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Abstract 

Visual generative artificial intelligence (visual GenAI) is increasingly used to communi-
cate urban regeneration proposals, but how public evaluations relate to scheme support 
remains insufficiently understood. Using the Fengtian Factory in Shenyang, China, this 
study examined three AI-visualized industrial heritage regeneration schemes across three 
scenes within the Stimulus–Organism–Response framework. A total of 360 participants 
evaluated all nine stimuli in a fixed sequence, yielding 3240 evaluation records. Multilevel 
confirmatory factor analysis, multilevel structural equation modeling, participant-level 
cluster bootstrap, and repeated-measures analysis of variance were used. Perceived cul-
tural authenticity and perceived realism were positively associated with perceived trust 
in visual representation; trust, cultural authenticity, and affective comfort were positively 
associated with scheme support. The exhibition-oriented scheme received the highest cul-
tural authenticity and trust ratings, whereas the shaded relaxation-oriented scheme re-
ceived the highest affective comfort ratings. Despite these differences in perceived cultural 
authenticity and affective comfort, overall scheme support did not differ significantly 
across the three schemes. Perceived realism also showed no significant between-scheme 
differences. Scheme contrasts showed oppositely directed indirect associations with sup-
port through cultural authenticity and trust and through affective comfort. These findings 
distinguish evaluations that differentiate among schemes from evaluations associated 
with trust and support, informing the assessment of AI-visualized industrial heritage re-
generation. 

Keywords: visual generative artificial intelligence; urban regeneration; industrial herit-
age; public perception; representational trust; public support 
 

1. Introduction 
Industrial heritage constitutes important material evidence of urban industrializa-

tion. Its buildings, production facilities, and spatial fabric record modes of production and 
trajectories of urban development during particular historical periods, while also embod-
ying accumulated place-based memories and cultural meanings [1–3]. With the decline of 
traditional industrial functions, adaptive reuse has become an important approach to link-
ing heritage conservation with sustainable urban development [4]. Unlike the regenera-
tion of ordinary urban spaces, industrial heritage regeneration requires the coordinated 
consideration of heritage value continuity, contemporary functions, and spatial-

Academic Editor: Nikos A.  

Salingaros 

Received: 19 September 2026 

Revised: 5 November 2026 

Accepted: 10 November 2026 

Published: 12 November 2026 

Copyright: © 2026 by the authors. 

Licensee MDPI, Basel, Switzerland. 

This article is an open access article 

distributed under the terms and 

conditions of the Creative Commons 

Attribution (CC BY) license. 



Buildings 2026, 16, 4522 2 of 38 
 

https://doi.org/10.3390/buildings16224522 

environmental improvement [5,6]. Previous studies have identified the effective reuse of 
developed land, conservation of historical and cultural values, and community participa-
tion as important conditions for sustainable industrial heritage reuse [7,8]. Industrial her-
itage regeneration therefore involves not only physical design decisions but also how the 
public understands, evaluates, and accepts different regeneration directions. 

Involvement of the community encourages community members and other stake-
holders to deliberate on their needs and planning options [9]. The public’s level of profes-
sional expertise influences how they perceive spaces that have not yet been constructed 
[10]. Although virtual and augmented reality as well as interactive planning tools have 
made proposed spaces easier to understand, they often require specialist skills and equip-
ment and can be costly to develop [11]. Visual generative artificial intelligence (visual 
GenAI) offers another option. It can quickly create different design scenarios using text 
prompts and image editing. AI-generated images may offer a starting point for exploring 
and discussing design ideas. They could also help the public take part in planning from 
an early stage [12]. 

As visual GenAI is increasingly incorporated into urban design and planning prac-
tice, AI-generated images are becoming media through which the public understands, 
discusses, and evaluates future spatial proposals. In industrial heritage settings, evalua-
tions of AI–AR co-creation encompass authenticity, well-being, and preservation inten-
tion [13], while expert feedback informs criteria for evaluating AI-assisted regeneration 
proposals [14]. 

Previous studies have examined the use of multimodal large language models 
(MLLMs) to interpret and evaluate images of urban spaces and buildings. The GPT-4 as-
sessment of urban attractiveness shows strong overall agreement with human ratings, alt-
hough geographical differences persist [15]. ChatGPT-4o has also been used to assess the 
perception of street view changes [16]. GPT-4V’s assessment of architectural atmosphere 
in virtual urban environments generally matches the most common human responses. 
There are still differences in emotional resonance and perceived grandeur [17]. Facade 
similarity was also examined by comparing human assessments with baseline ChatGPT 
assessments and assessments guided by 15 properties of Alexander’s life structure [18]. 
Heritage-related features extracted from facade images using GPT have also been com-
bined with building register data in machine learning models to classify buildings accord-
ing to their heritage value [19]. These studies mainly deal with AI-assisted assessment of 
the built environment, while this study employs GenAI as a visualization medium to com-
municate the proposed regeneration schemes, with an empirical focus on the public as-
sessment of the proposal itself. 

However, how public evaluations of cultural authenticity, affective comfort of public 
space, and perceived realism relate to representational trust and scheme support in the 
context of industrial heritage regeneration remain underdescribed. To address this gap, 
the study examined these associations for three site-referenced, AI-visualized regenera-
tion directions. 

AI-visualized regeneration schemes can be conceptualized as external stimuli associ-
ated with cognitive, emotional, and trust assessments and subsequent scheme support. 
We used a stimulus-organism-response (S–O–R) framework to guide the analysis. The re-
generation scheme type was stimulus (S) and scheme support was response (R). The or-
ganism (O) includes perceived cultural authenticity, affective comfort of public space, per-
ceived realism, and perceived trust in visual representation. We study the relationship 
between these variables. 

The study addresses the following research questions: 
RQ1: Are there significant differences in perceived cultural authenticity, affective 

comfort of public space, perceived realism, perceived trust in visual representation, and 
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scheme support among the three selected AI-visualized regeneration schemes under the 
stimulus and presentation conditions used in this study? 

RQ2: At the within-participant level, what structural associations exist among per-
ceived cultural authenticity, affective comfort of public space, perceived realism, and per-
ceived trust in visual representation, and how are these psychological evaluations associ-
ated with scheme support? 

RQ3: Are the three types of AI-visualized regeneration schemes significantly and in-
directly associated with scheme support through each of the following pathways: per-
ceived cultural authenticity–perceived trust in visual representation, perceived realism–
perceived trust in visual representation, and affective comfort of public space? 

The Fengtian Factory in Shenyang, China, retains identifiable industrial buildings 
and historical spatial relationships, providing a suitable context for examining public 
evaluations of AI-visualized industrial heritage regeneration schemes. Using this site to 
address the research questions, the study makes three contributions to research on AI-
visualized urban regeneration. First, it examines public evaluations of specific industrial 
heritage regeneration proposals, rather than focusing on the adoption of generative AI 
tools or the visual quality of AI-generated images alone. Second, it distinguishes psycho-
logical evaluations associated with perceived trust in visual representation and scheme 
support from those that vary across the selected regeneration schemes. Third, it identifies 
how differences in perceived cultural authenticity and emotional comfort coexist with 
non-significant differences in overall scheme support, as well as indirect and conditional 
direct associations in opposite directions in estimated models. Together, these contribu-
tions provide a more differentiated understanding of how the public evaluates AI-visual-
ized industrial heritage regeneration proposals. 

2. Theoretical Framework and Research Hypotheses 
2.1. Theoretical Foundation: The Stimulus–Organism–Response Model 

The S–O–R model helps explain the relationship between external stimuli, internal 
psychological state, and later behavioral responses [20]. The model was first developed in 
environmental psychology. Its organism (O) component can include emotional experience 
and cognitive evaluation [21,22]. Researchers later applied the model in studies of con-
sumer behavior and digital experiences such as virtual reality [23,24]. 

Research on spatial regeneration has shown that environmental quality, spatial ex-
perience, and place characteristics can be associated with participation and use behaviors 
through internal states such as satisfaction, pleasure, and sense of belonging [25]. Studies 
of AI-generated content have reported similar S–O–R relationships. In one study of AI-
generated videos, visual anomalies were linked to eeriness and perceived realism. Both 
were also associated with behavioral intention through perceived trust [26]. The S–O–R 
framework may offer a way to study the links among AI-generated visual representations, 
psychological evaluations, and subsequent responses. 

Industrial heritage encompasses multiple attributes, including material space, histor-
ical and cultural significance, and place meaning. Regeneration schemes for industrial 
heritage may prompt several psychological responses from the public at the same time. 
These include judgments about authenticity and value as well as emotional reactions and 
feelings of connection to place. Existing studies have incorporated variables such as au-
thenticity experience, perceived value, emotional responses, and place attachment into the 
S–O–R framework to explain the relationships between environmental characteristics of 
industrial heritage, internal psychological states, and subsequent behavioral responses 
[27,28]. This suggests that the material and cultural characteristics of industrial heritage 
can enter the individual’s cognitive and affective evaluation as external stimuli and cor-
relate with subsequent behavioral responses. These studies provide a basis for applying 
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the S–O–R framework to public evaluations of AI-visualized industrial heritage regener-
ation schemes. This earlier work helps justify studying the relationships between cultural 
authenticity, emotional experience, representational trust, and scheme support. 

