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Abstract
Urban administrations increasingly rely on AI and data-driven solutions to address complex societal problems, such as 
climate change and the distribution of limited resources. Since the 2000s, the term smart city has been used to describe 
cities that use data and technology to foster efficiency, environmental sustainability, and citizens’ quality of life. Although 
marketed as a promising way to a digital and data-driven future, numerous examples in recent years show that technology-
based solutions may come with unintended and undesired side effects, e.g., excluding certain groups of people from access 
to resources. This may result in discrimination and increased social inequalities. While computer science and engineering 
research has been very active in developing smart city technologies, much less is known about the public’s attitudes towards 
such technologies and whether these attitudes vary across different social groups.
To address this gap, we conducted a survey study (N = 2021) on public attitudes towards various smart city applications in 
May 2023 in a high-quality probability-based online panel in Germany. We presented respondents with eleven smart city 
technologies across four domains: mobility, social inclusion, public safety, and energy supply. Respondents indicated whether 
they are familiar with them and how much they would like to see the applications implemented in their neighbourhood. 
Using latent class analysis, we identified patterns of familiarity and desirability, and examined how these relate to gender, 
age, education, mobility impairment, migration background, income, and urbanicity.
Our analysis reveals distinct attitude profiles towards smart city technologies, with certain socio-demographic characteristics 
associated with different degrees of familiarity and desirability. The study makes a twofold contribution to the research on 
citizens’ views on smart city applications: first, it offers a social science perspective that focuses on inequalities in public 
attitudes. Second, it complements the predominantly qualitative, small-sample literature with a quantitative analysis using 
a high-quality probability-based sample of the German population.
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1  Introduction

We live in turbulent times. While issues such as the environ-
mental crisis and the persistent social inequality are certainly 
not new, their scale and impact demand concrete efforts to 
find solutions for a sustainable and livable future. As densely 

populated areas, cities contribute considerably to crises due 
to extensive resource consumption (Albino et al. 2015). As 
a response, urban administrations worldwide increasingly 
rely on data-driven and digital solutions, often backed by 
artificial intelligence, that collectively fall under the term 
smart city.

Designed to allocate resources efficiently and sustain-
ably as well as improve the quality of life of urban residents 
(James et al. 2020), smart city solutions cover an array of 
applications. Examples range from vehicle cameras detect-
ing traffic violations (Rathore et al. 2021) to systems manag-
ing water infrastructure (Oberascher et al. 2022) and e-gov-
ernment tools that enable automation in the provision of 
public services (Engin and Treleaven 2019; Shadowen et al. 
2020). Although the deployment of these applications is not 
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spread equally across cities, studies suggest that numerous 
metropolitan areas pursue some version of a “smart city 
strategy” (Angelidou 2017; Golubchikov and Thornbush 
2020; Joss et al. 2019).

Despite the promising narratives surrounding the imple-
mentation of smart city applications (Joss et al. 2019; Sad-
owski and Bendor 2019), there are also legitimate skeptical 
reactions. Apart from the critique of the ideological nature 
of the term “smart city” (Cugurullo 2018), which begs the 
rhetorical question of “who wants to live in a dumb city” 
(Lindner and Meissner 2018:10), critical scholars argue 
that the smart city agenda is mainly driven by private tech 
companies that view lived spaces as exploitable markets 
(Kitchin et al. 2019; Vanolo 2014). Recent research dem-
onstrates smart cities’ potential to reproduce existing social 
inequalities: Maalsen et al. (2023:299) reveal that the smart 
urban transformation is highly gendered, with primarily men 
being involved in the planning and design of the technolo-
gies, which might result “in ‘smart cities’ designed for men.” 
Further, Kaharevic and Wihlborg’s (2024) review shows that 
the perspectives and needs of residents from disadvantaged 
neighbourhoods are often omitted in the implementation of 
smart cities.

As a multifaceted concept, the smart city lies at the inter-
section of technology, governance, urban planning, and envi-
ronmental sustainability. This explains why it attracts vari-
ous academic disciplines (van Twist et al. 2023). Although 
valuable, those perspectives seldom consider the public’s 
view on smart cities. Ultimately, however, this stakeholder 
group will be most exposed to smart city applications and 
their implications, as the technologies are primarily embed-
ded in citizens’ living environments. In light of the afore-
mentioned examples of how smart cities can reproduce 
social inequality, it is essential to examine how citizens view 
the technologies.

Previous research on smart cities that takes a citizen-
centric approach consists primarily of case studies focus-
ing on individual applications. While being based on small 
samples and applying qualitative methods (van Twist et al. 
2023), they do not allow for the generalization of findings. 
In fact, recent reviews of the research field highlight the lack 
of quantitative studies (Echebarria et al. 2021; van Twist 
et al. 2023) that should complement existing literature by 
revealing potential differences in attitudes towards smart cit-
ies between various social groups. To address this call, we 
aim to answer the following research question: What distinct 
patterns underlie public attitudes toward smart city applica-
tions, and how do individuals’ characteristics shape these 
patterns?

We do so by analyzing data from a German probabil-
ity-based online panel, which surveyed 2021 respondents 
regarding their attitudes towards eleven smart city applica-
tions related to mobility, public safety, energy supply, and 

social inclusion. In our study, we adopted an exploratory 
approach and investigated the extent to which the familiarity 
with the applications and the desire for their implementa-
tion vary depending on the application. Further, we explored 
whether there are differences between societal subgroups 
concerning these two aspects. Our findings offer research-
ers a nuanced understanding of citizens’ attitudes toward 
smart cities and highlight the characteristics along which 
disparities may arise. They also provide practical insights 
for smart city designers and planners by presenting a dif-
ferentiated picture of citizens’ preferences based on various 
real-life applications.

The remainder of this paper is structured as follows: In 
Section 2, we present the theoretical motivation for this 
study and review previous literature on smart cities focus-
ing on citizens’ perceptions and attitudes; in Sections 3 and 
4, we describe the data and our methodological approach 
before we present the results in Section 5; in Sections 6 and 
7, we discuss the results and address the limitations of our 
study; in Section 8, we conclude our findings.

2 � Background and related literature

2.1 � Theoretical motivation

A critical approach towards the implications and conse-
quences of smart cities is driven by the vision they promote 
and the urban spaces in which they are embedded. At the 
core of the argument is the premise that smart cities, like all 
technologies, do not emerge organically, but are socially and 
politically constructed (Bijker 2010; Winner 2007). Thus, a 
comprehensive understanding of technologies requires the 
consideration of the social and political context in which 
technologies are designed and deployed.

Since the mid-20th century, computer technologies have 
been used in city administration, e.g., to store data, model 
behavioral patterns, or provide various services (Batty 
2024). As such, the idea behind the smart city has histori-
cally emerged from the notion of a digital, connected, and 
technocratic city that existed before the term gained popu-
larity (Kitchin et al. 2019; Shelton et al. 2015). Although 
the concept remains fuzzy in terms of its definition (Albino 
et al. 2015), the smart city can be described as “seek[ing] 
to improve city life through the application of digital tech-
nologies to the management and delivery of city services 
and infrastructures and solving urban issues” (Kitchin et al. 
2019:2).

The smart city emerged as a global agenda for cities 
in the 2000s. This was primarily triggered by the eco-
nomic crisis at the time, which forced actors in the private 
and public sectors to adjust accordingly. Consequently, 
the smart city reflects how the drive of tech corporations 



AI & SOCIETY	

to tap into new markets aligns with urban governments 
operating under austerity politics. Considering the larger 
context, this integration has been further facilitated by the 
(late) capitalist trend towards increasing privatization of 
urban areas and services. For a more detailed description, 
see Kitchin et al. (2019).

