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Abstract: The goal of this study is to investigate the direct and indirect relationships that exist between
artificial intelligence (AI), social innovation (SI), and smart decision-making (SDM). This study used
a survey design and collected cross-sectional data from South Korea and Pakistan using survey
questionnaires. Four hundred sixty respondents from the public and private sectors were obtained
and empirically analyzed using SPSS multiple regression. The study discovered a strong and positive
mediating effect of SI between the relationship of AI and SDM, as predicted. Previous researchers
have investigated some of the factors that influence the decision-making process. This study adds
to the social science literature by examining the impact of a mediating factor on decision-making.
The findings of this study will contribute to the local government in building smart cities such that
the factor of social innovations should be involved in the decision-making process because smart
decision-making would share such collected data with entrepreneurs, businesses, and industries and
would benefit society and all relevant stakeholders, including such social innovators.
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1. Introduction

The use of artificial intelligence (AI) in smart cities, its effect on governance, decision-
making, innovative discipline, and prospects of revolution have been a topic of discussion
in debate and practice recent years [1–6]. Data generation utilizing AI is possible in
government and private sectors exploring new approaches to understand our world. The
availability of big data may be effective in optimum usage of resources while making
informed decisions [7]. Artificial intelligence and the Internet of Things [8,9] can positively
influence smart decision-making [10]. At present, AI is becoming a need for daily life
and organizational procedures as technology has taken great dives in empowering AI
advancement [11]. AI contributes to smart cities’ decision-making because smart decision-
making utilizes a systematic and organized approach to collect data and applies rational
decision-making systems rather than using hit and miss, instinct, or generalizing from
overall experience [12].

“Smart cities” is a multidimensional notion and has been defined differently by nu-
merous scholars. However, the compulsory prerequisite to being a smart city is to attain
sustainable social, environmental, and economic development and improve the living
standards of society by utilizing Information and Communication Technology (ICT) and
AI [13]. The technological aspect of a smart city in the decision-making process can be
defined as “a technologically interconnected city” or the use of artificial intelligence with
big data to accomplish the intelligence and efficiency in managing the city’s resources [14].
A study about smart decision-making in smart cities using big data [12] introduced a
three-layer framework characterizing a smart city as an “instrumented, interconnected,
and intelligence”. Smart cities in the implemented phase utilize artificial intelligence and
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IoT for data acquisition by using surveillance cameras, meters, and sensor-based systems
for real-time data and from open data sources and social media for quick response. The
data collected through AI, IoT, and other sources are integrated and then transformed
into a piece of relative information in the “interconnected” phase to deliver better insights
for smart decision-making. Finally, transformed information gathered through data is
envisioned to understand the city’s demands, requirements, needs, and policies. Hence, it
can contribute to well-informed and smart decision-making [15,16].

The role of artificial intelligence in the SDM process has long been discussed and
acknowledged by many smart city scholars [17–20]. However, different factors can impact
decision-making in smart cities. Several scholars [21,22] have recently highlighted that
decision-making in smart cities is not affected by ICT only. However, the city managers
should listen to the people and stakeholders of the society and include them in this process.
Evidently, [23] found how digital towns may be utilized to embed planning and decision-
making and design codes into the city’s e-governance. Moreover, [24] suggested several
measures available to improve the energy efficiency of smart cities, and city managers must
compensate for energy, environmental, social, and financial factors to make smart decisions.
Although it is found that AI has a positive impact on smart decision-making in smart cities,
we believe that other important factors mediate between these two variables.

Despite the extensive research outline explained above, our knowledge of the exact
use of AI on the SDM process in smart cities is still limited and inconsistent in many ways.
For instance, [25] argued that transparency should be seen both in designing AI assistants
and the decision-making process, ensuring more legitimacy in the public eye rather than
in the process. The advancement of AI in the form of learning algorithms is beneficial in
expanding our comprehension of how the elevated smart city operates, but it is challenging
to see how such approaches could ever dominate decision-making in the near future [2].
What anticipated is that AI will inform the SDM process in the same manner that various
computer instruments serve as the foundation of planning support systems. Moreover, [4]
identified the challenges linked with the impact of artificial intelligence-based systems on
smart decision-making. They proposed a set of suggestions for IS scholars and discussed the
integration of AI support to replace humans in decision-making in particular. Jarrahi [26]
provided a more pragmatic and proactive perspective by highlighting the complementarity
of humans and AI by examining how the strength of each one can be utilized in the decision-
making process in organizations characterized by complexity, uncertainty, and equivocality.
Hence, the involvement of humans is important, and AI assistance can be utilized as a part
of the decision-making process. Another significant weakness, we believe, is the lack of a
foundational theoretical framework linking AI and the smart decision-making process via
the mediating role of social innovation (the design and implementation of new solutions).