Therefore, the S–O–R model was adopted as the overall analysis framework in this 
study. The three AI-visualized regeneration schemes serve as external stimuli (S). Per-
ceived cultural authenticity, affective comfort of public space, perceived realism, and per-
ceived trust in visual representation form the organism component (O). Scheme support 
forms the response (R). The framework aims to examine how the schemes relate to cogni-
tive evaluations, affective experiences, trust judgments, and scheme support. The pro-
posed structural relationships are illustrated in Figure 1. 

 

Figure 1. Structural model within the S–O–R framework. 

2.2. Hypothesis Development 

2.2.1. Regeneration Scheme Type 

The preservation of physical remains is only part of the regeneration of industrial 
heritage. Another is to bring the historical and cultural information preserved in these 
monuments into the way people understand and experience sites. Studies based on place 
theory have shown that the protection and reuse of industrial heritage can enhance the 
public’s understanding of heritage culture and strengthen place identity, and an im-
portant role of spatial regeneration is to transform previously implicit historical and cul-
tural information into spatial expressions that can be perceived and identified [29]. We 
can consider different regeneration schemes as external stimuli in the S–O–R framework. 
Each scheme brings together a different combination of design priorities. We also exam-
ined whether public evaluations of cultural meaning and emotional spatial experiences 
differ across schemes with different design cues. 

The regeneration of public spaces within industrial heritage is not organized around 
a single objective, but simultaneously involves different levels of spatial tasks, including 
the expression of industrial heritage culture, the improvement of site environment and 
the restructuring of public uses. Recent studies on adaptive reuse of industrial heritage 
have developed comprehensive assessment frameworks covering environmental, eco-
nomic, and socio-cultural dimensions [3], while post-occupancy assessments of industrial 
heritage parks further distinguish cultural values, ecological environment, public spaces, 
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functional facilities, and public participation as separate assessment dimensions [30]. In-
dustrial buildings, machinery, and raw materials can embody important aspects of a 
place’s industrial history and local identity. However, the mere preservation of these mon-
uments is not sufficient to fully realize their cultural significance. Their historical signifi-
cance also needs to be further conveyed through the organization of presentation, narra-
tive and cultural messages [31]. At the same time, the authenticity of cultural heritage is 
not only related to the continuity of its material form, but also to whether its historical and 
cultural connections and cultural significance are clearly conveyed [32]. At the environ-
mental level, converting abandoned or underutilized industrial land into green space can 
produce multiple environmental benefits while providing spatial conditions for recreation 
and daily public activities [33]. Vegetation and greenery elements in industrial heritage 
landscapes are also positively correlated with public visual interest and length of stay [34]. 
Relevant environmental studies have further shown that the spatial configuration of veg-
etation is closely related to visual comfort and emotional experience, and appropriate can-
opy and greening structures correspond to more positive emotional evaluation and 
greater perceived comfort [35]. At the same time, the regenerated public space in indus-
trial heritage sites also performs social functions such as daily interaction, entertainment 
and collective activities, and its spatial organization and functional facilities are closely 
related to public activity participation and social interaction experience [30]. Based on 
these studies, this study establishes three regenerative directions for AI visualization stim-
ulus materials: oriented to industrial heritage exhibitions (S1), public activity-oriented 
(S2), and shaded relaxation-oriented (S3). These regenerative directions reflect different 
design priorities, expressed through differences in functional focus and spatial organiza-
tion of the proposed interventions. 

Accordingly, the following hypotheses are proposed: 

H1. Perceived cultural authenticity differs significantly across regeneration scheme types. 

H1a. Perceived cultural authenticity is higher for the industrial heritage exhibition-oriented 
scheme than for the public activity-oriented scheme. 

H1b. Perceived cultural authenticity is higher for the industrial heritage exhibition-oriented 
scheme than for the shaded relaxation-oriented scheme. 

H2. Affective comfort of public space differs significantly across regeneration scheme types. 

H2a. Affective comfort of public space is higher for the shaded relaxation-oriented scheme than for 
the industrial heritage exhibition-oriented scheme. 

H2b. Affective comfort of public space is higher for the shaded relaxation-oriented scheme than for 
the public activity-oriented scheme. 

2.2.2. Perceived Cultural Authenticity (PCA) 

Perceived cultural authenticity refers to an individual’s subjective evaluation of 
whether cultural heritage and its cultural expressions preserve and convey recognizable 
historical and cultural characteristics [36]. Cultural heritage authenticity is not limited to 
judgments of material authenticity; previous research has further distinguished objective, 
constructive, existential, and postmodern authenticity, indicating that public evaluations 
of heritage authenticity also involve subjective interpretations of heritage meanings and 
experiences [37]. Human evaluations of AI-generated cityscapes have considered both 
visual realism and fidelity to local urban identity, highlighting the relevance of local 
knowledge to judgments of representational fidelity [38]. For AI-visualized industrial 
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heritage regeneration, perceived cultural authenticity concerns the public’s judgment, 
based on the presented site information and visual content, of whether a scheme preserves 
and conveys the site’s recognizable historical and cultural characteristics. Research on AI-
generated visual content has found that evaluations of the extent to which generated con-
tent accurately and faithfully represents its referent are significantly associated with user 
trust, with trust mediating the relationship between such evaluations and subsequent be-
havioral intentions [39]. 

Perceived cultural authenticity may be associated not only with support for heritage 
conservation and development directions but also with trust judgments. Previous re-
search has linked perceived authenticity with place attachment and support-related eval-
uations in heritage tourism contexts [40]. Related studies have shown that higher evalua-
tions of cultural authenticity are positively associated with destination attachment, which 
in turn corresponds to a stronger willingness to support the development of cultural her-
itage tourism [41]. Evidence from the converse perspective of cultural representation fur-
ther indicates that perceived distortions in cultural essence, cultural representation, and 
cultural construction at cultural heritage sites enter into a “risk–trust–behavioral inten-
tion” relational structure and are significantly associated with lower subsequent behav-
ioral intention [42]. These findings suggest that public judgments regarding whether her-
itage cultural content and its expression maintain authenticity may be further linked to 
subsequent support orientations through trust evaluations. 

Accordingly, the following hypotheses are proposed: 

H3. Perceived cultural authenticity is significantly and positively associated with scheme support. 

H4. Perceived cultural authenticity is positively associated with perceived trust in visual represen-
tation. 

H5. Perceived cultural authenticity has a significant positive indirect association with scheme sup-
port through perceived trust in visual representation. 

2.2.3. Affective Comfort of Public Space (AC) 

Affective comfort of public space reflects the positive affective evaluation individuals 
form when encountering a spatial environment, particularly in terms of perceived calm-
ness, relaxation, comfort, and safety. Spatial layout, natural elements, and overall envi-
ronmental characteristics can influence the public’s subjective evaluations of public spaces 
in terms of comfort, safety, and environmental preference [43,44]. Evaluations of existing 
streetscapes and public squares presented through 360-degree videos have included rat-
ings of pleasantness, relaxation, and perceived safety alongside preferences for architec-
ture and public-space design [45]. High-quality urban environments can alleviate stress 
and improve mood, while environments with greater restorative qualities are generally 
more likely to elicit positive environmental evaluations and preferences [46,47]. Accord-
ingly, in this study, the affective comfort of public space refers to the public’s subjective 
affective evaluation of whether the future public space depicted in a regeneration scheme 
would provide experiences of calmness, relaxation, comfort, and safety. 

Positive affective-comfort experiences not only influence the public’s immediate 
evaluation of a space but may also strengthen behavioral tendencies to approach, use, and 
accept that environment. Higher levels of environmental comfort are closely associated 
with positive behavioral intentions such as revisiting and recommending [48]. In the con-
text of urban regeneration, residents’ evaluations of spatial conditions, including build-
ings, infrastructure, traffic, and the public environment, are significantly associated with 
their willingness to participate in regeneration [49]. Therefore, in the regeneration of 
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industrial heritage public spaces, when the public anticipates that a future space will pro-
vide a calmer, more relaxing, comfortable, and safer environmental experience, such an 
evaluation may be associated with a stronger intention to support the regeneration 
scheme. 

Accordingly, the following hypothesis is proposed: 

H6. Affective comfort of public space is significantly and positively associated with scheme support. 