Alongside this development, critical research has ques-
tioned the extent to which smart cities impose a neoliberal 
logic in redefining the city itself, its governance, and the 
role of its inhabitants. Vanolo (2014) coined the term smart-
mentality to characterize this transformation. Drawing on 
Foucault’s concept of governmentality, he describes smart-
mentality as a new “urban identity” that simultaneously 
functions as a “discipline mechanism” for cities. Accord-
ingly, cities become products whose performance can be 
measured against benchmarks and evaluated depending on 
how well they adhere to the smart city agenda. This allows a 
classification of cities into either “good” or “bad,” suggest-
ing that the latter are “smart-deviant.” Vanolo (2014) further 
argues that the smart city agenda seeks to appear politically 
neutral, although its objectives and the means of achieving 
them are politically constructed. Beneath the guise of the 
smart city lies a neoliberal policy that aims at a technocratic 
transformation of power relations to make the city attractive 
primarily for its wealthier beneficiaries, i.e., investors, tour-
ists, and highly skilled professionals, largely omitting the 
voices of urban residents.

Regarding urban residents, Vanolo (2014) argues that 
the production of smart cities inherently entails the co-
production of “smart citizens.” Just like the urban spaces 
themselves, residents are subject to the normative expec-
tations imposed by the smart city agenda. Kitchin et al. 
(2019) describe the figure of the “smart citizen” as one 
shaped by specific expectations regarding how residents 
of smart cities should think and behave. The smart urban 
resident is thus constructed “as a data-point, a targeted 
consumer, a user, an investor, a sorted individual, and a 
surveilled, controlled and policed subject” (Kitchin et al. 
2019:9). In line with neoliberal principles, citizens are 
ostensibly granted freedom of choice; however, it often 
proves illusory upon closer examination. Rather than 
being genuinely empowered, urban citizens are subject 
to constant, more or less subtle forms of monitoring and 
control. The predominant smart city narrative masks this 
surveillance by exploiting the positive connotations of the 
term smart, making it appear natural. This normalization 
of control and surveillance helps legitimize the broader 
political agenda underpinning the smart city vision. More-
over, this specific image of the smart citizen assumes a 
homogenous individual who fits into a rigid mold. Such a 
view overlooks the diversity of human experiences, rang-
ing from differences in attitudes and personalities to the 
structural inequalities that shape individuals’ lives. In 

particular, it fails to truly account for disparities related 
to gender, age, ethnicity, disability, income, and the inhab-
ited space itself, as illustrated by the following examples.

McElroy and Vergerio (2022) show how “landlord 
tech,” such as biometric facial recognition systems or 
smart access technologies, is being increasingly used to 
specifically surveil low-income tenants living in public 
housing complexes in New York. While often justified 
as security measures to prevent unwelcome individuals 
from entering the building, these technologies function in 
practice as tools of automated gentrification: they enable 
landlords to raise rents and evict poor and working-class 
tenants for lease violations. Due to the racism embedded 
in facial recognition algorithms, People of Color face a 
disproportionately higher risk of being falsely accused of 
committing such violations (McElroy and Vergerio 2022). 
Another example is Kintzi’s (2024) ethnographic study 
of the smart energy transition in Amman, Jordan. It high-
lights stark disparities in the distribution of smart grid 
installations, such as in-home smart meters and rooftop 
solar panels, across 40 neighborhoods. The applications 
are concentrated in affluent suburban neighborhoods, 
while they are sparse or non-existent in areas that various 
refugee groups have historically inhabited. Kintzi (2024) 
compellingly demonstrates that this uneven distribution 
stems from asymmetrical power relations, manifested in 
the highly unequal land ownership. The study illustrates 
how real-world conditions constrain the smart city prom-
ise: smart infrastructure development is rooted in a long-
standing (post)colonial legacy of land privatization. While 
a wealthy elite of property owners can install smart grid 
applications in the first place, families in poorer neighbor-
hoods are sometimes completely excluded from the power 
grid. In addition, such technologies further exacerbate the 
prevailing unequal relations, as they enable the wealthy to 
access energy at significantly lower prices or even free of 
charge. In contrast, others remain indebted and dependent 
on energy distribution companies and their prices (Kintzi 
2024).

These examples underscore that smart city technolo-
gies do not unfold in a vacuum but are shaped by, and 
actively shape, existing social, political, and economic 
inequalities. As the vision of the smart city continues to 
spread globally, it is essential to examine how different 
social groups engage with, benefit from, or are marginal-
ized by this agenda. In this context, public attitudes and 
perceptions toward smart city technologies are not merely 
reflections of individual preferences but are embedded in 
broader power structures.

In the following section, we review existing research on 
citizens’ attitudes toward smart cities, shedding light on how 
this stakeholder group understands, desires, or contests these 
technologies.
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2.2 � Research on public attitudes towards smart 
cities

Public attitudes towards smart cities have only recently 
gained attention in research (Spicer et al. 2023; van Twist 
et al. 2023). Van Twist et al. (2023) conducted a systematic 
literature review of 58 studies on citizens’ discontent with 
smart cities, covering articles published between 2014 and 
2021. The review explores the reasons behind critical atti-
tudes toward smart cities, how citizens express their dissat-
isfaction, and how city administrations respond. It identifies 
two modes of citizens’ discontent: active and passive. Active 
discontent is expressed through direct actions, which van 
Twist et al. (2023) categorize along two dimensions: indi-
vidual versus collective and conventional vs unconventional. 
Conventional actions include, for example, posting concerns 
about smart city applications on social media (individual) or 
mobilizing activist movements that advocate for a societal 
rethinking of such technologies (collective). Unconventional 
expressions of dissatisfaction include deliberately covering 
cameras (individual) or engaging in data activism, such as 
hacking (collective). The authors identify three reasons driv-
ing an active expression of critical attitudes: i. discontent 
with the technological aspects of smart city applications 
(e.g., usability or design), ii. frustration due to a lack of par-
ticipation opportunities, and iii. concerns about the negative 
societal impact of smart cities (e.g., privacy, digital divide, 
or surveillance).

In contrast to the active mode, passive discontent refers to 
the absence of visible criticism or opposition from citizens. 
It encompasses both a lack of critical attitudes towards smart 
cities from the public and the inability of dissatisfied citizens 
to express their sentiments. The former might be due to i. the 
invisibility of smart city technologies (e.g., sensors), ii. the 
absence of citizens’ data literacy skills or interest in digital 
technologies and democratic processes, and iii. citizens’ una-
wareness regarding the societal consequences of smart city 
technologies. The latter is tied to structural barriers, such as 
the dominant smart city narrative presenting the technologi-
cal transformation as utopian and inevitable, the limited role 
of citizens in decision-making processes, and the exclusion 
of marginalized voices from the smart city discourse. Van 
Twist et al. (2023) emphasize that decision-makers should 
not interpret citizens’ lack of active discontent as outright 
approval for the digital transformation. Within the smart city 
discourse, citizens’ role is often reduced to mere users or 
testers of technologies. Instead, the authors argue that citi-
zens must be recognized as political subjects with the right 
to participate in shaping the process.

Since 2021, additional studies have examined pub-
lic perceptions of smart cities using survey data. Spicer 
et al. (2023) examined how smart city technologies match 
citizens’ wishes and needs across four areas: services, 

governance, social, and the economy. The survey among 505 
residents of three large Canadian cities shows that citizens’ 
perceptions of “smartness” differ from the cities’ actual 
smart city strategies, as citizens prioritize other areas than 
those targeted by city officials and stakeholders from private 
industry. Spicer et al. (2023) point out that this misalignment 
occurred despite cities’ efforts to incorporate citizens’ opin-
ions. They conclude that key decision-makers should engage 
more with citizens and consider their perspectives. Previous 
efforts to engage the public may have focused too much on 
infrastructure projects and implementing new technologies, 
rather than on citizens’ actual needs and concerns.