In their study, [27] proposed a research framework to simplify the interaction between
technology and social innovation to develop timely, pre-emptive, and sustainable plans
and strategies for decision-making. They have figured out how to use economic incentives
to benefit society while also protecting the environment. Gibson-Graham and Roelvink [28]
also highlighted a framework about social innovation, explaining that it is concerned with
relegated social groups and their involvement in social decision-making. Drawing on these
frameworks, we propose that the relationship between artificial intelligence and smart
decision-making is indirect, rather than direct, mediated through social innovation.

This research aims to see how artificial intelligence, with the help of social innovation,
influences decision-making in smart cities. To the best of our knowledge, we uncovered this
gap in existing work, and we believe that our research will contribute to the literature on
artificial intelligence and smart cities. This research will help academics and government of-
ficials better understand the need for social innovation and how it influences the interaction
between artificial intelligence and smart decision-making in smart governance systems.

The remainder of the research is structured as follows: The literature review and
hypothesis building are explained in Section 2 after the introduction in Section 1. Section 3
describes the research methodology, data gathering, and data analysis. Tables, figures, and
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diagrams are used in Section 4 to present the findings. Finally, in Section 5, concluding
remarks, limitations, and research directions are discussed.

2. Literature Review and Hypothesis
2.1. Artificial Intelligence

Although artificial intelligence has received minimal attention in the public sector,
there is an increased tendency in concentration, as seen by an increase in AI studies
and technical reports [3,29–32]. In these studies, the benefits of artificial intelligence
applications in the public sector have been highlighted across numerous government
departments, showing that AI’s vast potential is impeded by technical, organizational, and
policy challenges [29].

Previously, researchers have demonstrated the critical role of artificial intelligence in
the rational decision-making processes, making a city smart and encouraging a high quality
of life in practice. Scholl and AlAwadhi [30] highlighted how AI-enabled governance
enables cities to collaborate to create smart services that no single city can provide. Smart
governance in smart cities encourages data collection from sensors and other sources to
improve urban safety governance [33]. For example, the South Korean government recently
used artificial intelligence to combat the COVID-19 epidemic by encouraging proactive
information exchange, assisting citizens in understanding the issue, and implementing
recently released safety protocols [34].

Artificial intelligence (AI) in smart cities has become a critical aspect of cities facing
massive challenges such as confirming social presence, sustainability, public health and
safety, prosperity, and making smart decisions [35,36]. When cities face such encounters,
they implement a variety of concepts to transmute their cities into smart cities. This pro-
gression contains a variety of AI strategies that are generally endorsed by urban politicians
who create the governing systems, as well as other experts all over the world [35]. Al-
though several ICT tools, such as databases and dashboards, can help decision-making,
artificial intelligence stands out because of its three design characteristics. However, the
most important feature is automated learning and decision-making procedures through
advanced mathematical representations of problems [32].

In their study, [25] created a framework to analyze transparency in AI decision-making
in the socio-technological system, and they asserted that a confined type of transparency
in the shape of justifications for decisions—both regarding the design of AI assistants and
the decisions taken by them—has the potential to ensure more legitimacy in the eyes of
the public than transparency in process. When it comes to apparent legitimacy, we must
greatly prefer that our AI assistants justify themselves rather than opening their code, etc.
for public feedback. The same holds true for decision-makers’ decisions during the process
of setting goals and pertinent factors for the assistants.

By overwhelming common mistakes in administrative decision-making, artificial
intelligence provides a method for improving power structure in government. These
common problems include inappropriate forecasts on important administrative tasks such
as awarding a small business loan, unrestricted bias such policing unreliable citation rates,
and decision quality varying due to differences in accuracy between managers or over
time owing to decision exhaustion [4,37]. AI can help solve such problems by being more
consistent with diminishing variance and prejudice, more accurate, more lucrative by
reducing labor costs associated with repetitive tasks, and less corruptible by founding a
stronger link between data inputs and decisions [32].

2.2. Artificial Intelligence in Smart Cities and Decision-Making

Artificial intelligence (AI) has proven useful in decision-making in various fields,
including smart cities, medical tests and diagnostics, organizations, the public and private
sector, and medicine. Previous research, for instance, found that AI can reliably identify
diseases as precisely, and especially in ophthalmology [38], complex treatment decisions
may be handled better by AI modeling than by intuition alone, and there is potential to
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expand this framework as a technical infrastructure for personalized medicine [39]. The
application of contemporary AI techniques to forecast high-impact weather is expanding
our capability to scrutinize massive numbers of data in order to extract perceptions and
correct, appropriate guidance for human weather analysts and decision-makers [40], in
complex tasks. AI with exceptional quantitative, computational, and analytical abilities
has outstripped humans with algorithmic decision-making. When combined, big data in
organizations [26] and the advancement of AI in the method of machine learning will be
beneficial in expanding our perception of how the high-frequency, real-time city operates,
but it is hard to see how such approaches could ever influence decision-making in the very
near future [2].