2.2.4. Perceived Realism (PR) 

Perceived realism (PR) refers to an observer’s subjective judgment of how visually 
plausible, natural, and close to real-world experience a visual representation appears [50]. 
In environmental visualization, overall realism is not the only factor that determines how 
the visual representation represents the real environment. Descriptions of key visual ele-
ments relevant to scene judgment are also important. Higher levels of detail often contrib-
ute to the effectiveness of visual representation, with descriptions of scene elements such 
as foreground vegetation and ground being particularly important [51]. Therefore, in this 
study, perceived realism refers to the public’s subjective cognitive evaluation of whether 
the architecture, spatial features, and environmental elements depicted in the AI-gener-
ated regeneration scheme appear natural, real, and close to the visual experience of the 
real world. 

When judging the credibility of AI-generated visual content, viewers may take ad-
vantage of perceived realism. How realistic an image looks affects how one judges the 
accuracy and certainty of the results it shows [52]. Public assessment of planning and de-
sign visualizations also involves judgments on authenticity and credibility, as well as pref-
erences for the environmental scenarios shown [53]. In the context of digital virtual rep-
resentations, the mode of visual presentation can simultaneously influence users’ judg-
ments of realism and trust, and certain dimensions of perceived realism can also signifi-
cantly predict trust levels [54]. Further research on AI-based virtual content has shown 
that perceived realism is involved in the formation of user trust and subsequent behav-
ioral intention, while trust can in turn be associated with behavioral tendencies such as 
purchasing [55]. Accordingly, in the context of AI-visualized industrial heritage regener-
ation, higher perceived realism may be associated with greater trust in the visual repre-
sentation and, through that trust, stronger scheme support. 

Accordingly, the following hypothesis is proposed: 

H7. Perceived realism is positively associated with perceived trust in visual representation. 

H8. Perceived realism has a significant positive indirect association with scheme support through 
perceived trust in visual representation. 

2.2.5. Perceived Trust in Visual Representation (PT) 

Trust refers to a positive attitude formed when individuals, under conditions involv-
ing uncertainty and vulnerability, believe that a particular entity can help them achieve 
their goals [56]. Trust in technology is primarily grounded in judgments of a system’s 
competence, reliability, predictability, and stability and influences whether users are will-
ing to act on or rely on system outputs. In the context of artificial intelligence, factors such 
as the representational form of AI, its level of capability, transparency, and reliability have 
all been identified in previous research as important factors associated with user trust [57]. 
In the field of AI-based interactive applications, trust is also an important psychological 
factor closely associated with users’ acceptance and adoption of technology [58]. 
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For AI-generated content, trust extends beyond evaluations of the generated output 
itself and is closely related to whether users are willing to accept the content and rely on 
it in subsequent judgments. Existing research on AI-generated content has shown that 
trust in generated outputs is significantly associated with higher levels of information 
adoption and with subsequent acceptance and adoption behaviors [59,60]. In the context 
of AI-generated visual content, trust is also regarded as a key dimension of user evalua-
tion, alongside users’ engagement, interaction, and acceptance responses to the content 
[61]. Accordingly, in the context of AI-visualized industrial heritage regeneration, per-
ceived trust in visual representation refers to the public’s judgment of the credibility of an 
AI-generated image as a visual representation of a future spatial condition, rather than 
general trust in AI systems. Research on image credibility has examined the role of source 
cues in viewers’ judgments [62]. Studies of environmental visualization have also exam-
ined how the presentation of visual information shapes viewers’ evaluations [53]. These 
perspectives position PT within the broader literature on perceived image credibility, with 
a specific focus on confidence in AI-visualized representations of proposed future spaces. 

Accordingly, the following hypothesis is proposed: 

H9. Perceived trust in visual representation is significantly and positively associated with scheme 
support. 

2.2.6. Scheme Support (SUP) 

Scheme support refers to the positive attitude and behavioral tendency that individ-
uals form toward the implementation or further advancement of a development initiative, 
policy, or spatial intervention after evaluating its anticipated benefits, costs, and local im-
pacts. Resident support is generally closely associated with evaluations such as perceived 
benefits, perceived costs, and community satisfaction [63]. In heritage-led urban regener-
ation, public evaluations of regeneration policy attributes closely correlate with policy 
support [64]. In cultural heritage contexts, perceived cultural authenticity is closely related 
to residents’ place attachment, while stronger place attachment is further associated with 
greater willingness to support cultural heritage development [41]. 

In the context of AI-visualized industrial heritage regeneration, when viewing regen-
eration schemes that have not yet been implemented, the public forms judgments about 
whether to accept, endorse, and support different regeneration directions. Accordingly, 
this study defines Scheme Support as the public’s inclination, based on the spatial and 
cultural information presented in the AI-visualized scheme, to accept the scheme, support 
its implementation, and recommend its adoption as a potential regeneration direction for 
the outdoor public space of the Fengtian Factory. As an overall attitudinal and behavioral 
tendency formed during scheme evaluation, this construct is positioned at the response 
stage of the S–O–R model and is structurally related to internal psychological evaluations, 
including perceived cultural authenticity, the affective comfort of public space, perceived 
realism, and perceived trust in visual representation. 

2.2.7. Structural Relationships Among Psychological Evaluations Within the  
S–O–R Framework 

Within the S–O–R framework, external stimuli, individuals’ internal affective and 
cognitive states, and subsequent behavioral responses are organized into a theoretically 
ordered relational structure. External cues in generative visual content can be associated 
with internal evaluations of content authenticity, reliability, and affective experience, 
while psychological states such as trust may in turn be related to subsequent behavioral 
tendencies. 

Accordingly, the following hypotheses are proposed: 
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H10. Scheme type is significantly and indirectly associated with scheme support through the se-
quential pathway of perceived cultural authenticity and perceived trust in visual representation. 

H11. Scheme type is significantly and indirectly associated with scheme support through the se-
quential pathway of perceived realism and perceived trust in visual representation. 

H12. Scheme type is significantly and indirectly associated with scheme support through affective 
comfort of public space. 

3. Research Methods 
3.1. Study Area 

In this study, Fengtian factory located in Tiexi District, Shenyang City, Liaoning 
Province, China was selected as the case site. Shenyang is a representative old industrial 
city in China, and the modern industrialization process has produced a large number of 
industrial relics. Among them, Tiexi Industrial Zone developed into a highly concentrated 
industrial production area in the 20th century, and has become an important area for the 
protection and reuse of industrial heritage in Shenyang [65,66]. Fengtian Factory is located 
in Tiexi District, and its industrial history can be traced back to “Fengtian Factory of Daxin 
Trading Company”. The base was subsequently reorganized and became the production 
base of equipment manufacturing enterprises such as Shenyang Metallurgical Machinery 
Repair and Manufacturing Factory. With the advancement of industrial structure adjust-
ment in Tiexi Old Industrial Zone, the original production functions have been gradually 
relocated, and the factory area has entered the stage of protection and reuse. At present, 
the official inventory has identified Shenyang Metallurgical Machinery Repair and Man-
ufacturing Factory as a provincial industrial heritage in Liaoning Province. Fengtian fac-
tory and its location within Shenyang are shown in Figure 2. 

After the factory was vacant for many years, the local government began to repair 
and renovate the site in 2017. The site has gradually become an industrial and cultural 
space open to the public. Although Fengtian Factory has been repaired for the purpose of 
preservation, it still retains its original physical features and spatial layout. These features 
provide a practical basis for keeping site conditions consistent when comparing different 
plans later in the study. After conducting a field investigation, we selected three outdoor 
spaces in the public-accessible area as experimental scenes (Figure 3). These spaces have 
undergone relatively limited regenerative interventions, retaining clearly identifiable in-
dustrial character and offering potential for further improvements in public spaces. They 
preserve the visual foundation of real industrial heritage environments and allow the con-
struction of different AI visualization regeneration schemes without significantly chang-
ing building volumes, spatial boundaries or dominant industrial features. 

The case also provides an urban context well-suited to public assessment research. 
Tiexi industrial heritage has undergone a long-term transformation from production 
space to new urban function, and its protection and reuse require the coordination among 
heritage value, spatial environment quality and public demand. Research on Tiexi indus-
trial heritage has indicated that government played a pronounced leading role in earlier 
conservation processes, whereas workers and other important stakeholders were insuffi-
ciently involved. More recent research on industrial historical spaces in Shenyang has 
likewise incorporated the coordination of environmental quality, heritage value, and local 
memory, together with community needs, into the evaluation of industrial heritage re-
generation [67]. The Fengtian Factory therefore provides a context of practical relevance 
for examining how the public evaluates AI-visualized regeneration schemes for industrial 
heritage and public spaces. 
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Figure 2. Location of Fengtian Factory in Shenyang, China. 

   
(a) (b) (c) 

Figure 3. Existing conditions of the three selected outdoor public-space scenes at Fengtian Factory: 
(a) O1; (b) O2; (c) O3. 