Further studies investigate the factors shaping pub-
lic attitudes toward smart cities. Hartley (2024) surveyed 
1017 Hong Kong citizens to examine whether awareness of 
smart city technology and perceived government transpar-
ency influence public support for smart cities. Support was 
operationalized using two variables: i. the extent to which 
citizens believe that Hong Kong should embrace the techno-
logical transformation and aspire to become a smart city, and 
ii. citizens’ willingness to pay more taxes to provide smart 
city services. The results reveal that a greater awareness of 
smart city technologies and the feeling of being adequately 
informed about them lead to stronger civic support for smart 
city technologies. Building on this study, Hartley (2023) also 
focuses on drivers of public support. However, he opera-
tionalizes it as citizens’ perceptions that smart cities can 
improve governance effectiveness and the quality of urban 
life. Again, awareness of smart city initiatives and the gen-
eral belief that the government is responsible for its citizens’ 
quality of life emerged as key predictors of public support. 
Hartley and Aldag (2024) extended this line of research by 
surveying 1500 residents of Singapore. They conceptual-
ize public support as a multi-dimensional construct, distin-
guishing between i. general support, e.g., the willingness to 
pay taxes to finance smart city initiatives, and ii. perceived 
effectiveness, e.g., the belief that smart city technologies 
can improve urban infrastructure and governance. Their 
results identify several significant drivers of public support, 
including trust in technology, confidence about the security 
of individual data, and the belief that citizens’ perspectives 
will be considered in the transformation process to a smart 
city. Awareness of smart city technologies and the overall 
belief that they improve the quality of life also positively 
influenced public support.

The reviewed studies provide valuable insights into 
citizens’ attitudes toward smart city applications. While 
the literature suggests that awareness and trust play essen-
tial roles in shaping public support, the findings also 
point to discrepancies between citizens’ preferences and 
municipal strategies that might be due to failed attempts 
to truly include the public in the process. Despite these 
contributions, further quantitative research on citizens’ 



AI & SOCIETY	

attitudes is needed, ideally from multiple perspectives and 
considering various aspects. Previous research utilizing 
survey data on smart cities mainly focused on identifying 
which (other) attitudinal variables correlate with attitudes 
towards smart cities. In these studies, sociodemographic 
characteristics such as age or education were primarily 
treated as control variables. Such characteristics, how-
ever, are likely to reveal possible discrepancies in smart 
city attitudes at a more fundamental level. Our study, 
therefore, focuses on these attributes to reveal whether 
existing social inequalities are already reflected in atti-
tudes towards smart city technologies. This aspect has 
been largely ignored in previous research.

3 � Data and operationalization

The data analyzed in this paper were collected in May 
2023 through Forsa Omninet, a probability-based online 
panel in Germany. Forsa Omninet currently consists of 
100,000 German-speaking panelists aged 14 and older. 
The panelists are recruited offline through Forsa’s regu-
lar multi-topic telephone survey, Forsa Omnitel. For this 
study, respondents were randomly selected from the panel 
to approximate the distribution of gender, age, and region 
in the German population.

The survey questions covered a range of topics: in 
addition to the smart city questions and sociodemographic 
characteristics analyzed here, we collected information 
on respondents’ everyday mobility, evaluation of public 
transport at their place of residence, environmental and 
fairness attitudes, and technological affinity and knowl-
edge. In total, 2021 respondents completed the survey.

3.1 � Smart city attitudes

The questions regarding smart city applications were pref-
aced by an introductory sentence describing them as “vari-
ous technologies that either could be used or are already 
in use in cities and towns.” We deliberately refrained from 
using the term smart city or a specific definition to avoid 
priming respondents. Since the applications that fall under 
this term may also be unfamiliar, we embedded them in short 
descriptive sentences. The selected applications are based 
on real-world examples of smart city technologies (Zubi-
zarreta et al. 2016) that cover four broad domains (mobil-
ity, social inclusion, public safety, and environment). An 
overview of the eleven applications and the introductory 
sentences is shown in Table 1. See Online Resource 1 in the 
Supplementary Information for the German wording of the 
descriptive sentences.

Regarding smart city applications, we measured whether 
respondents were familiar with them and how desirable 
they were. Each respondent was shown five randomly cho-
sen applications and was asked about the familiarity and 
desirability items for the selected applications. For the exact 
wording of the questions in German and their English trans-
lations, see Online Resource 2.

3.1.1 � Familiarity

To measure respondents’ familiarity with the smart city 
applications, they were asked whether they had heard or 
read about them. They could answer either “Yes” or “No.”

3.1.2 � Desirability

Next, to measure the desirability of the applications, we 
asked the respondents how much they would like or dislike 

Table 1   Smart city applications, along with short explanatory sentences, as presented to survey respondents

Application type/domain English translation Application label 
used in this paper

Mobility Public bicycles that can be rented via an app Smart bikes
Smart cars that share data with road sensors and other vehicles to improve traffic flow Smart cars
Smart buses that dynamically adapt their route to the needs of passengers Smart buses
Sensors at parking lots that show available parking spaces Parking sensors

Social inclusion Sensors throughout the city that are connected to apps used by visually impaired individuals to 
help them better navigate the city

Navigation sensors

Sensors that measure pedestrian and wheelchair traffic to improve urban planning Mobility sensors
Public safety Street cameras that automatically monitor whether traffic rules are being followed Traffic cameras

Security cameras in public spaces to prevent crime Security cameras
Sensors that adapt urban lighting to the current behavior of the inhabitants Lighting sensors

Environment Smart grid that adapts the flow of electricity to current demand Smart grid
Sensors that measure air quality and noise to derive measures to improve both livability and 

climate protection
Pollution sensors
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the applications’ implementation in their residential area. 
Respondents could answer on a six-point scale ranging from 
“I would not like it at all” to “I would like it very much.” For 
the latent class analysis, we combined the two outer catego-
ries at the positive (“I would like it” and “I would like it very 
much”) and negative (“I would not like it” and “I would not 
like it at all”) extremes of the scale into single categories (“I 
would like it [very much]” and “I would not like it [at all]”).

3.2 � Sociodemographic characteristics

Apart from the smart city items, we collected information on 
respondents’ sociodemographic characteristics.

3.2.1 � Gender

Respondents’ gender was measured using a semi-open-
ended question in which respondents indicated whether they 
were female, male, or identified with another gender (with 
the option of providing an open answer). Three respondents 
stated they were neither female nor male, but did not use the 
open text field for specification. The low number of these 
cases does not allow us to include them in our statistical 
analysis in a meaningful way. Thus, we coded these three 
cases as missing values. Regarding the gender distribution 
across the sample, 50.2% of respondents identified as female.

3.2.2 � Age

Respondents’ age was measured in years. For further analy-
ses, we recoded the age variable into a categorical variable 
with three levels (18–39 years, 40–59 years, and 60 years 
and older). Regarding age, 33.7% of the respondents are 
between 18 and 39, 34.3% between 40 and 59, and 32% are 
60 and older.

3.2.3 � Education

Respondents’ education was measured using questions about 
respondents’ general and vocational education. For our anal-
yses, we created a categorical variable from the survey meas-
urements that indicates whether they have a low, medium, or 
high education level according to the International Standard 
Classification of Education (ISCED). Most respondents, i.e., 
50.8%, reported having a medium education level, followed 
by 45.8% with a high education level. The remaining 3.4% 
of respondents have a low level of education.