Smart cities are highly complexly built, with extremely sophisticated integrated tech-
nologies that contain a substantial number of sensors and equipment linked to comput-
erized systems that include analytics, surveillance, and decision-making algorithms [41]
and use of Internet of Things in smart cities [42]. The notion of a “smart city” is difficult to
explain due of its complexities. Numerous scholars’ attempts to provide a relevant and
complete definition center on individuals or communities, or on their living standards [43].
Only a few mention the role of public and private organizations in promoting standard
of living, while others focus on the ecological impact of urbanization activities and use of
information communication infrastructure [44,45]. We, in our study, focus on the definition
by Caragliu [46], which explains that a city is considered smart when investments are made
social, and human capital and conventional and information communication technology
infrastructure support long-term economic development and a better quality of life while
managing natural resources efficiently via participatory governance.

AI informs the decision-making process in the same manner that various computer
technologies serve as the foundation of planning support systems. In terms of smart city
planning, few tools have been produced to demonstrate how AI may advance the state
of the art. Years ago, it dabbled with expert systems. However, they fell out of favor as
overly simplistic and apparent, despite some of the capabilities that resulted from these
innovations [47]. Numerous researchers emphasized that processing and interpreting
big data collected via AI is a vital step towards enriching the decision-making in smart
cities [1,12,18]. As cities are becoming smart and digitized globally by installing sensors,
computer cores, and other communication networks [48], as pushed by the modern notion
of “Smart”, this is becoming increasingly possible [1]. These digital ideas are linked to AI
and machine learning technologies, which enable collecting near real-time data, allowing
for a better knowledge of how cities change, adapt, and respond to diverse environments.
Allam and Dhunny [1] agreed that big data analysis might help urban city governors for
smart decision-making and help cities assist socio-economic factors while assuring the
execution of policies. Hence, we develop the following hypothesis:

Hypothesis 1. Artificial intelligence, by using big data, has a positive influence on smart decision-
making in smart cities.

2.3. Artificial Intelligence, Social Innovation, and Smart Decision-Making

As a significant dimension, this variable emphasizes “collaboration” between govern-
ment, community, and other stakeholders that contribute to the decision-making process
in smart cities. Megacities require a strong managerial structure to facilitate collaboration
between the society and government to make better policy and smart decision-making for
integrated administration [49,50]. It necessitates integrating internal governance structures
and establishing partnerships with external organizations [51]. A study about the determi-
nants of factors that contribute to smart city development [6] concluded that public–private
partnership is one of the five factors that make a city smarter. They explained that citizens’
or residents’ participation in urban policy decisions is not merely as beneficiaries simply;
rather, they contribute to the overall decision-making process and the government. Local
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governments in smart cities involve their communities, private organizations, and other
social actors to make better policies and decision-making beneficial for everyone.

To improve cities’ social, economic, and ecological performance, this style of col-
lective smart governance aims to build “innovation hubs” [52] by fostering constructive
links between networks of actors, information centers, and resource institutions. The
Amsterdam Smart City illustrates collaborative urban governance by displaying a unique
relationship between municipal administration, private businesses, research institutes,
start-up investors, entrepreneurs, innovators, ordinary citizens, and other relative stake-
holders [53,54]. With the assistance from the extended cooperation of more than 2207 people
and organizations, Amsterdam city, being smart, developed numerous projects spanning
six areas that include infrastructure and technology involving energy, water, waste man-
agement, transportation, the living standard of citizens, and education [55]. Governors of
this city brand it as an “urban living lab”, inviting usage of collected data through artificial
intelligence to entrepreneurs from private and public sources to create apps and test pilot
creative ideas for bettering businesses and services. Engaging inhabitants and communities
through the “Smart Citizen” program, which recruits people to participate as data agents,
is vital for developing a smart city [56]. Amsterdam residents operate as data collection
agents, exhibiting their knowledge on sustainability issues and directly connecting with
their city, assisting in the city’s advancement as a smart city.

Social innovation denotes “penetration of business ideas, management practices, and
market principles into the world of non-profits and government” [57]. Artificial intelligence
has a great potential to impact the way social actors engage themselves and interact with
their government for decision-making. Although artificial intelligence is not the sole
solution to problems between city government and stakeholders, it is one of the strong tools
to increase the efficiency of city government for policy and decision-making by involving
stakeholders through social innovation. Implementation of artificial intelligence in social
innovation may also indicate how the city government can provide stimulus to other
evolving digital devices for decision-making [58]. Several researchers emphasized the
influence of artificial intelligence on social innovation [59], the impact of social innovation
on smart decision-making [28], and the overall impact of artificial intelligence on smart
decision-making [4], structural equation modeling of mediation, and moderation with
contextual factors. Further, as [60] argued in their study, some direct relationships depend
on contextual factors, so we tried to investigate the mediation impact of contextual variables:
social innovation between independent and dependent variables. Believing the previous
theories and research, we can develop our hypothesis as follows:

Hypothesis 2. Artificial intelligence contributes to social innovation positively in smart cities.