3.2. Generation of Stimulus Materials 

The experimental stimuli were generated on July 10, 2026, using the built-in image-
generation functionality of ChatGPT (OpenAI, San Francisco, CA, USA). All generated 
images had a resolution of 2048 × 1365 pixels and were not manually edited after genera-
tion. To enhance the comparability of the different AI-visualized regeneration schemes 
and to control, as far as possible, visual differences unrelated to the research objectives, 
this study employed a modular prompt framework to construct the experimental stimuli. 
The framework for stimulus generation is shown in Figure 4. Photographs of the actual 
Fengtian factory site were used as basic visual input, and different regeneration targets 
were transformed into spatial elements that could be visually recognized in the generated 
images. 

Within each scene, the three schemes were generated from the same original site pho-
tograph and followed the same shared prompt requirements. The shared control module 
specified consistent framing and spatial structure, as well as the locations where 
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regeneration interventions were permitted. The prompts required the retention of major 
industrial heritage features, including red-brick factory buildings, industrial structures, 
historic doors and windows, material textures, and traces of weathering. They also speci-
fied comparable weather, lighting, and rendering styles to limit visual differences unre-
lated to the schemes. Vegetation and shading were allowed to vary when required by the 
scheme-specific design objectives. 

The scheme-specific prompt module defines three design directions. (1) An ongoing 
heritage exhibition and interpretation system is the focus of S1. (2) The S2 emphasizes 
open and flexible group activity spaces, with modular seating and lightweight shade 
structures. (3) S3 prioritizes tree planting, landscaped walking routes and scattered seat-
ing. Its intended use is for quiet, shady relaxation. Both S2 and S3 include greenery, seat-
ing, and open space. The difference is how the elements are arranged. S2 supports group 
activities, while S3 prioritizes quiet rest. 

Applying S1, S2, and S3 to each of the three scenes yields nine “scene × scheme” con-
ditions. 

 

Figure 4. Modular prompt framework and stimulus-generation workflow. 

Because generative AI can produce different outputs even with the same prompt, 
three candidate images are independently generated for each “scene × scheme” condition, 
resulting in a total of 27 candidate images. Then, three reviewers with professional back-
grounds in environmental design examined the candidate images and independently pro-
vided their preferred choices. The evaluation process included three candidate-level 
screening criteria and a cross-scheme comparability assessment of the selected image sets. 
The first is site consistency, which refers to whether the original architecture, spatial rela-
tions and main industrial heritage features have been retained. The second is strategy con-
sistency, which refers to whether the image clearly represents the regeneration direction 
corresponding to this condition. The third is the degree of visual anomaly, which refers to 
whether there are obvious AI-generated anomalies, such as building deformations, incor-
rect components, distorted proportions, or random text. Cross-scheme comparability was 
assessed for the selected S1–S3 image set within each scene, considering viewpoint, degree 
of photorealism, lighting, and overall image quality. When all three reviewers agreed, the 
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preferred image was directly selected as the final stimulus. When their preferred choices 
differed, the three reviewers discussed the candidates and reached a consensus on the 
final selection. Ultimately, one image per condition was retained, yielding nine formal 
experimental stimuli (Figure 5). Qualitative screening aims to improve the applicability 
and visual comparability of stimuli. The purpose is not to establish complete equivalence 
for all image-specific visual features. Complete prompts, candidate images, and genera-
tion records are all retained to ensure traceability of the stimulus construction process. 

 

Figure 5. Final AI-visualized experimental stimuli across three scenes and three regeneration 
schemes. Rows correspond to scenes O1, O2, and O3, respectively, and columns correspond to the 
industrial heritage exhibition-oriented scheme (S1), public activity-oriented scheme (S2), and 
shaded relaxation-oriented scheme (S3), respectively: (a) O1S1; (b) O1S2; (c) O1S3; (d) O2S1; (e) 
O2S2; (f) O2S3; (g) O3S1; (h) O3S2; (i) O3S3. 

3.3. Questionnaire Design and Measurement 

The main experiment used a within-subject repeated measures design. All partici-
pants watched three types of AI visualized regeneration schemes in three outdoor scenes 
at the Fengtian factory, generating a total of nine sets of visual stimuli. Each stimulus set 
consisted of one photograph of the existing site and one corresponding AI-visualized re-
generation image. The photograph of the existing site was used solely as a reference to the 
current site conditions, helping participants identify the relationship between the existing 
spatial setting and the visualized post-regeneration condition; it did not constitute a non-
AI regeneration scheme or an experimental control condition. After viewing the AI-visu-
alized image for each scheme, participants immediately completed the questionnaire 
items corresponding to that scheme before proceeding to the next stimulus set. Within 
each scene, comparability of the existing site context, major building features, viewpoint, 
and perspective was sought through the shared prompt requirements and candidate-im-
age screening procedure. 

The target population includes adults aged 18 or above who have living experience 
in Shenyang. Prior to formal investigation, the study protocol was approved by the North-
eastern University Ethics Committee (approval number NEU-EC-2026B095S; July 20, 
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2026). All participants provided informed consent prior to participation. This eligibility 
requirement is used to place the assessment in a shared local urban setting. Because each 
participant evaluated all nine stimulus sets, each participant served as their own reference 
for comparisons of different scheme conditions. 

The questionnaire consisted of two parts. The first collected basic demographic in-
formation and the second contained 16 items measuring five underlying constructs: per-
ceived cultural authenticity, affective comfort of public space, perceived realism, per-
ceived trust in visual representation, and scheme support. The measurement items and 
their sources are shown in Table 1. All measurement items were scored using a seven-
point Likert scale. These scales are largely adapted from established measurement tools 
in previous studies and adapted to context for the visual assessment of AI-generated in-
dustrial heritage regeneration schemes. In order to improve the clarity of the project word-
ing and its applicability to the research context, the original English items were translated 
and adapted into Chinese, which was subsequently reviewed and revised by six experts 
(including those with academic backgrounds in foreign languages) for semantic accuracy, 
clarity of expression, and appropriateness of context. Before the formal evaluation began, 
all participants received standardized instructions and were asked to evaluate based only 
on photographs of the existing venue, currently presented AI-generated regenerated im-
ages, and corresponding contextual information about the venue. 

The experiment was conducted through an online questionnaire platform. A sce-
nario-based demonstration procedure was employed that allowed participants to evalu-
ate three regeneration schemes in succession in the same spatial environment before mov-
ing on to the next scene. This arrangement reflects the study’s focus on the public evalua-
tion of alternative regeneration proposals in a shared site setting. The questionnaire was 
administered for all participants using a single standardized presentation sequence: O1S1, 
O1S2, O1S3, O2S1, O2S2, O2S3, O3S1, O3S2, and O3S3. Therefore, they all saw the same 
visual stimuli in the same order. This standardized presentation ensured a common ex-
posure order but did not eliminate potential order effects. The image-presentation format, 
response interface, and measurement-item structure also remained consistent across eval-
uations. As scheme order was not randomized or counterbalanced, the resulting compar-
isons reflect evaluations under the specified presentation conditions. 

Table 1. Measurement Constructs, Items, and Their Reference Sources. 

Construct Content References 

Perceived Cultural Authenticity 
(PCA) 

PCA1: This scheme reflects the core cultural meanings of Fengtian Fac-
tory’s industrial heritage. 

[68] PCA2: The industrial cultural content presented in this scheme is con-
sistent with the historical context of Fengtian Factory. 

PCA3: This scheme preserves the cultural characteristics of Fengtian 
Factory as an industrial heritage site. 

Affective Comfort of Public 
Space (AC) 

AC1: I find the public-space environment presented in this scheme 
calming. 

[69] 
AC2: I find the public-space environment presented in this scheme re-

laxing. 
AC3: I find the public-space environment presented in this scheme 

comfortable. 
AC4: I find the public-space environment presented in this scheme safe. 

Perceived Realism (PR) 
PR1: I think the buildings, spaces, and environmental elements shown 

in the scheme image closely resemble those in a real-world environ-
ment. 

[26] 
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PR2: I think the overall presentation of the buildings, spaces, and envi-
ronmental elements in the scheme image appears natural. 

PR3: Overall, the scheme image gives me a visual impression similar to 
that of a photograph of a real environment. 

Perceived Trust in Visual Repre-
sentation (PT) 

PT1: I consider the overall visual representation of the regenerated pub-
lic space in the scheme image to be reliable. 

[26] 
PT2: I consider the visual representation of the buildings, spaces, and 

environmental elements in the scheme image to be trustworthy. 
PT3: Overall, I consider the visual presentation of the scheme image to 

be trustworthy. 

Scheme Support (SUP) 

SUP1: I am willing to accept this scheme as a reasonable form of regen-
eration for the Fengtian Factory. 

[70] SUP2: I support implementing this regeneration scheme at the Fengtian 
Factory. 

SUP3: I am willing to recommend this scheme as a regeneration pro-
posal for the Fengtian Factory. 