3.2.4 � Migration background

A binary variable was used to measure respondents’ migra-
tion background. Migration background was defined as 
whether the respondent or one of their parents was born 

outside Germany. 11.5% of the respondents reported having 
a migration background.

3.2.5 � Mobility impairment

A binary variable was used to measure whether respondents 
have a mobility impairment. 11.3% of the respondents indi-
cated having a mobility impairment.

3.2.6 � Household income

Respondents’ household income was measured as 
the net household income of all household members: 
≤520€, 521€–<750€, 750–<1500€, 1500€–<2500€, 
2500€–<3500€, 3500€–<5000€, and ≥5000€. For the analy-
sis, the levels ≤520€, 521€–<750€, and 750–<1500€ were 
combined into one category. In terms of distribution, 8.5% of 
the respondents reported a household income below 1500 €, 
18.9% between 1500 € and less than 2500 €, 21.6% between 
2500 € and less than 3500 €, 27% between 3500 € and less 
than 5000 €, and 24.1% reported a household income of 
5000 € or more.

3.2.7 � Urbanicity

The urbanicity of respondents’ residential neighborhood was 
measured with a four-level categorical variable that indicates 
whether respondents live in a rural area, in a medium-sized 
or small town (<100,000 inhabitants), in a metropolitan 
suburb, or in a metropolitan area (≥100,000 inhabitants). 
25.1% of respondents reported living in a rural area, 37.4% 
in a small or medium-sized town. 9.7% of respondents live 
in a metropolitan suburb, and the remaining 27.8% in a met-
ropolitan area.

The univariate statistics for all variables are presented in 
Online Resource 3.

4 � Analytical approach

To gain a general picture of respondents’ familiarity with 
smart city applications, we compare the ratio of “Yes” and 
“No” responses. Regarding desirability, we calculate each 
application’s mean value. For this purpose, we treat the 
desirability variables as quasi-metric and use all six answer 
categories for each variable, respectively.

Next, we use latent class analysis (LCA) to answer 
our research question, i.e., examine the patterns underly-
ing public attitudes toward smart city applications and 
the individual characteristics that shape these patterns. 
This method allows us to identify latent classes based on 
the observed data. Since we are interested in the distinct 
patterns underlying respondents’ familiarity with and 
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desirability of the smart city applications, we conduct 
two LCAs, one for the familiarity and one for the desir-
ability items.

Applying LCA, we follow the bias-adjusted three-
step approach (Vermunt 2010): first, we build the latent 
class model without covariates to identify the number of 
latent classes based on a set of variables (step 1). Then 
we assign the respondents to the identified classes based 
on their response patterns regarding those variables (step 
2). Finally, we examine whether external variables are 
associated with respondents’ class membership (step 3).

We used R (Version 4.3.1, R Core Team 2025) for data 
cleaning and visualisations, and LatentGOLD (Version 
6.1, Vermunt and Magidson 2025) for the bias-adjusted 
three-step LCA.

4.1 � Missing values

The dataset contains many missing values since each 
respondent was asked about only five of the eleven smart 
city applications. These missing values can be included 
in the LCA using LatentGOLD, assuming they are miss-
ing at random (MAR). This assumption is likely to hold 
because the five applications were randomly assigned to 
respondents. We therefore include the missing values in 
the LCA.

4.2 � Technical settings while conducting LCA

We made the following changes in LatentGOLD when iden-
tifying the optimal number of classes (step 1 of the LCA): i. 
we extended the output section to include bootstrap p-values, 
ii. we included the missing values in the variables used to 
identify the optimal number of classes, iii. we increased the 
start values, i.e., the number of random sets to 160 and the 
number of iterations per start set to 250. We also applied the 
latter setting (random sets and iterations) when modeling the 
relationship between class membership and covariates (step 
3 of the LCA).

5 � Results

5.1 � Univariate results

Figure 1 presents the distribution of respondents’ familiarity 
and unfamiliarity with the applications. Overall, the degree 
of familiarity varies considerably between the individual 
applications. Safety cameras are the most familiar smart city 
application, followed by smart bikes and pollution sensors. 
In contrast, respondents are least familiar with applications 
aimed at improving inclusivity, i.e., navigation and mobility 
sensors.

Next, Fig. 2 depicts the average desirability of each of 
the eleven smart city applications. Most applications are 

Fig. 1   Distribution of (un)familiarity with smart city applications. Note: Each respondent answered the familiarity question based on five ran-
domly chosen applications, which were the same for the desirability question.
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desirable, with modest differences in average desirability 
between individual applications. One exception to this pat-
tern is traffic cameras, which are the least desirable. The 
most desirable applications are smart grid, lighting, and 
navigation sensors.

5.2 � LCA results

To determine the optimal number of latent classes (step 1), 
we estimated a series of latent class (LC) models with the 
familiarity and desirability variables separately, increasing 
the number of classes from one to ten. Typically, the model 
with the lowest Bayesian Information Criterion (BIC) is con-
sidered the most appropriate (Magidson and Vermunt 2004). 
For familiarity, the two-class model had the lowest BIC; for 
desirability, it was the three-class model. Online Resources 
4 and 5 summarize the fit criteria for all models.

LCA relies on the assumption of local independence, 
meaning that after accounting for latent class member-
ship, the observed variables are assumed to be uncorrelated 
within each class (Magidson and Vermunt 2004). Whether 
this assumption is violated is indicated by the magnitude of 
the bivariate residuals (BVRs). BVR values are based on 
Pearson’s chi-squared test statistics, adjusted by the degrees 
of freedom, and assess how much the observed frequen-
cies of the variable pairs deviate from the expected counts 
estimated under the respective LC model (Magidson and 
Vermunt 2004). BVRs substantially larger than one may 

indicate local dependencies. The two-class familiarity model 
and the three-class desirability model initially showed high 
BVRs for some variable pairs (see Online Resources 6 and 
7 for all BVRs from the initial familiarity and desirability 
LC models).

One solution to relax the assumption of local independ-
ence is to fit the respective model again and extend it by 
including “direct effects,” i.e., by allowing certain observed 
variables to remain correlated even after conditioning on 
class membership (see Magidson and Vermunt (2004) for 
a detailed description of this procedure). Accordingly, we 
re-estimated the respective models, now including the direct 
effect parameters of those variable pairs for which the BVRs 
were greater than one and had associated p-values below 
0.01 (those BVRs are marked bold in Online Resources 6 
and 7). The BVRs of the re-estimated models decreased to 
an acceptable level (see maximum BVRs in Models F11 and 
D11 in Online Resources 4 and 5, respectively). We used 
these models for the further steps of the LCA.

After determining the optimal number of latent classes for 
each set of variables, we extracted each respondent’s pos-
terior class membership probabilities, i.e., the probability 
of belonging to each latent class based on their response 
pattern. We used modal assignment, i.e., each respondent 
was assigned the class for which their posterior probability 
was highest.

In the final step of the LCA, we examined the associa-
tion between the identified classes and sociodemographic 

Fig. 2   Average desirability of smart city applications. Note: Each respondent answered the desirability question based on five randomly chosen 
applications, which remained the same for the familiarity question; whiskers represent the standard deviation.
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variables using pairwise Wald tests. The variables included 
gender, age, education, mobility impairment, migration 
background, urbanicity, and household income.

In the following subsections, we describe the subsequent 
LCA procedure separately for the familiarity with and desir-
ability of smart city applications.