Hypothesis 3. Social innovation contributes to smart decision-making positively in smart cities.

Hypothesis 4. Artificial intelligence, using big data, has a positive influence on smart decision-
making in smart cities mediated by social innovation.

3. Research Methodology

The primary goal of this research is to create a framework for a comprehensive
understanding of the interaction between artificial intelligence and smart decision-making,
with social innovation acting as a moderator. Longitudinal research is carried out to
evaluate the hypothesis produced in this study and assess the test outcomes. It consists of
investigations of community perceptions of the role of AI in decision-making. Primary data
for this study were gathered. A total of 416 participants completed and returned survey
questionnaires provided to them by emails, mail posts, and online, allowing us to improve
the construct reliability and validity [61].
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3.1. Sample and Data Collection

The study sample encompasses two different economies in Asia, namely Pakistan and
South Korea. The main reason to select these two countries to collect data samples is to
conduct a comparative analysis because South Korea is a developed country with a higher
implementation of AI in decision-making [62]. However, Pakistan is relatively less devel-
oped and striving to achieve its targets to implement AI in all cities for decision-making.

The questionnaire for this study was grounded on relevant previous literature. We
employed literature research and subject matter experts in social innovation to construct
the scale instrument’s content validity [63]. Because the questionnaire was created in Urdu
and English and a Korean version was given, back-translation from English to Korean
and then from Korean to English, and from English to Urdu and then Urdu to English,
was performed to ensure the content’s correctness. The Korean and Urdu versions were
evaluated to see if the assertions were clear and intelligible, and it was examined again
by specialists after the material was amended. The amended Korean and Urdu versions
were then used to pre-test the 20 participants from Pakistan and Korea before sending the
surveys to a mass population.

Participants were asked to complete a survey questionnaire on their opinions on the
use of artificial intelligence in smart cities, social innovation, and smart decision-making
by local governments. The survey questionnaire, which included questions regarding the
trustworthiness of AI, the impact of AI on society, public confidence in AI, unemployment
caused by AI, and the usage of AI for public service, was developed after evaluating prior
research and was adapted from it [64,65]. Social innovation questions, in the second seg-
ment, concerning social entrepreneurship, social economy, local, and regional development,
and design thinking were adapted from prior research [66,67]. Finally, the construct smart
decision-making was measured by using five components such as use of new technologies
for decision-making, data collection through sensors, optimistic solution for difficult situa-
tions, optimal and timely decision-making, and use of all available alternatives for smart
decision-making [68].

A cross-sectional questionnaire survey was published online on social media in differ-
ent groups and sent through emails in September 2021. The target audience for our survey
was the Pakistani and the South Korean populations aged between 20 and 65 years, and
they were requested to fill the survey questionnaire and send them back to us through
email. Four hundred thirty-seven completed and usable questionnaire responses were
eventually collected, with 52% (227) from South Korea and 48% (210) from Pakistan. A t-test
was employed to detect any prejudice between early and late replies, but no significant
variation was identified between the two sets of observations. Different demographic
individualities by country of the data sample are shown in Table 1 below. We did not find
any missing values from any of the participant’s survey answers.

The sample data collected through the surveys were then analyzed utilizing the sta-
tistical program SPSS version 21. We used analytical methods such as correlation, factor
analysis, multiple regression, and path analysis. The aspects of artificial intelligence, social
innovation, and smart decision-making were identified using an exploratory factor analysis
technique that was previously used by numerous scholars [69]. For path analysis, ordinary
least squares regression allows a dependent variable in one equation to become an inde-
pendent variable in another. As a result, it was utilized to explore the relationship between
social innovation and smart decision-making using a variety of metrics. Path coefficients
may also deconstruct associations between dependent and independent constructs into
direct and indirect impacts to identify mediating influences. Teeratansirikool [69] used
this method to test the mediating role of competitive strategy on the association between a
firm’s cost leadership and firm performance.

Several previous scholars have focused on comparative analysis studies between
developed and developing countries on different topics; for example, [70] aimed to compare
payments for environmental services, [71] intended to study the contribution of SMEs in
economic development, [71] compared impact of capital flows and the stock market on
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countries’ economic growth, and [72] conducted a comparative analysis of price instability
on demand of oil in developed and developing countries. Most previous studies about
the comparative analysis between developed and developing countries were based on
existing real-time data [73]. However, the reason to use South Korea and Pakistan in our
study is that no previous studies analyzed the public’s perception to examine the impact
of AI on decision-making in developed and developing countries simultaneously. The
main reason for using two countries in our study is that Korea is a developed country
where public managers implement AI-based decision-making policies, but Pakistan is a
developing country where implementation of AI is partial or low in the decision-making
process. Hence, this study tried to analyze the public’s perception in these countries.