3.4. Data Analysis 

Data analysis was performed using IBM SPSS Statistics 27.0 and Mplus 9.1. Nine sets 
of AI visual regeneration protocols were repeatedly evaluated by 360 participants each, 
resulting in a total of 3240 Level 1 evaluation records. Data integrity, missing values, and 
variable ranges are checked first. In SPSS, the random intercept zero model is then esti-
mated using restricted maximum likelihood (REML), and the participant ID is specified 
as the clustering variable. Intraclass correlation coefficients (ICC(1)) for perceived cultural 
authenticity (PCA), affective comfort of public space (AC), perceived realism (PR), per-
ceived trust in visual representation (PT), and scheme support (SUP) were calculated to 
assess the extent of intra-participant clustering in repeated assessments. 

Given that assessment records are nested among participants, a two-level confirma-
tory factor analysis (MCFA) was performed using robust maximum likelihood (MLR) in 
Mplus 9.1. The measurement model focused primarily on the within level, whereas the 
between level was used to separate relatively stable between-participant differences [71]. 
Initial five-factor MCFA inspection showed localized residual associations among the con-
structs’ first items (PCA1, AC1, PR1, PT1, SUP1). We therefore specified an exploratory 
within-participant shared-variance factor. Its loadings were restricted to these five items. 
Correlations with the substantive factors were fixed to zero. This post hoc specification 
aimed to accommodate localized residual covariance. It was not intended to identify a 
specific item-position effect or correct all sources of common method bias [72]. We sepa-
rately examined the measurement specification’s sensitivity to the equality constraint on 
these five loadings. Measurement quality was evaluated using standardized factor load-
ings, Cronbach’s α, composite reliability (CR), average variance extracted (AVE), the For-
nell–Larcker criterion [73], and the heterotrait–monotrait ratio (HTMT) [74], with 
Cronbach’s α calculated from the within-participant covariance structure [75]. Model fit 
for the MCFA and subsequent structural models was evaluated using robust χ2, CFI, TLI, 
RMSEA, SRMRwithin, and SRMRbetween. After support was established for the overall 
measurement structure, a repeated-measures CFA accounting for within-participant de-
pendence was conducted to test configural, loading, and intercept invariance of the five 
constructs across the three scheme conditions, thereby assessing measurement compara-
bility across schemes. 

On this basis, multilevel structural equation modeling (MSEM) was used to estimate 
the theory-specified associations among psychological evaluations and scheme support at 
the within-participant level. The directions of the paths among these concurrently 
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measured constructs reflect the S–O–R-based model specification rather than empirically 
established temporal or causal relationships. Scheme type was then introduced as a 
within-level exogenous variable to construct the full extended S–O–R model. Using the 
industrial heritage exhibition-oriented scheme (S1) as the reference category, the associa-
tions of scheme type with PCA, AC, and PR were examined, while the direct paths from 
scheme type to SUP were estimated simultaneously, conditional on the mediating varia-
bles, to separate the specific indirect effects from the remaining direct associations. Both 
the core structural model and the full S–O–R model retained the measurement specifica-
tion established in the final MCFA. Because the substantive hypotheses focused on the 
within-participant level, item variances and covariances at the between-level were freely 
estimated to separate relatively stable between-participant differences and to avoid im-
posing additional structural constraints on between-level measurement relationships that 
were not a substantive focus of the study. The structural models were estimated using 
MLR, and within-level coefficients of determination (R2) were reported for the relevant 
endogenous variables. To assess whether the structural estimates depended on the inclu-
sion of the exploratory first-item shared-variance factor, the full S–O–R model was also 
re-estimated without this factor. The analytic sample, measurement specification for the 
five substantive constructs, scheme coding, 13 structural paths, within- and between-level 
model specifications, missing-data handling, and MLR estimator were held constant. In-
direct effects and prespecified between-scheme contrasts were tested using a 5000-repli-
cation two-level cluster bootstrap, with participants serving as the resampling clusters. 
Participants were resampled with replacement at the cluster level, with all nine original 
repeated evaluation records retained within each selected participant cluster. The boot-
strap auxiliary models used the same analytic sample, variable definitions, missing-data 
handling, within/between structure, measurement constraints, and structural parameter-
ization as their corresponding MLR main models; the reference category for scheme type 
in the full S–O–R model was also kept unchanged. The bootstrap auxiliary models were 
estimated using maximum likelihood (ML), and 95% bias-corrected bootstrap confidence 
intervals were reported; an effect was considered statistically supported when its confi-
dence interval did not include zero. Model fit and standardized structural paths were re-
ported from the MLR main models. 

Finally, observed composite scores calculated as the mean of the items for each con-
struct were used as the analysis variables, and separate 3 × 3 repeated-measures analyses 
of variance (ANOVAs) were conducted for PCA, AC, PR, PT, and SUP, with Scene and 
Scheme specified as two within-subject factors. Sphericity was assessed using Mauchly’s 
test, with Greenhouse–Geisser-corrected results considered where appropriate. For sig-
nificant main effects of the scheme, Bonferroni-adjusted pairwise comparisons among the 
three scheme types were conducted within each construct, and partial eta squared (partial 
η2) was reported as the effect size. 

4. Data Analysis and Results 
4.1. Participants and Sample 

The main survey was administered via the Wenjuanxing platform, and a total of 451 
responses were collected. After data collection, responses were screened according to the 
prespecified IP-location and duplicate-submission criteria, yielding a final analytic sample 
of 360 participants, corresponding to 79.8% of the collected submissions. The final sample 
comprised 210 male participants (58.3%) and 150 female participants (41.7%), with partic-
ipants aged 18–50 years accounting for 78.1% of the sample. The demographic character-
istics of the participants are summarized in Table 2. 

Table 2. Sociodemographic characteristics of the participants (N = 360). 
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Characteristic Category n % 

Gender 
Male 210 58.3 

Female 150 41.7 

Age 

18–25 years 89 24.7 
26–30 years 37 10.3 
31–40 years 83 23.1 
41–50 years 72 20.0 
51–60 years 28 7.8 

>60 years 51 14.2 

Education level 

High school/technical secondary school 108 30.0 
Junior college 110 30.6 

Bachelor’s degree 96 26.7 
Master’s degree or above 46 12.8 

Location Shenyang 360 100.0 
Total  360 100.0 

4.2. Assessment of the Multilevel Data Structure 

Sample completeness, missing values, and the repeated-measures data structure 
were first examined. None of the 16 scale items in the final modeling dataset contained 
missing values, and observed responses spanned the full 1–7 scale. Item-level skewness 
ranged from −0.182 to −0.013 and kurtosis from −0.367 to 0.016; the proportions of re-
sponses at the minimum score of 1 ranged from approximately 0.03% to 0.71%, whereas 
those at the maximum score of 7 ranged from approximately 5.49% to 7.07%. No pro-
nounced concentration at one end of the scale or severe distributional departures was ob-
served. Because each participant evaluated nine sets of AI-visualized stimuli, the Level-1 
evaluation records were nested within participants. Random-intercept null models were 
therefore fitted using linear mixed models in SPSS, with ParticipantID specified as the 
clustering variable and restricted maximum likelihood (REML) used to estimate the par-
ticipant-level random-intercept variance and within-participant residual variance sepa-
rately for each core construct. Based on these two variance components, the intraclass cor-
relation coefficient (ICC(1)) was calculated to assess the degree of clustering of repeated 
evaluations within participants. 

In this study, ICC(1) was calculated from the participant-level random-intercept var-
iance, 𝜏଴଴, and the within-participant residual variance, 𝜎ଶ, obtained from the random-
intercept null model, as follows: 𝐼𝐶𝐶(1) = 𝜏଴଴𝜏଴଴ + 𝜎ଶ 

The variance decomposition results from the random-intercept null models are pre-
sented in Table 3. The ICC(1) values for PCA, AC, PR, PT, and SUP ranged from 0.311 to 
0.328, indicating that approximately 31.1–32.8% of the total variance in the construct 
scores was attributable to relatively stable differences between participants, whereas the 
remaining variance arose primarily from within-participant variation across evaluations 
of different stimuli. These results indicate non-negligible correlations among repeated 
evaluations within participants and therefore support the need to explicitly account for 
the hierarchical structure of the data in the subsequent measurement and structural model 
analyses. The participant-level variance and residual variance for each of the five con-
structs, including PCA, were estimated from the corresponding SPSS random-intercept 
null models. 