5.2.1 � LCA: Familiarity

Based on the familiarity variables, we identified two distinct 
classes that we labeled “Self-declared novices” and “Self-
declared insiders” (see Table 2 for the conditional response 
probabilities). The classes comprise 51.84% and 48.16% of 
respondents, respectively.

The “Self-declared novices” show generally low familiar-
ity with most smart city applications. Familiarity is particu-
larly low for technologies that improve social inclusion, i.e., 
mobility and navigation sensors, where the probability of a 
negative response exceeds 95%. For pollution sensors, park-
ing sensors, and smart cars, familiarity and unfamiliarity are 
more evenly balanced, though the probability of a negative 
response is still higher. An exception to this pattern is smart 
bikes and security cameras, which are familiar even among 
the “Self-declared novices” with probabilities for a positive 
response at 78% and 94%, respectively.

In contrast, the “Self-declared insiders” show high famili-
arity across most smart city applications, ranging from 60% 
for smart buses to 100% for security cameras. The only 
exceptions are, similarly to the class described previously, 
mobility and navigation sensors for which the probabilities 
of a negative response are 55% and 68%, respectively.

Next, we examined the differences between the two 
classes regarding sociodemographic characteristics. Table 3 
shows the class-specific probabilities of the covariates 
together with the Wald test statistics and significant pairwise 
comparisons. We find significant differences in the distri-
bution of gender, education, and household income. While 
male respondents are more likely to be in the “Self-declared 
insiders” class at 69%, female respondents are significantly 
more represented among the “Self-declared novices” at 66%.

Individuals who reported having a medium education 
level are more likely to be among the “Self-declared nov-
ices” at 57% compared to the 44% in the other class. Those 
who reported having a high education level have a higher 
probability of being among the “Self-declared insiders” at 
53% compared to the 40% in the “Self-declared novices” 
class.

Respondents who reported having a household income of 
1500€ or above, but below 3500€, have a higher probability 
of being among the “Self-declared novices” (22% and 25%, 
respectively) compared to the other class (15% and 18%, 
respectively). Respondents who reported having a household 
income of at least 3500€ are, conversely, more likely to be 

in the “Self-declared insiders” class (30% and 28%, respec-
tively) in comparison to the “Self-declared novices” (25% 
and 21%, respectively).

5.2.2 � LCA: Desirability

Based on the desirability variables, we identified three dis-
tinct classes that we labeled “Cautious supporters,” “Strong 
supporters,” and “Reluctant skeptics” (see Table 4 for the 
conditional response probabilities). The classes represent 
64.99%, 27.45%, and 7.56% of respondents.

Table 2   Conditional response probabilities for the familiarity with 
each smart city application by latent class

Variables Class 1 Self-
declared novices

Class 2 Self-
declared insiders

Overall

Class size 51.84% 48.16%
Smart bikes
 No 0.22 0.04 0.13
 Yes 0.78 0.96 0.87

Smart cars
 No 0.54 0.08 0.32
 Yes 0.46 0.92 0.68

Smart buses
 No 0.85 0.40 0.63
 Yes 0.15 0.60 0.37

Parking sensors
 No 0.56 0.17 0.37
 Yes 0.44 0.83 0.63

Mobility sensors
 No 0.96 0.55 0.76
 Yes 0.04 0.45 0.24

Navigation sensors
 No 0.98 0.68 0.84
 Yes 0.02 0.32 0.16

Traffic cameras
 No 0.67 0.17 0.43
 Yes 0.33 0.83 0.57

Security cameras
 No 0.06 0.00 0.03
 Yes 0.94 1.0 0.97

Lighting sensors
 No 0.75 0.26 0.51
 Yes 0.25 0.74 0.49

Pollution sensors
 No 0.51 0.05 0.29
 Yes 0.49 0.95 0.72

Smart grid
 No 0.80 0.22 0.52
 Yes 0.20 0.78 0.48
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The “Cautious supporters” class is characterized by a 
generally positive attitude toward smart city technologies, 
though with some variation across specific applications. 
This group is neither highly enthusiastic about the tech-
nologies nor strongly opposed. The highest probabilities 
of positive responses, ranging between 77% and 89%, are 
observed for smart grids (26% for “I would rather like it” 
and 63% for “I would like it [very much]”), pollution sen-
sors (31% and 49%, respectively), lighting sensors (27% 
and 60%), navigation sensors (33% and 54%), and parking 
sensors (26% and 51%).

This group also mostly welcomes smart buses, mobil-
ity sensors, and security cameras, with 69% to 75% of 
the probability falling into the two positive response cat-
egories. However, a notable share of responses for these 
applications falls into the moderately negative category (“I 

would rather not like it”), with 22% for both smart buses 
and mobility sensors, and 14% for security cameras.

The remaining three applications, smart bikes, smart cars, 
and traffic cameras, show a more mixed pattern. For smart 
cars and smart bikes, 53% of the probability is in the mod-
erately or strongly positive categories. In contrast, traffic 
cameras are viewed more critically: 63% of the probability 
falls into the two negative response categories, making it the 
least favored application among the “Cautious supporters.”

The second class, “Strong supporters,” expresses a much 
more enthusiastic attitude toward smart city applications. 
For most technologies, the probability of rating them as 
(very) desirable is particularly high, reaching 90% or more 
for applications such as smart grid, pollution sensors, light-
ing sensors, and navigation sensors. As with the previously 
described class, traffic cameras remain an exception: it is 

Table 3   Differences in probabilities between the two familiarity classes regarding sociodemographic characteristics

* Significant at the 0.01 level

Variable Overall Class 1 Self-declared 
novices

Class 2 Self-declared 
insiders

Wald statistic Significant pairwise 
class comparisons*

Class size 51.37% 48.63%
Gender 96.29* 1 versus 2
 Male 0.51 0.34 0.69
 Female 0.49 0.66 0.31

Age 5.62 –
 18–39 years 0.35 0.34 0.36
 40–59 years 0.34 0.36 0.33
 60 years and more 0.31 0.30 0.32

Mobility impairment 3.85 –
 No 0.89 0.90 0.87
 Yes 0.11 0.10 0.13

Education level 11.38* 1 versus 2
 Low 0.03 0.03 0.03
 Medium 0.51 0.57 0.44
 High 0.46 0.40 0.53

Migration background 1.61 –
 No 0.88 0.88 0.89
 Yes 0.12 0.12 0.11

Urbanicity 3.79 –
 Rural area 0.25 0.27 0.23
 Small or medium-sized town 0.37 0.35 0.39
 Metropolitan suburb 0.09 0.08 0.10
 Metropolitan area 0.29 0.30 0.28

Household income 17.60* 1 versus 2
 <1500€ 0.08 0.08 0.08
 1500€–<2500€ 0.19 0.22 0.15
 2500€–<3500€ 0.22 0.25 0.18
 3500€–<5000€ 0.27 0.25 0.30
 ≥5000€ 0.24 0.21 0.28
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Table 4   Conditional response 
probabilities for the desirability 
of each smart city application 
by latent class

Variables Class 1 Cautious 
supporters

Class 2 Strong 
supporters

Class 3 Reluctant 
skeptics

Overall

Class size 64.99% 27.45% 7.56%
Smart bikes
 I would not like it [at all] 0.21 0.06 0.96 0.22
 I would rather not like it 0.27 0.14 0.04 0.21
 I would rather like it 0.25 0.25 0.00 0.23
 I would like it [very much] 0.28 0.55 0.00 0.33
 Mean 2.59 3.29 1.04 2.67

Smart cars
 I would not like it [at all] 0.19 0.01 0.65 0.17
 I would rather not like it 0.28 0.05 0.26 0.21
 I would rather like it 0.25 0.18 0.07 0.22
 I would like it [very much] 0.28 0.75 0.02 0.39
 Mean 2.63 3.69 1.47 2.83