Table 1. Demographic characteristics of survey participants.

Group N %

Countries
Korea 210 48

Pakistan 227 52
Total 437 100

Gender
Korea Male 128 29

Korea Female 82 19
Pakistan Male 157 36

Pakistan Female 70 16
Total 437 100
Age

20–35 160 37
36–50 198 45
51–65 79 18

Education
High School 47 11
University 252 58

Master’s Degree 120 27
Ph.D. 18 04

3.2. Measures

To estimate the construct of this study, we collected data using three types of sur-
vey questionnaires. The survey form was uploaded in different groups on social media
and sent to people from different walks of life by mail and emails to collect as many re-
sponses as possible. Participants were asked to complete questionnaires regarding their
perceptions of artificial intelligence, social innovation, and their overall influence on smart
decision-making. Participants’ gender, age, and education were used as control variables in
demographic characteristics. We received 465 responses to our survey, but 28 of them had
missing values, so we eliminated them from our data, leaving 437 to study our constructions.
Artificial intelligence was a predicted variable in our study framework, decision-making
was an outcome variable, and social innovation was a mediator. Participants’ survey
responses were analyzed using a five-point Likert scale ranging from 1 to 5, with 1 being
“strongly disagree” and 5 being “strongly agree”. The survey questionnaire scored artificial
intelligence by three substances, social innovation by four, and smart decision-making by
four objects.

We started our survey questionnaire with five questions for each variable, but we
found some questions irrelevant while conducting factor analysis, so we removed 2 ques-
tions from AI and 1 question from social innovation and SDM variables. Using 3 or 4 items
to investigate a variable is consistent with several previous studies where scholars used
similar components to examine their variables. For instance, [68] used 4 items to inves-
tigate competitive strategy; [74] utilized 3 items for entrepreneurial education, 3 items
for entrepreneurial self-efficiency, 4 items for entrepreneurial attitude, and 4 items for
an entrepreneurial mindset to observe these variables; and [75] used 3 elements for or-
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ganizational commitment and 4 components for organizational culture to examine these
constructs. A questionnaire to measure the components is given in Appendix A.

3.3. Data Analysis

For this study, SPSS software was utilized to evaluate the collected sample, and a
multiple regression and bootstrap approach was performed to examine our hypothesis. In
recent years, social science research has indicated a strong dependence on the bootstrap
approach as one of the best traditional approaches for investigating mediating factors
in social scientific domains [76]. Further, multiple regression using SPSS is regarded as
one of the best novel alternatives to previous traditional analysis tools due to numerous
recent improvements such as confirmatory analysis, non-linear impacts, and mediating and
moderating impacts [77]. Numerous previous scholars proposed multiple regression statis-
tical methods to examine the mediation effects using primary and secondary data [78,79].
Although several researchers used structural equational modelling (SEM) to investigate
interaction mediation effects between independent and dependent variables [80,81], we
assumed that multiple regression using SPSS is the best method for this study to explore
our findings following [81] probed mediation effect of information on decision-making.

Confirmatory factor analysis (CFA) was conducted to create a measurement model
of entire self-rating scales by a convergent validity test. The modification index is then
used to select objects in the variables. The component with the greatest modification index
value was removed first, and so on until the desired goodness of fits was achieved. Most
goodness of fit indicators exceeded the cut-off threshold specified, but a few factor loadings
were below the minimum required level of 0.5. Hence, we removed them to obtain valid
data for our framework. It is confirmed that factor loadings of all components of observed
variables are greater than the critical point of 0.5 [82]. The absolute model fit index was
discovered using the goodness-of-fit test, which assessed whether the data sample matches
an overall framework’s connecting path map.

We now reach the critical decision of whether the measurement model that we have
described is valid after it has been defined and after it has passed all the essential reliability
and validity tests. This was accomplished by determining the appropriate standard of
goodness-of-fit for the model fit. The goodness of fit is the ability to determine how well
the model fits into the dataset’s variance–covariance structure. Based on evaluation criteria
for quantitative measurements, the CFA measurement and structural model fit the data
well. Cronbach’s alpha coefficients were used to evaluate the measurements’ reliability, and
construct correlation was used to assess the validity of the sample. Previous research was
used to construct the items for each variable. These indexes can provide superior evidence
about construct reliability and validity. The acceptance level of Cronbach’s alpha should be
above the threshold of 0.50.

