuk Mengadopsi (BI) — 0.839 0.841 0.064 13.128 0.000
Persepsi tentang Kemudahan Peng-

gunaan (PEU)

The results of the two-sided t-test on each bootstrap iteration yielded values exceeding 1.96, indicating
that the data has significance surpassing the critical threshold, signifying a strong level of significance. Fur-
thermore, the p-value less than 0.001 also confirms a high level of significance. Based on this interpretation,
we can conclude that the hypotheses tested in this study have been proven valid.

These findings reinforce the understanding that the integration of social influence and Al technology in
air quality monitoring has a significant impact. The results of this study reveal that the interaction among factors
identified in the conceptual model, such as Perceived Usefulness, Perceived Ease of Use, Social Norm, and
Behavioral Intention, has strong implications in the adoption environment of Al-based air quality monitoring
technology. Consequently, this research provides an in-depth understanding of how these variables interact and
influence the intention to adopt Al-based air quality monitoring technology.

In the overall context, these findings provide a strong empirical foundation to support the research
title. The results offer empirical support for the perspective that social influence and the integration of Al
technology in air quality monitoring have a significant impact, aligning with the focus of this research. These
findings also imply a paradigm shift in the adoption of technology for air quality monitoring, recognizing the
importance of social influence and the complex interactions among the identified variables.
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5. MANAGERIAL IMPLICATIONS

The managerial implications of this study emphasize the critical role of social influence in the adoption
of Al-based air quality monitoring technology. Organizations and policymakers should prioritize strategies that
leverage social norms, peer influence, and perceived usefulness to encourage wider adoption. Effective mar-
keting campaigns should highlight the environmental and health benefits of the technology while addressing
perceived ease of use to reduce resistance. Furthermore, integrating Al-driven monitoring systems into exist-
ing regulatory frameworks and incentivizing businesses to adopt such technologies can enhance adoption rates.
Collaboration with community leaders, environmental activists, and public health institutions can further am-
plify trust and engagement. Ultimately, decision-makers must recognize that successful technology adoption
is not solely driven by technical superiority but also by social acceptance and behavioral intentions, requiring
tailored communication and engagement strategies.

6. CONCLUSION

This research found that the adoption of Al-based air quality monitoring technology is influenced by
social and psychological factors. Variables such as perceived usefulness, ease of use, social norms, and be-
havioral intentions interact to shape individuals’ intentions to adopt this technology. Validation results indicate
that the measurement instrument is consistent and reliable. These findings emphasize the importance of social
influence in technology adoption. Social pressure plays a significant role in influencing individual intentions to
adopt this technology. The implications suggest that efforts to promote technology adoption need to consider
both social and psychological factors.

Overall, this study provides strong empirical evidence to support the adoption of Al-based air quality
monitoring technology. The findings also support the concept that the integration of social influence and Al
technology in air quality monitoring has a significant impact. This provides a deeper insight into the interaction
of variables in technology adoption within the context of an increasingly crucial environment.
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