Smart buses
 I would not like it [at all] 0.10 0.00 0.56 0.11
 I would rather not like it 0.22 0.01 0.30 0.17
 I would rather like it 0.34 0.14 0.11 0.26
 I would like it [very much] 0.35 0.85 0.03 0.46
 Mean 2.93 3.83 1.61 3.08

Parking sensors
 I would not like it [at all] 0.12 0.01 0.40 0.11
 I would rather not like it 0.11 0.02 0.19 0.09
 I would rather like it 0.26 0.15 0.22 0.23
 I would like it [very much] 0.51 0.82 0.19 0.57
 Mean 3.16 3.79 2.19 3.26

Mobility sensors
 I would not like it [at all] 0.08 0.00 0.66 0.10
 I would rather not like it 0.22 0.01 0.26 0.16
 I would rather like it 0.37 0.13 0.06 0.28
 I would like it [very much] 0.34 0.86 0.01 0.46
 Mean 2.97 3.85 1.42 3.10

Navigation sensors
 I would not like it [at all] 0.04 0.00 0.25 0.04
 I would rather not like it 0.09 0.00 0.22 0.07
 I would rather like it 0.33 0.09 0.33 0.27
 I would like it [very much] 0.54 0.90 0.20 0.62
 Mean 3.38 3.90 2.47 3.45

Traffic cameras
 I would not like it [at all] 0.35 0.17 0.77 0.33
 I would rather not like it 0.28 0.22 0.19 0.26
 I would rather like it 0.17 0.21 0.03 0.17
 I would like it [very much] 0.20 0.39 0.01 0.24
 Mean 2.21 2.83 1.28 2.31

Security cameras
 I would not like it [at all] 0.11 0.07 0.20 0.11
 I would rather not like it 0.14 0.10 0.20 0.13
 I would rather like it 0.22 0.21 0.24 0.22
 I would like it [very much] 0.53 0.63 0.36 0.55
 Mean 3.18 3.39 2.76 3.20



	 AI & SOCIETY

the only application with probabilities distributed across all 
response categories, making it the least favored technology 
among the “Strong supporters.”

The third class, “Reluctant skeptics,” is marked by gener-
ally reserved or ambivalent attitudes toward smart city appli-
cations. For pollution sensors, traffic cameras, mobility sen-
sors, smart buses, and smart cars, the probability of falling 
into one of the two negative response categories ranges from 
84% to 96%. Smart bikes are the least favored technology 
in this group, with a 96% probability of receiving the most 
negative response. However, the picture is more differenti-
ated for the remaining applications, with probabilities dis-
tributed across all response categories. Notably, for security 
cameras and navigation sensors, the probability of a positive 
response is higher than that of a negative one.

Turning to the class-specific probabilities of the covari-
ates, we find significant differences in the distribution of 
gender and urbanicity (Table 5). Male respondents have a 
higher probability of being in either the “Strong supporters” 
(62%) or “Reluctant skeptics” (72%) classes compared to the 
“Cautious supporters” (45%). Conversely, women are sig-
nificantly more frequently represented in the “Cautious sup-
porters” group at 55% compared to the “Strong supporters” 
and “Reluctant skeptics,” where they account for 38% and 
28%, respectively. Individuals living in rural areas are more 
likely to be in the “Reluctant skeptics” class (54%) compared 
to the other classes (24% among the "Cautious supporters" 
and 19% among the "Strong supporters"). In contrast, inhab-
itants of urban areas (both small/medium towns and metro-
politan areas as well as their suburbs) are more likely to be in 

the first two classes, i.e., "Cautious supporters" and "Strong 
supporters," compared to the “Reluctant skeptics.”

6 � Discussion

This study investigated the patterns underlying public atti-
tudes toward smart city applications and how individuals’ 
characteristics shape these patterns. Applying an explora-
tory approach, we used the bias-adjusted three-step LCA 
(Vermunt 2010) to find latent classes based on the familiar-
ity with and desirability of eleven smart city applications. 
Our analysis revealed two distinct familiarity classes: "Self-
declared novices” and “Self-declared insiders.” Similarly, 
we identified three desirability classes: “Cautious support-
ers,” “Strong supporters,” and “Reluctant skeptics."

The examination of the relationship between class mem-
bership and sociodemographic characteristics showed sig-
nificant differences in class-specific probabilities in terms of 
gender (for familiarity and desirability classes), education 
(familiarity classes), household income (familiarity classes), 
and urbanicity (desirability classes).

Regarding familiarity with smart city technologies, men, 
respondents who reported having a high education level, and 
those having a household income of at least 3500€ are more 
likely to be among the “Self-declared insiders.” In contrast, 
their counterparts, i.e., women, respondents with a medium 
education level, and those who reported a household income 
below 3500€, are more likely to be among the “Self-declared 
novices.”

Table 4   (continued) Variables Class 1 Cautious 
supporters

Class 2 Strong 
supporters

Class 3 Reluctant 
skeptics

Overall

Lighting sensors
 I would not like it [at all] 0.03 0.00 0.25 0.04
 I would rather not like it 0.10 0.00 0.29 0.09
 I would rather like it 0.27 0.06 0.27 0.21
 I would like it [very much] 0.60 0.94 0.20 0.66
 Mean 3.44 3.94 2.41 3.50

Pollution sensors
 I would not like it [at all] 0.06 0.00 0.56 0.08
 I would rather not like it 0.14 0.01 0.28 0.12
 I would rather like it 0.31 0.09 0.12 0.23
 I would like it [very much] 0.49 0.90 0.04 0.57
 Mean 3.23 3.89 1.65 3.29

Smart grid
 I would not like it [at all] 0.04 0.00 0.40 0.06
 I would rather not like it 0.07 0.01 0.20 0.06
 I would rather like it 0.26 0.09 0.23 0.21
 I would like it [very much] 0.63 0.90 0.17 0.67
 Mean 3.48 3.90 2.16 3.49
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In terms of desirability, inhabitants of rural areas show 
the strongest aversion towards smart city applications, being 
more likely among the “Reluctant skeptics”; inhabitants of 
urban areas, on the other hand, are more likely to be among 
the “Strong supporters” of such technologies. Further, men 
are more likely to be either among the “Strong supporters” 
or “Reluctant skeptics.” In contrast, their female counter-
parts are more likely to have a nuanced attitude and be 
among the “Cautious supporters.”

6.1 � Disparities in attitudes toward smart city 
applications as a reflection of multidimensional 
(urban) inequality?