Figure 1 demonstrates our research model where artificial intelligence depicts inde-
pendence, dependence on smart decision-making, and social innovation as mediating
variables. Our research model indicates a direct effect of artificial intelligence on smart
decision-making, but with the inclusion of social innovation in the first model, the direct
linear relationship turned to a mediating relationship. Three basic techniques are used for
statistical mediation analysis: (1) causal stages, (2) coefficient difference, and (3) coefficient
product [83]. All these strategies rely on data from the three regression equations listed
below, following the examples by [84]:

SDM = β10 + β11AI + β12CONTROLS + ∈1 (1)

SI = β20 + β21AI + β22CONTROLS + ∈2 (2)

SDM = β30 + β31AI + β32SI + β33 CONTROLS + ∈3 (3)

where β10, B20, and β30 are intercepts, SDM indicates the dependent variable, AI describes
the independent variable, SI is the mediator, β11, β21, and β31 are the coefficients relating
the independent variable and the dependent variable, β32 is the coefficient concerning
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the mediator to the dependent variable attuned for the independent variable, and ∈1, ∈2,
and ∈3 represent error terms in variables. B12, β22, and β32 with CONTROLS designate to
control gender, age, education, and nationality variables.
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4. Results

Table 2 describes the outcomes of KMO for all three variables (AI as independent,
SI as mediating, and SDM as dependent variable) is 0.531, which is greater than 0.001.
This suggests that the data sample size utilized for this research was adequate. Further,
the Chi-square result is 777.933 with a substantial significant level of 0.000, which is
again satisfactory.

Table 2. Bartlett Sphericity Test and KMO of Self Rating Items.

Factors No of Items Component N KMO
Bartlett Test

Chi-Square Sig

Artificial Intelligence 3 0.960 437

0.531 777.933 0.000Social Innovation 4 0.786 437

Smart Decision-Making 4 0.861 437

As explained in Table 3 below, the reliability analysis for 11 items were used to deter-
mine artificial intelligence’s influence as an independent variable, smart decision-making
as a dependent variable, and social innovation as a mediator factor. The 11 questions
given below were dispersed as follows: 3 items were allocated to artificial intelligence,
4 objects were assigned to social innovation, and 4 to smart decision-making. We utilized
reliability analysis to discover the reliability for each factor. The outcomes revealed that
overall, Cronbach’s Alpha was 0.914 of a total of 11 items with a sample size of 437, which
indicated that all questions used to measure all the three factors were reliable for this study.
Moreover, factor loadings for each component were greater than 0.7, except that of one
A2, which was found to be 0.584. However, several previous studies accepted factors with
a value higher than 0.5, so we added it as a reliable component. Factor loading for each
component greater than 0.5 means that all questions asked from participants and used to
measure factors were reliable and valid for this research. Table 2 describes the outcomes of
KMO for all three variables (AI as independent, SI as mediating, and SDM as dependent
variable) is 0.531, which is greater than 0.001. It suggests that the data sample size utilized
for this research was adequate. Further, the Chi-square result is 777.933 with a substantial
significant level of 0.000, which is again satisfactory.
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Table 3. Construct Reliability and Validity.

Cronbach’s Alpha Cronbach’s Alpha Based on Standardized Items N of Items

0.914 0.916 11

Component

1 2 3

AI1 0.945
AI2 0.584
AI3 0.812
SI1 0.771
SI2 0.701
SI3 0.724
SI4 0.754

SDM1 0.833
SDM2 0.857
SDM3 0.850
SDM4 0.860

Table 4 explains the correlation among different variables, data reliability, and de-
scriptive statistics. The value of the mean for artificial intelligence was 3.855 (SD = 0.804),
indicating that respondents showed that they agreed to respond to the usage of AI in smart
cities for decision-making and for social innovation 3.872 (SD = 0.754), showing that most
respondents believed in social innovation for decision-making using big data, and for
smart decision-making, the value was 1.266 (SD = 3.302), indicating that respondents were
agreed strongly with smart decision-making in smart cities with SI and AI. The correlation
between artificial intelligence and smart decision-making was (r = 0.811 **; p < 0.01), which
showed a significant positive relationship between both variables.

Table 4. Descriptive statistics, correlation coefficients, and reliability coefficients for variables.

Variable Mean SD AI SI SDM GEN AGE EDU

AI 3.855 0.804 0.794

SI 3.872 0.754 0.679 ** 0.812

SDM 3.302 1.266 0.811 ** 0.414 ** 0.931

GEN 0.61 0.488 −0.487 ** −0.165 ** −0.480 ** 1

AGE 1.84 0.693 0.088 0.331 ** −0.067 0.303 ** 1

EDU 2.71 0.863 −0.083 −0.034 −0.103 * 0.101 * 0.050 1

Notes: *, ** Correlation is significant at 0.05, 0.01 level (2-tailed), and Cronbach’s alpha to test reliability is given
on the diagonal line.