Table 3. Variance Components and ICC(1) of the Random-Intercept Null Models for the Core Con-
structs. 
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Construct Participant-Level Vari-
ance 

Within-Level Residual Vari-
ance 

ICC(1) 

Perceived Cultural Authenticity (PCA) 0.326 0.692 0.320 
Affective Comfort of Public Space (AC) 0.312 0.691 0.311 

Perceived Realism (PR) 0.329 0.716 0.315 
Perceived Trust in Visual Representation (PT) 0.311 0.643 0.326 

Scheme Support (SUP) 0.304 0.624 0.328 

4.3. Measurement Model Assessment 

4.3.1. Assessment of Model Reliability and Validity 

After confirming intra-participant correlations in repeated measures data, a multi-
level confirmatory factor analysis (MCFA) was performed to examine the five reflective 
constructs of perceived cultural authenticity, affective comfort of public space, perceived 
realism, perceived trust in visual representation, and scheme support, with parameters 
estimated using robust maximum likelihood (MLR). Because the study focused on within-
participant differences in evaluations across regeneration schemes, the substantive meas-
urement assessment was conducted at the within level, whereas item variances and co-
variances were freely estimated at the between level to account for differences between 
participants [75,76]. The baseline five-factor model successfully converged but still exhib-
ited a local mismatch with robust χ2(94) = 1690.944, CFI = 0.950, TLI = 0.872, RMSEA = 
0.072, SRMRwithin = 0.034, and SRMRbetween = 0.011. Local diagnostics suggested resid-
ual associations among PCA1, AC1, PR1, PT1, and SUP1, all of which appeared first in 
their respective questionnaire blocks. Item location effects provide a possible explanation 
for this pattern [77], although phraseological features, local item context, or unmodeled 
propensity to substantive responses cannot be ruled out. Since all participants received 
the same item order and no independent method marker was included, the source of this 
residual covariance could not be determined from the current data. Therefore, the addi-
tional factor was used to account for the observed residual covariance, rather than to es-
tablish an item-position effect. 

After the first-item shared-variance factor was added and the loadings of the five first-
position items on this factor were freely estimated, model fit improved substantially: robust 
χ2(89) = 217.556, CFI = 0.996, TLI = 0.989, RMSEA = 0.021, SRMRwithin = 0.013, and SRM-
Rbetween = 0.004. Previous methodological research has distinguished between equal and 
unequal specifications of method effects and has evaluated equality constraints by compar-
ing equal-loading and freely estimated loading models [78,79]. Accordingly, the unstand-
ardized loadings of the five first-position items on this factor were constrained to equality. 
This constraint did not produce a significant deterioration in model fit (Δχ2MLR(4) = 6.64, p 
= 0.156); therefore, the equal-loading first-item shared-variance specification was retained 
as the final MCFA measurement model. The final model showed a good fit, with robust 
χ2(93) = 223.377, p < 0.001, CFI = 0.996, TLI = 0.989, RMSEA = 0.021, SRMRwithin = 0.013, and 
SRMRbetween = 0.005. Standardized factor loadings, Cronbach’s α, composite reliability 
(CR), and average variance extracted (AVE) for each construct are presented in Table 4. At 
the within-level, standardized loadings on the theoretical factors ranged from 0.693 to 0.831, 
whereas loadings of the five first-position items on the shared-variance factor ranged from 
0.357 to 0.390 and were all statistically significant. 

As a sensitivity analysis, the within-level variances and covariances of the five sub-
stantive factors were fixed to the estimates obtained from the baseline model without the 
shared-variance factor to examine whether the results associated with this factor de-
pended on re-estimation of the substantive-factor correlation structure. The restricted 
model continued to show a good fit: robust χ2(108) = 224.740, CFI = 0.996, TLI = 0.992, 
RMSEA = 0.018, SRMRwithin = 0.019, and SRMRbetween = 0.012. When more restrictive 
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tau-equivalent loading constraints were imposed, the model still showed a good absolute 
fit (robust χ2(119) = 321.496, CFI = 0.994, TLI = 0.987, RMSEA = 0.023, SRMRwithin = 0.029, 
and SRMRbetween = 0.028), but fit deteriorated significantly relative to the preceding, less 
restrictive constrained model (Δχ2MLR(11) = 82.29, p < 0.001). These results indicate that 
the restrictive assumption of equal loadings within constructs was not supported; there-
fore, the final model retained a congeneric measurement specification in which the load-
ings of the theoretical items were freely estimated [80]. All subsequent reliability and va-
lidity assessments and structural model analyses were based on the final MCFA model, 
in which the theoretical item loadings were freely estimated while the equal-loading first-
item shared-variance factor was retained. 

Table 4. Reliability and Convergent Validity of the Measurement Model. 

Construct Item Standardized Loading Cronbach’s α CR AVE 

PCA 
PCA1 0.711 

0.804 0.811 0.589 PCA2 0.805 
PCA3 0.784 

AC 

AC1 0.693 

0.847 0.852 0.590 AC2 0.795 
AC3 0.831 
AC4 0.747 

PR 
PR1 0.697 

0.809 0.813 0.593 PR2 0.784 
PR3 0.824 

PT 
PT1 0.734 

0.803 0.804 0.577 PT2 0.770 
PT3 0.775 

SUP 
SUP1 0.701 

0.796 0.809 0.586 SUP2 0.816 
SUP3 0.775 

After the final MCFA measurement structure had been established, internal con-
sistency and convergent validity at the within level were further assessed. Within-level 
Cronbach’s α was calculated using the within-participant covariance matrix decomposed 
in Mplus, thereby avoiding the conflation of stable between-participant differences with 
within-participant variation in repeated evaluations. Cronbach’s α values for the five con-
structs ranged from 0.796 to 0.847, while composite reliability (CR) values ranged from 
0.804 to 0.852; all exceeded 0.700. Average variance extracted (AVE) values ranged from 
0.577 to 0.593, all exceeding 0.500. In the final MCFA model, the standardized within-level 
factor loadings of the five theoretical constructs ranged from 0.693 to 0.831. Overall, the 
constructs demonstrated good internal consistency and convergent validity. 

Discriminant validity at the within level was further assessed using the Fornell–
Larcker criterion and the heterotrait–monotrait ratio (HTMT), with the results presented 
in Tables 5 and 6, respectively. The square roots of AVE for the constructs ranged from 
0.760 to 0.770 and were all greater than the absolute values of their within-level correla-
tions with the other constructs, thus satisfying the Fornell–Larcker criterion. HTMT values 
between the constructs ranged from 0.043 to 0.770, all below the more stringent threshold 
of 0.850. The strongest association was observed between perceived realism and perceived 
trust in visual representation (r = 0.742, HTMT = 0.770), but this association still satisfied 
both criteria for discriminant validity. Therefore, the five theoretical constructs demon-
strated good discriminant validity at the within level. 

Table 5. Fornell–Larcker Assessment of Discriminant Validity at the Within Level. 
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Construct PCA AC PR PT SUP 
PCA 0.768     
AC −0.112 0.768    
PR 0.188 0.143 0.770   
PT 0.588 0.013 0.742 0.760  

SUP 0.479 0.449 0.502 0.720 0.765 

Table 6. HTMT Assessment of Discriminant Validity at the Within Level. 

Construct PCA AC PR PT SUP 
PCA —     
AC 0.116 —    
PR 0.205 0.161 —   
PT 0.615 0.043 0.770 —  

SUP 0.506 0.471 0.530 0.754 — 

4.3.2. Measurement Invariance Across Scheme Conditions 

After support was established for the overall measurement structure, reliability, and 
validity, measurement invariance of the five constructs across the S1, S2, and S3 conditions 
was further examined to assess the comparability of measurement parameters across 
scheme conditions [81]. Because the three scheme types were repeatedly evaluated by the 
same participants, a joint five-construct measurement model was estimated separately for 
scenes O1, O2, and O3 using repeated-measures CFA that accounted for within-partici-
pant dependence. The models allowed correlations among the latent factors across 
scheme conditions and correlated residuals for the same items across schemes, while re-
taining the previously specified control for shared variance among the first-position items. 
Configural, loading, and intercept invariance were tested sequentially. Consistent with 
the primary measurement model, the 7-point Likert items were treated as approximately 
continuous variables and estimated using MLR; accordingly, the intercept-invariance 
models constrained the corresponding item intercepts rather than thresholds. Measure-
ment invariance was evaluated jointly on the basis of the MLR-scaled χ2 difference test 
and changes in CFI, RMSEA, and SRMR [82]. The model comparison results for each scene 
are presented in Table 7. 

Table 7. Model Comparisons for Measurement Invariance Across Scheme Conditions. 

Scene Model Comparison Δχ2MLR(df), p ΔCFI ΔRMSEA ΔSRMR 

O1 
Configural → Loading 39.817 (22), p = 0.011 −0.002 0.001 0.006 
Loading → Intercept 33.266 (22), p = 0.058 −0.001 0.000 0.001 

O2 
Configural → Loading 31.989 (22), p = 0.078 0.000 0.000 0.005 
Loading → Intercept 41.432 (22), p = 0.007 −0.002 0.001 0.000 

O3 
Configural → Loading 41.393 (22), p = 0.007 −0.002 0.001 0.004 
Loading → Intercept 25.637 (22), p = 0.268 0.000 0.000 0.001 

Note: ΔCFI, ΔRMSEA, and ΔSRMR were calculated relative to the preceding level of invariance. 
Δχ2MLR denotes the robust nested-model difference test calculated using the MLR scaling correc-
tion factor. 