Our analysis of the association between the identified 
latent classes and covariates revealed significant differ-
ences that align with familiar patterns. As discussed in 

Section 2.1, the vision of the smart city is shaped by the 
prevailing socio-political context (Kitchin et al. 2019; 
Vanolo 2014). Consequently, the smart city not only 
reflects but also likely reproduces the unequal social 
relations already present in urban environments. Urban 
space, regardless of digital technologies, has always been 
an arena of asymmetrical power relations along dimen-
sions such as gender (Gough 2016), age (Valentine 2025), 
or socioeconomic status (van Ham et al. 2021). Modern 
urban planning continues to prioritize the needs of a rela-
tively narrow group defined by specific (often intersect-
ing) characteristics: men and able-bodied, affluent indi-
viduals of working age. Other groups, such as children 
and adolescents, older adults, low-income residents or 
those with disabilities, and women, are frequently mar-
ginalized within urban spaces and must adapt to condi-
tions that do not meet their needs regarding fundamental 

Table 5   Differences in probabilities between the three desirability classes regarding sociodemographic characteristics

* Significant at the 0.01 level

Variables Overall Class 1 Cautious 
supporters

Class 2 Strong 
supporters

Class 3 Reluc-
tant skeptics

Wald statistic Significant pairwise 
class comparisons*

Class size 65.22% 27.96% 6.83%
Gender 20.67* 1 versus 2; 1  versus 3
 Male 0.51 0.45 0.62 0.72
 Female 0.49 0.55 0.38 0.28

Age 2.98 –
 18–39 years 0.35 0.36 0.35 0.26
 40–59 years 0.34 0.33 0.35 0.42
 60 years and more 0.31 0.31 0.31 0.32

Mobility impairment 0.09 –
 No 0.89 0.89 0.89 0.88
 Yes 0.11 0.11 0.11 0.12

Education level 8.88 –
 Low 0.03 0.02 0.03 0.08
 Medium 0.51 0.52 0.50 0.43
 High 0.46 0.46 0.47 0.50

Migration background 5.01 –
 No 0.88 0.90 0.83 0.90
 Yes 0.12 0.10 0.17 0.10

Urbanicity 31.71* 1 versus 3; 2 versus 3
 Rural area 0.25 0.24 0.19 0.54
 Small or medium-sized town 0.37 0.39 0.36 0.27
 Metropolitan suburb 0.09 0.10 0.09 0.01
 Metropolitan area 0.29 0.27 0.36 0.18

Household income 6.43 –
 <1500€ 0.08 0.09 0.07 0.07
 1500€–<2500€ 0.19 0.19 0.18 0.13
 2500€–<3500€ 0.22 0.22 0.18 0.28
 3500€–<5000€ 0.27 0.27 0.28 0.25
 ≥5000€ 0.24 0.22 0.29 0.28
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aspects of (urban) life such as safety (Cui et al. 2023), 
daily routines (Bhattacharya 2025), recreation (Phillips 
et al. 2022), or mobility (Xu et al. 2025).

Urban inequality manifests in many forms and affects a 
wide range of social groups. Much of the existing research 
has concentrated on gendered dimensions of urban space, 
given that women experience disproportionately high lev-
els of violence and harassment in public areas (Fairchild 
2023; Gough 2016). Although women and men inhabit 
the same environments, their experiences of these spaces 
differ markedly due to these heightened risks, which in 
turn shape how women move through and engage with 
the city. The advent of the smart city does not automati-
cally lead to a change in these conditions. Although smart 
city initiatives are framed as making urban spaces more 
sustainable and livable, they remain oriented toward the 
interests of groups that already occupy privileged posi-
tions. As mentioned in previous sections, it is primarily 
corporations, and within them, predominantly men, who 
shape smart city planning (Maalsen et al. 2023). Efforts to 
involve citizens often fall short, as planning processes are 
typically top–down and offer residents little real influence 
over the implementation of technologies (Spicer et al. 
2023). As a result, many applications prioritize corpo-
rate objectives such as efficiency or sustainability, while 
the needs of structurally disadvantaged groups remain 
overlooked.

While our findings are exploratory, they underline that 
citizens cannot be understood as a homogeneous group 
in terms of the definition of a “smart citizen” (Kitchin 
et  al. 2019). The identified sociodemographic differ-
ences in attitudes toward smart city applications likely 
reflect more profound disparities in fundamental needs 
and preferences regarding urban space. Notably, we found 
significant gender differences regarding both familiarity 
and desirability. This suggests that the applications we 
introduced in the survey may be less appealing to women, 
as they neither incorporate their perspectives nor align 
with their lived realities (see Section 7 for further dis-
cussion). Among the wide range of corporate-led smart 
city applications, only a few initiatives explicitly account 
for these differences and attempt to address the needs 
of specific subgroups. For instance, German and col-
leagues (2023) review a variety of technologies aimed 
at improving women’s safety and accessibility in urban 
environments. However, as the authors conclude, these 
applications enhance women’s feelings of safety only to 
a limited extent, as they fail to address the full range of 
factors that contribute to women’s insecurity and fear in 
public spaces. This has important implications for the 
truly inclusive design of smart cities, which we discuss 
further in Section 6.3.

6.2 � The ambivalence of desirability and a critical 
reflection on smart cities

Another finding of our study is that, overall, respondents 
find the smart city applications desirable (see Section 5.1). 
This can be interpreted in a narrow sense, i.e., in the con-
text of each specific application. However, the general 
desirability of the presented smart city applications might 
reflect a broader sentiment, i.e., a more profound desire for 
improvements to current conditions, or in other words, a 
better future. It is therefore unsurprising that individuals 
perceive the technologies as desirable when presented with 
them as tools for achieving these goals. From this perspec-
tive, citizens’ wishes align with the optimistic promises 
made by stakeholders that drive the smart city agenda. 
The more pertinent question, however, is whether differ-
ent stakeholder groups, such as citizens, urban administra-
tions, and private companies, share a common vision for 
how these desires should be realized. As shown by Spicer 
et al.’s (2023) findings (see Section 2.2), this vision is 
likely to differ between the mentioned stakeholder groups, 
which is reflected in the misalignment of priorities regard-
ing which urban problems are being addressed in the smart 
city context.

In this regard, the terminology we used in our survey 
needs to be addressed. Although we did not explicitly men-
tion the term smart city, we described some applications as 
smart (see Table 1). Such framing may have contributed to 
the generally positive attitude towards the applications (see 
Section 7 for further discussion). After all, who would find 
smartness undesirable? Or, to revisit Lindner and Meiss-
ner’s (2018:10) question from the introduction to this paper: 
“who wants to live in a dumb city”? Apparently, no one. The 
fact that smart city agendas strategically exploit the positive 
connotations of smartness, despite the term’s fuzziness and 
vagueness, has been discussed in academic critique (Cugu-
rullo 2018). Considering that many regions worldwide now 
aspire to become smart cities, it is worth critically reflect-
ing on what smart actually means. Technological solutions 
are not automatically the best. The goals that smart cities 
seemingly pursue (e.g., environmental goals) do not neces-
sarily require an application, but rather bold and progres-
sive policies that prioritize the collective well-being of all 
civic groups, the significance of which extends beyond the 
respective legislative period. For example, achieving envi-
ronmental goals will remain difficult if urban mobility and 
infrastructure remain geared toward cars, which dominate 
many cityscapes and contribute heavily to environmental 
and noise pollution (Nieuwenhuijsen 2024). Measuring pol-
lution with sensors or optimizing traffic flow through smart 
traffic management systems may reduce congestion. Still, it 
will not reduce the number of cars or encourage individuals 
to adopt more sustainable mobility habits.
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6.3 � Implications for smart city practitioners 
and researchers

Based on the points discussed previously, we identify impli-
cations for key stakeholders involved in the smart city trans-
formation and social scientists studying them.

Urban development toward smart cities does not occur 
in a vacuum. It involves the collection of citizen data, the 
automation of urban processes, and the integration of tech-
nologies into everyday living spaces. Smart cities must 
therefore be understood in the context of existing (urban) 
inequality along dimensions such as gender, age, or income. 
Smart city practitioners must recognize that different social 
groups experience urban spaces in distinct ways and bring 
diverse needs and expectations to the idea of a smart city. 
This also requires acknowledging that urban environments 
are still shaped by norms and priorities that largely reflect 
male interests. A meaningful transformation of urban spaces 
therefore demands active engagement with these biases to 
ensure that smart city technologies do not simply reproduce 
existing inequalities.