The correlation of artificial intelligence with social innovation was (0.679 **; p < 0.01),
which revealed a similarly positive and significant relationship between AI and SI as as-
sumed in the second hypothesis. Further, correlation (r = 0.414 **; p < 0.01) between social
innovation and smart decision-making indicated a positive and significant relationship
between independent and dependent variables, as anticipated in the third hypothesis. The
Sobel test was conducted to test the mediating role of social innovation between the relation-
ship of artificial intelligence and smart decision-making. Results from the Sobel Test given
below explained a mediation association between independent and dependent variables.

Table 5 reveals a hierarchal multiple regression analysis to examine our research
hypothesis, which stated that social innovation mediates artificial intelligence and smart
decision-making. Regarding model 1, referring to the direct relationship between artificial
intelligence and smart decision-making, the value of B = 1.276, and the value of Beta = 0.811
with p-value = 0.000, which implies a substantial and positive relationship between artificial
intelligence and smart decision-making, supporting our first hypothesis. As for model 2,
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which applied multiple regression analysis to discover both artificial intelligence as an
independent variable and social innovation as a mediator variable with smart decision-
making as a dependent variable, the outcomes revealed that the value of B = 1.545, and
the value of Beta = 0.981 with p-value 0.000, as an indirect relationship between artificial
intelligence and smart decision-making; on the other hand, the value of B = 0.422, and
the value of Beta = 0.252 with p-value 0.000 as mediation between social innovation and
smart decision-making. The findings established a positive and substantial direct and
indirect association between artificial intelligence and smart decision-making. Moreover,
social innovation has a strong positive and significant mediating impact between artificial
intelligence and smart decision-making; hence, hypotheses 2, 3, and 4 are significantly
supported empirically.

Table 5. Hierarchical multiple regression, Artificial Intelligence, Social Innovation, and Smart
Decision-Making.

Coefficients a

Model
Unstandardized Coefficients Standardized Coefficients

t Sig.
B Std. Error Beta

1
(Constant) 1.619 0.174 9.298 0.000

AI 1.276 0.044 0.811 28.861 0.000

2

(Constant) 1.021 0.187 5.470 0.000

AI 1.545 0.057 0.981 27.018 0.000

SI 0.422 0.061 0.252 6.929 0.000
a Dependent Variable: SDM.

Table 6 demonstrates the outcomes of the Sobel test to analyze the mediation analysis.
The results reveal the direct association between artificial intelligence and smart decision-
making, p-value = 0.000. It suggested that there is a considerable and positive direct
correlation between artificial intelligence and smart decision-making. Furthermore, p-
value is 0.000 as an indirect association between artificial intelligence and smart decision-
making. Moreover, the results proved a significant and progressive direct and indirect
affiliation between artificial intelligence and smart decision-making; social innovation has a
substantial positive and significant mediating role between artificial intelligence and smart
decision-making.

Table 6. Sobel Test.

Input Test Test Statistic: Std. Error: p-Value:

a 1.545 Sobel test: 6.70315028 0.09726621 0.000

b 0.422 Aroian test: 6.69887152 0.09732833 0.000

Sa 0.057 Goodman test: 6.70743726 0.09720404 0.000

Sb 0.061

5. Discussions and Implications
5.1. Discussions

Because of sophisticated algorithms, big data, and greater storage and processing
capacity, AI systems are augmented with integrated components of digital systems, dramat-
ically influencing decision-making. As a result, there is a growing demand for researchers
of IT system social science to comprehend and analyze the impact of artificial intelligence
on decision-making and contribute to the practical success and theoretical advancement of
AI applications [4]. Furthermore, we must identify and examine the indirect elements that
might influence the good or negative relationship between AI and decision-making. This
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study aims to meet this need by recognizing, evaluating, and researching an important
component in this research field, namely social innovation. Several earlier researchers
discovered a moderating effect of elements between AI and decision-making [85] and
the mediating influence of elements between two constructs [86,87]. We implied social
innovation as mediating factor to investigate the relationship between artificial intelligence
and smart decision-making.

This study looked specifically at social innovation as a mediating element that might
influence big data’s smart decision-making process. The findings demonstrated a signif-
icant mediating role of social innovation between AI and SDM. First, we looked at the
direct association between AI and SDM, which was signed between both variables. Then,
we incorporated social innovation as a moderating variable between independent and
independent variables. An analysis of the direct and indirect interactions between AI, SI,
and SDM revealed a substantial direct relationship between AI and SDM and an entire
mediating influence of SI between AI and SDM. Smart city managers can gather, convert,
and transport data using surveillance cameras, environmental sensors, electronic billboards,
traffic management systems, charging stations, Wi-Fi, and other devices. While there is a
high degree of AI use in the city, there is a greater possibility that the city’s governance will
be better and that choices for the public will be made wisely.