The configural invariance models showed good fit in all three scenes, with CFI values 
ranging from 0.981 to 0.986, TLI from 0.977 to 0.983, RMSEA from 0.022 to 0.026, and 
SRMR from 0.033 to 0.034. After equality constraints were imposed on the factor loadings, 
the absolute change in CFI (|ΔCFI|) did not exceed 0.002 in any scene, while ΔRMSEA 
did not exceed 0.001 and ΔSRMR did not exceed 0.006. After equality constraints were 
additionally imposed on the item intercepts, the corresponding changes did not exceed 
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0.002, 0.001, and 0.001, respectively. The MLR-scaled χ2 difference tests, however, rejected 
the equality of factor loadings in O1 (p = 0.011) and O3 (p = 0.007) and the equality of item 
intercepts in O2 (p = 0.007). Thus, the small changes in approximate fit indices were ac-
companied by evidence against exact parameter equality in selected comparisons. Taken 
together, the results are consistent with approximate measurement comparability across 
the three scheme conditions within the examined scenes, but do not establish exact load-
ing and intercept invariance for all five constructs. Consequently, comparisons of scheme-
related evaluations should be interpreted cautiously, as item-level noninvariance could 
influence part of the estimated differences. Because the tests constrained all five constructs 
jointly, they do not identify which items or constructs contribute to the detected depar-
tures from exact invariance. 

4.4. Structural Equation Modeling and Path Analysis 

4.4.1. Core Psychological Structural Model 

Building on the preceding measurement model assessment, multilevel structural 
equation modeling (MSEM) was further used to examine the core structural relationships 
among the five constructs. The model retained the measurement specification of the final 
MCFA, with the structural paths estimated at the within level. The core psychological 
structural model showed good overall fit: robust χ2(95) = 244.560, p < 0.001, CFI = 0.995, 
TLI = 0.988, RMSEA = 0.022, SRMRwithin = 0.015, and SRMRbetween = 0.005. Within-level 
path estimates are presented in Table 8. Perceived cultural authenticity showed a signifi-
cant positive association with perceived trust in visual representation (β = 0.467, p < 0.001), 
and perceived realism likewise showed a significant positive association with perceived 
trust in visual representation (β = 0.645, p < 0.001). Perceived trust in visual representation 
was positively associated with scheme support (β = 0.588, p < 0.001). In addition, perceived 
cultural authenticity (β = 0.188, p < 0.001) and the affective comfort of public space (β = 
0.456, p < 0.001) both showed significant positive associations with scheme support. The 
model accounted for 74.6% and 71.6% of the within-level variance in perceived trust in 
visual representation and scheme support, respectively. 

Table 8. Within-Level Path Estimates of the Core Psychological Structural Model. 

Structural Path B SE Standardized Direct Effect 
(β) 

z p 

PCA → PT 0.443 0.019 0.467 23.103 <0.001 
PR → PT 0.658 0.022 0.645 29.893 <0.001 

PT → SUP 0.581 0.024 0.588 24.386 <0.001 
PCA → SUP 0.176 0.020 0.188 9.000 <0.001 
AC → SUP 0.440 0.018 0.456 23.824 <0.001 

Note: B denotes the unstandardized within-level path coefficient; β denotes the STDYX-standard-
ized path coefficient; SE, z, and p values are based on robust MLR estimation. The R2 values for PT 
and SUP were 0.746 and 0.716, respectively. 

The results of the subsequent indirect-association tests are presented in Table 9. Per-
ceived cultural authenticity showed a significant positive indirect association with scheme 
support through perceived trust in visual representation, with a standardized indirect as-
sociation of 0.275 and an unstandardized indirect association of 0.257; the 95% bias-cor-
rected bootstrap confidence interval was [0.227, 0.290]. The indirect association between 
perceived realism and scheme support through perceived trust in visual representation 
was also significant, with a standardized indirect association of 0.379 and an unstandard-
ized indirect association of 0.382; the 95% bias-corrected bootstrap confidence interval was 
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[0.346, 0.421]. Neither confidence interval included zero. Accordingly, H3–H9 were all 
supported. 

Table 9. Indirect-Association Tests for the Core Psychological Structural Model. 

Indirect Path Standardized Indirect Effect βind B Bootstrap SE (B) 95% BC Bootstrap CI 
(B) 

PCA → PT → SUP 0.275 0.257 0.016 [0.227, 0.290] 
PR → PT → SUP 0.379 0.382 0.019 [0.346, 0.421] 

Note: Indirect effects were tested using 5000 participant-level cluster bootstrap replications, all of 
which were successfully completed. The 95% CIs are bias-corrected bootstrap confidence intervals. 
β_ind denotes the product of the standardized coefficients of the component paths, whereas the 
bootstrap confidence intervals correspond to the unstandardized indirect effect (B). 

4.4.2. Full Extended S–O–R Model 

To further examine the relationships among regeneration scheme type, public psy-
chological evaluations, and Scheme Support, scheme type (Scheme) was incorporated into 
the multilevel structural equation model as a within-level exogenous variable represent-
ing the experimental condition, building on the core psychological structural model. Be-
cause all 360 participants evaluated nine sets of stimuli, yielding 3240 Level-1 evaluation 
records, ParticipantID was specified as the clustering variable, and within-participant var-
iation in evaluations across different stimuli was modeled at the Within level. S1 was spec-
ified as the reference category, with D2 and D3 representing the contrasts of S2 versus S1 
and S3 versus S1, respectively. At the within level, the model retained the measurement 
specification of the final MCFA, including the five substantive constructs and the equal-
loading first-item shared-variance factor. At the between-level, item variances and covar-
iances were freely estimated, consistent with the final MCFA and core MSEM, to separate 
relatively stable between-participant differences. The structural model was estimated us-
ing MLR. The interpretation of the ensuing scheme contrasts is subject to the measure-
ment-invariance qualifications described in Section 4.3.2. 

The model demonstrated good overall fit: robust χ2(119) = 298.421, p < 0.001, CFI = 
0.995, TLI = 0.988, RMSEA = 0.022, SRMRwithin = 0.014, and SRMRbetween = 0.005. At the 
within-level, the relationships among the core psychological variables remained stable af-
ter scheme type was incorporated into the model. Perceived cultural authenticity (β = 
0.462, p < 0.001) and perceived realism (β = 0.646, p < 0.001) were both positively associated 
with perceived trust in visual representation. Perceived cultural authenticity (β = 0.214, p 
< 0.001), affective comfort of public space (β = 0.460, p < 0.001), and perceived trust in 
visual representation (β = 0.580, p < 0.001) were all positively associated with scheme sup-
port. The model explained 74.3% and 73.0% of the within-level variance in perceived trust 
in visual representation and scheme support, respectively. 

Different scheme types exhibited distinct patterns of association with the psycholog-
ical evaluations. With S1 as the reference category, both S2 and S3 showed significantly 
lower perceived cultural authenticity (β = −0.395 and −0.505, respectively; both p < 0.001), 
whereas both showed significantly higher affective comfort of public space (β = 0.171 and 
0.546, respectively; both p < 0.001). By contrast, neither S2 nor S3 differed significantly 
from S1 in perceived realism (β = 0.007, p = 0.735; β = 0.010, p = 0.650). After controlling for 
the psychological evaluation variables included in the model, S2 relative to S1 retained a 
significant positive conditional direct association with scheme support (β = 0.120, p < 
0.001), whereas the conditional direct association for S3 relative to S1 was not significant 
(β = 0.011, p = 0.612). The model explained 21.2% and 23.4% of the within-level variance 
in perceived cultural authenticity and affective comfort of public space, respectively, 
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whereas the explained variance in perceived realism was close to zero. The full structural 
paths and coefficients of determination are presented in Table 10. 

Table 10. Within-Level Standardized Path Estimates and Explained Variance in the Full Extended 
S–O–R Model. 

Path β SE p 
Panel A. Scheme conditions and psychological evaluations 

S2 (vs. S1) → PCA −0.395 0.020 <0.001 
S3 (vs. S1) → PCA −0.505 0.020 <0.001 
S2 (vs. S1) → AC 0.171 0.020 <0.001 
S3 (vs. S1) → AC 0.546 0.019 <0.001 
S2 (vs. S1) → PR 0.007 0.022 0.735 
S3 (vs. S1) → PR 0.010 0.022 0.650 

Panel B. Psychological structural paths 
PCA → PT 0.462 0.017 <0.001 
PR → PT 0.646 0.015 <0.001 

PCA → SUP 0.214 0.023 <0.001 
AC → SUP 0.460 0.018 <0.001 
PT → SUP 0.580 0.019 <0.001 

Panel C. Conditional direct effects on SUP 
S2 (vs. S1) → SUP 0.120 0.017 <0.001 
S3 (vs. S1) → SUP 0.011 0.022 0.612 

Panel D. Within-Level Explained Variance 
Endogenous Latent Variable R2 SE p 

PCA 0.212 0.015 <0.001 
AC 0.234 0.015 <0.001 
PR 0.000 0.000 0.812 
PT 0.743 0.019 <0.001 

SUP 0.730 0.019 <0.001 
Note: β denotes the within-level STDYX-standardized estimate from the primary MLR model. S1 is 
the reference condition for the categorical Scheme variable; S2 (vs. S1) and S3 (vs. S1) correspond to 
the dummy-variable coefficients D2 and D3, respectively. The Scheme → SUP coefficient represents 
the conditional direct effect after controlling for the psychological evaluation variables included in 
the model and should not be interpreted as the unadjusted raw mean difference in SUP between 
schemes. R2 represents the proportion of within-level variance explained in the corresponding latent 
variable. 