Another implication for practitioners is that an equita-
ble transformation of urban spaces is only possible if citi-
zens’ needs are genuinely considered and they are mean-
ingfully included in decision-making. Previous attempts at 
citizen participation have often fallen short because they 
were largely top–down, treating citizens as a passive and 
homogeneous stakeholder group (Spicer et al. 2023). As the 
review of technologies aimed at enhancing women’s safety 
illustrates, even well-intentioned initiatives frequently fail 
to fully incorporate the perspectives of the groups they 
are meant to serve (German et al. 2023). Taken together, 
this suggests that citizens have played a marginal role in 
the smart city discourse so far, despite being the ones who 
ultimately live with these technologies in their immediate 
environments. Municipal administrations and smart city 
practitioners should therefore place citizens’ interests at the 
center of smart city development, ensuring that ongoing 
urban transformations become an opportunity to empower 
residents and foster sustained civic engagement.

Another critical point for smart city practitioners con-
cerns the effectiveness and scope of smart city technolo-
gies. The dominant narrative often presents these applica-
tions as the solution to urban challenges. Yet critical research 
shows that the smart city discourse tends to focus narrowly 
on environmental issues (Vanolo 2014), while overlooking 
other pressing problems such as rising housing costs or the 
decline of public spaces. However, even in the environmen-
tal domain, smart city technology alone is not the solution. 
Utrecht, for instance, pursues a strategy to make the city 

more inclusive and improve citizens’ quality of life1 without 
digressing into the smart city narrative. The city invests in 
new parks and infrastructure, prioritizing cycling and public 
transportation. Utrecht is taking a holistic approach towards 
sustainability rather than focusing on isolated solutions in 
single areas. Cities like that can serve as role models for 
urban areas in other regions to follow.

Ultimately, our study has implications for social scientists 
researching smart cities using a quantitative approach. In 
previous studies, respondent characteristics such as gender, 
education, income, age, or neighborhood have played only 
a minor role, being excluded from the analysis or treated 
as control variables. Quantitative research on smart cit-
ies would greatly benefit from giving these characteristics 
greater weight both as analytical categories and interpreta-
tive lenses. Doing so enables examining differences in atti-
tudes along key axes of inequality. Identifying those dispari-
ties is the first step towards overcoming them.

7 � Strengths and limitations

The major strength of our study is the combination of a high-
quality survey sample and a quantitative analytical approach. 
Specifically, using a probability-based sample allows for the 
generalization of our results onto a larger population (the 
German adult residential population, in our case). Further, 
the quantitative methods applied in this paper reveal trends 
within the general public regarding the desirability of and 
familiarity with smart city applications. Both aspects make 
this study essential to the primarily qualitative research field 
on attitudes towards smart cities.

However, this study also has its limitations. First, 
although we refrained from explicitly using the term “smart 
city” or its definition in the survey to avoid priming the 
respondents, we embedded the applications in short descrip-
tive sentences (see Table 1) to avoid ambiguity. However, 
our wording may have influenced respondents’ evaluations. 
For example, we introduced security cameras as a measure 
to prevent crime, which may have contributed to the high 
average desirability of the smart city technologies. That is, 
in a different context, the purpose of the same technology 
may be interpreted quite differently, for instance, as a tool 
for automated surveillance, making this application ethi-
cally questionable. Consequently, a more neutral descrip-
tion could have resulted in respondents taking a more critical 
stance. An experimental approach to compare how differ-
ent framings of smart city applications (e.g., optimistic vs. 

1  https://healthyurbanliving.utrecht.nl/our-vision-for-utrecht-in-2040 
(accessed September 30, 2025)
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critical vs. neutral) affect public attitudes represents a com-
pelling avenue for future research.

Second, although our survey included a variety of smart 
city technologies, the applications presented to respondents 
were predominantly corporate, top–down solutions primar-
ily shaped by a male experience of the city. Missing from 
our selection were initiatives that foster social cohesion, 
e.g., by facilitating intergenerational encounters between 
citizens (Yarker 2021). Given the gender differences iden-
tified in attitudes toward smart cities, our selection also 
lacks applications developed from a feminist perspective, 
e.g., those explicitly designed to increase women’s safety in 
urban spaces (Osipova and Hornecker 2023). Future research 
should expand the scope beyond corporate-led applica-
tions to include bottom–up initiatives rooted in community 
engagement. Moreover, future studies could examine how 
citizens subjectively perceive and envision a “smart city” 
without relying on predefined examples of applications.

Third, we operationalized familiarity and desirability 
using general questions that limit our ability to explore 
the nuances behind the constructs. Specifically, the binary 
familiarity measure may not have fully captured differences 
between superficial awareness and a more substantive 
understanding of the technologies. Likewise, the desirabil-
ity question does not distinguish between general approval 
and an actual wish to see such technologies implemented 
in respondents’ residential areas. Future research should 
expand our measurements to gain a more nuanced insight 
into smart city attitudes.

Fourth, although the analyzed data come from a probabil-
ity-based panel, the generalizability of the findings is subject 
to certain limitations. Not every city pursues a uniform smart 
city strategy, which depends on factors such as infrastruc-
ture, local demand, and financial resources. These factors 
influence the actual deployment of technologies and how 
desirable residents perceive them. In addition, as with any 
survey-based research, the possibility of nonresponse bias 
must be acknowledged. While efforts were made to ensure 
a balanced and representative sample, differential partici-
pation may still influence the results, especially if certain 
attitudes or demographic groups are underrepresented.

Fifth, this study is exploratory, and the data analyzed are 
cross-sectional. Therefore, we cannot draw any conclusions 
about causal relationships. We also did not ask respondents 
to elaborate on the motivations behind their desirability rat-
ings, which limits the depth of our data regarding the values 
and experiences that shaped these attitudes. Future survey-
based research should incorporate open-ended questions to 
complement quantitative data, as such responses can reveal 
interpretive nuances and contextual factors that closed items 
cannot capture. The research field would also benefit from 
mixed-methods and qualitative designs, such as studies 
that adopt a participatory approach involving community 

members or focus groups, for specific smart city applica-
tions. They could provide deeper insights into the cultural, 
ethical, and emotional dimensions of civic engagement with 
smart city technologies, which remain difficult to access 
through standardized survey instruments alone.

8 � Conclusion

Urban administrations worldwide are increasingly imple-
menting smart city applications, ranging from traffic man-
agement to energy supply systems. The accompanying nar-
rative consistently highlights their potential to improve the 
cities’ sustainability, safety, and efficiency. Critical research, 
however, argues that the development of smart city applica-
tions is driven mainly by the economic interests of private 
companies, often sidelining citizens and their perspectives 
in planning and implementation. Recent studies also show 
how smart city technologies can exacerbate social inequality 
by mainly serving privileged groups.

Research on citizens’ perceptions of smart city tech-
nologies is still relatively new. Most studies use qualitative 
approaches and focus on individual technologies. Our study 
adds to the field by investigating which distinct patterns 
underlie public attitudes toward smart city applications and 
how these patterns vary across social groups. Using a prob-
ability-based online panel in Germany, we surveyed 2021 
respondents about their familiarity with and desirability of 
eleven smart city applications. Applying the bias-adjusted 
three-step latent class analysis, we identified two familiarity 
(“Self-declared novices” and “Self-declared insiders”) and 
three desirability (“Cautious supporters,” “Strong support-
ers,” and “Reluctant skeptics”) classes. We further found 
that sociodemographic characteristics such as gender, edu-
cation, urbanicity, and household income are significantly 
associated with class membership.

Our study contributes to previous research by uncover-
ing patterns in citizens’ attitudes towards a wide range of 
smart city applications and by providing valuable insights 
for researchers and practitioners into the factors that shape 
these attitudes.
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