This research aims to determine if social innovation has a mediating effect between
external construct AI and endogenous construct SDM. We demonstrated this link with
empirical evidence that it exists and is highly supported when studied. The first hypothesis
predicted a substantial relationship between artificial intelligence and smart decision-
making, which was established correctly, and we discovered significant outcomes. We
employed SPSS software and regression analysis to establish the strength and significance of
these relationships, which were substantially and significantly positive. Local governments
in cities employ gadgets and devices connected to the internet. They are influenced by the
usage of big data acquired through sensors and other artificial intelligence sources, which
is a good sign.

Further, the second hypothesis predicted a direct influence of artificial intelligence on
social innovation. The third hypothesis implicated a direct positive relationship between
social innovation and smart decision-making. We proved this with an empirical investiga-
tion; hence, we conclude that such relationships exist between independent and dependent
variables. Finally, we determined with our experimental testimony that social innovation
has a strong, substantial mediating impact between AI and SDM, as we anticipated in our
fourth hypothesis.

5.2. Implications

The findings of this study have ramifications for local city managers and smart city
governors. Because our research was done in the public and private sectors in Pakistan and
South Korea, city managers and governors may benefit from it in various ways. Small or
rural communities may not benefit from this study due to a lack of resources, technology,
social inclusion, political power, and other variables, but larger cities in these nations may
benefit. The major goal of this study is smart decision-making; thus, we have emphasized
the aspects that contribute positively and substantially so that local government managers
should keep these factors in mind when developing public policies and choices. Sensors
are becoming essential types of data collecting equipment that may be utilized for decision-
making in smart cities for improved governance. Furthermore, local government can
share such collected data with entrepreneurs, businesses, and industries, as well as for the
prosperity of the society, and all relevant stakeholders, including such social innovators,
should be involved in the decision-making process by local government, bearing in mind
that such decisions will affect them directly or indirectly.

Because of various limitations, the findings and comments in this research should
be interpreted with vigilance. Our first potential drawback is the very small sample size
of 437 survey questions. Although there have been multiple earlier studies with smaller
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sample sizes than ours, we feel that the outcomes may be different with a larger sample size.
Next, while we worked hard to avoid any social or nationalist pressures on the participants,
it is conceivable that some of the contenders sensed some implied communal or patriotism,
which required them to respond to the questions in favor of their country because people of
many nationalities wants to demonstrate their nation as being better. Lastly, this survey was
done in both developed and emerging economies, and most respondents were educated
and earned a middle-income. There is a chance that the results will change if the sample is
drawn from various economies or drawn from a population with a low level of education
and income.

6. Conclusions and Future Research

Artificial intelligence has proven to be beneficial in a variety of industries. As AI has
grown in popularity because of big data, enhanced algorithms, and increased processing
power and storage, AI systems are becoming an integrated component of digital systems
and significantly influence smart decision-making. Consequently, there is a growing need
for social science and information systems researchers to examine and comprehend the
ramifications for decision-making and contribute to AI technologies’ academic growth
and empirical success. This work intends to meet this requirement by analyzing and
emphasizing the curative function of social innovation in the relationship of AI and smart
decision-making, emphasizing the significant issues and opportunities for future studies.
Four research hypotheses are presented, focused on the usage and influence of AI for
decision-making, with social innovation acting as a mediator. Our multiple regression
results using SPSS suggest that AI using big data generated from sensors significantly
influences social innovation and smart decision-making in smart cities. Furthermore, it is
statistically proven that social innovation plays a substantial and important mediating role
in the interaction between AI and smart decision-making.

Although the hypotheses given in this study are primarily for study in AI for decision-
making and social innovation mediation, they can also offer valuable recommendations for
research on the application and effect of AI in general, the impact of AI on decision-making
on different industries, and, most importantly, the analysis of these significant relationships
in different contexts using interaction variables to achieve interesting outcomes.
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Appendix A

Questionnaire Items
Artificial Intelligence

• In my opinion, Information from artificial intelligence science community is trustworthy;
• In my opinion, artificial intelligence science community has much influence on society;
• I have very much confidence in the artificial intelligence science community;
• In my opinion, artificial intelligence is contributing to unemployment in my country;
• In my opinion, government should utilize artificial intelligence for public services.
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Social Innovation

• In my opinion, social entrepreneurship works for betterment of the community and
not to make profits;

• In my opinion, social Economy has primacy of the individuals and the social objective
over capital;

• In my opinion, local and regional development helps to raise living standard of the
people in urban area;

• In my opinion, design thinking guides the decision/policy makers to plan the city better.

Smart Decision-making

• In my opinion, local government uses new technologies rather than using old methods
for decision-making;

• In my opinion, local government gathers lot of data on any opportunity that arises to
decide better for public;

• In my opinion, whenever local government face a difficult situation, its optimistic
about finding a good solution for public;

• In my opinion, my local government doesn’t delay decision-making for public when-
ever it needed before it’s too late;

• In my opinion, local government considers all the available alternatives for decision-making.
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