Two specification sensitivity analyses were conducted for the full S–O–R model. 
First, the retained model with the equal-loading first-item shared-variance factor (M1) was 
compared with an otherwise equivalent model omitting this factor (M0). Second, the 
equality constraint on the first-item factor loadings was released while the remaining 
model specifications were held constant. Both models converged successfully. However, 
M0 showed poorer overall fit (robust χ2(120) = 1687.439, CFI = 0.952, TLI = 0.892, RMSEA 
= 0.063, SRMRwithin = 0.031, and SRMRbetween = 0.011) than M1 (robust χ2(119) = 
298.421, CFI = 0.995, TLI = 0.988, RMSEA = 0.022, SRMRwithin = 0.014, and SRMRbetween 
= 0.005). Despite the differences in global fit, the five core psychological paths exhibited 
relatively small changes in their STDYX-standardized estimates. The coefficients for PCA 
predicting PT, PR predicting PT, PCA predicting SUP, AC predicting SUP, and PT pre-
dicting SUP changed from 0.472, 0.655, 0.210, 0.459, and 0.590 in M0 to 0.462, 0.646, 0.214, 
0.460, and 0.580 in M1, respectively. All five paths remained positive and statistically sig-
nificant in both models (all p < 0.001). Across all 13 structural paths, the maximum absolute 
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change in the reported standardized coefficients was 0.010, with no changes in path direc-
tion or statistical significance classification. Complete coefficient comparisons are pro-
vided in Supplementary Table S1. These results indicate limited sensitivity of the principal 
path estimates to this particular specification change. Nevertheless, the poorer fit of M0 
limits the interpretation of this comparison and does not establish general robustness 
across alternative measurement models. 

The model with freely estimated first-item loadings continued to show a good fit (ro-
bust χ2(115) = 293.339, CFI = 0.995, TLI = 0.987, RMSEA = 0.022, SRMRwithin = 0.014, and 
SRMRbetween = 0.005) and did not yield a significant improvement in fit relative to the 
equal-loading model (Δχ2MLR(4) = 5.73, p = 0.220). In this equal-versus-free loading com-
parison, the five core structural paths retained their directions and statistical significance, 
and their standardized coefficients differed by no more than 0.001. These results indicate 
that the main structural findings were not materially affected by the equal-loading speci-
fication for the first-item shared-variance factor. 

The primary equal-loading model was then used to estimate three prespecified pair-
wise scheme contrasts—S1−S2, S1−S3, and S3−S2—to assess pairwise differences among 
the scheme conditions and their specific indirect associations with SUP. The auxiliary in-
ferential model was estimated using ML, and a two-level cluster bootstrap with 5000 rep-
lications was implemented using participants as the clustering unit. Ninety-five percent 
bias-corrected bootstrap confidence intervals were reported, and all 5000 bootstrap repli-
cations were successfully completed. This auxiliary model was used solely for interval 
inference concerning the prespecified contrasts and derived effects; model fit and stand-
ardized structural paths were based on the results of the primary MLR model described 
above. 

The planned contrasts further confirmed the directions of the differences among the 
three schemes in perceived cultural authenticity and affective comfort of public space. For 
perceived cultural authenticity, S1 was significantly higher than S2 (B = 0.639, 95% BC CI 
[0.568, 0.705]) and S3 (B = 0.817, 95% BC CI [0.746, 0.887]), while S3 was significantly lower 
than S2 (B = −0.179, 95% BC CI [−0.244, −0.114]), yielding the overall ordering S1 > S2 > S3. 
For affective comfort of public space, S1 was significantly lower than S2 (B = −0.269, 95% 
BC CI [−0.336, −0.207]) and S3 (B = −0.859, 95% BC CI [−0.932, −0.786]), while S3 was sig-
nificantly higher than S2 (B = 0.590, 95% BC CI [0.524, 0.656]), yielding the overall ordering 
S3 > S2 > S1. By contrast, the 95% bias-corrected bootstrap confidence intervals for all three 
pairwise comparisons of perceived realism included zero, providing no statistical support 
for significant differences in perceived realism across schemes. 

For the S1−S2 contrast, the specific indirect estimate through perceived cultural au-
thenticity (PCA) was positive (B = +0.130, 95% BC CI [0.101, 0.162]), as was the sequential 
indirect estimate through PCA and perceived trust in visual representation (PT) (B = 
+0.162, 95% BC CI [0.139, 0.187]). In contrast, the indirect estimate through affective com-
fort of public space (AC) was negative (B = −0.121, 95% BC CI [−0.153, −0.092]). All three 
confidence intervals excluded zero, indicating statistically supported indirect pathways 
with opposing signs. The indirect estimate through perceived realism (PR) and PT was 
not statistically supported (B = −0.004, 95% BC CI [−0.029, 0.020]). 

For S1−S3, the specific indirect estimate through PCA (B = +0.166, 95% BC CI [0.130, 
0.207]) and the sequential indirect estimate through PCA and PT (B = +0.208, 95% BC CI 
[0.181, 0.236]) were both positive. By contrast, the indirect estimate through AC was neg-
ative (B = −0.386, 95% BC CI [−0.434, −0.343]); all three confidence intervals excluded zero. 
The two positive PCA-related point estimates summed to +0.374, nearly offsetting the neg-
ative AC estimate of −0.386. This numerical comparison is descriptive and does not con-
stitute a separate statistical test of differences between pathways. The indirect estimate 
through PR and PT was not statistically supported (B = −0.006, 95% BC CI [−0.030, 0.019]). 
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For S3−S2, the specific indirect estimate through PCA (B = −0.036, 95% BC CI [−0.054, 
−0.023]) and the sequential indirect estimate through PCA and PT (B = −0.045, 95% BC CI 
[−0.064, −0.029]) were both negative, whereas the indirect estimate through AC was posi-
tive (B = +0.265, 95% BC CI [0.231, 0.304]). All three confidence intervals excluded zero. 
The indirect estimate through PR and PT was not statistically supported (B = +0.001, 95% 
BC CI [−0.025, 0.027]). These oppositely signed specific indirect estimates yielded a posi-
tive total indirect estimate, as reported in Panel C of Table 11. 

Table 11. Prespecified Pairwise Comparisons and Indirect Effect Tests for the Three Regeneration 
Schemes. 

Panel A. Pre-specified pairwise scheme comparisons 
Construct Scheme Comparison B 95% BC CI (B) Result 

PCA 
S1−S2 0.639 [0.568, 0.705] Significant 
S1−S3 0.817 [0.746, 0.887] Significant 
S3−S2 −0.179 [−0.244, −0.114] Significant 

AC 
S1−S2 −0.269 [−0.336, −0.207] Significant 
S1−S3 −0.859 [−0.932, −0.786] Significant 
S3−S2 0.590 [0.524, 0.656] Significant 

PR 
S1−S2 −0.011 [−0.077, 0.052] Not Significant 
S1−S3 −0.015 [−0.080, 0.049] Not Significant 
S3−S2 0.004 [−0.066, 0.072] Not Significant 

Panel B. Specific indirect effects 
Scheme Comparison Specific Indirect Pathway B 95% BC CI (B) Result 

S1−S2 

Scheme → PCA → SUP 0.130 [0.101, 0.162] Significant 
Scheme → PCA → PT → SUP 0.162 [0.139, 0.187] Significant 

Scheme → AC → SUP −0.121 [−0.153, −0.092] Significant 
Scheme → PR → PT → SUP −0.004 [−0.029, 0.020] Not Significant 

S1−S3 

Scheme → PCA → SUP 0.166 [0.130, 0.207] Significant 
Scheme → PCA → PT → SUP 0.208 [0.181, 0.236] Significant 

Scheme → AC → SUP −0.386 [−0.434, −0.343] Significant 
Scheme → PR → PT → SUP −0.006 [−0.030, 0.019] Not Significant 

S3−S2 

Scheme → PCA → SUP −0.036 [−0.054, −0.023] Significant 
Scheme → PCA → PT → SUP −0.045 [−0.064, −0.029] Significant 

Scheme → AC → SUP 0.265 [0.231, 0.304] Significant 
Scheme → PR → PT → SUP 0.001 [−0.025, 0.027] Not Significant 

Panel C. Direct, total indirect, and total effects 
Scheme Comparison Effect Type B 95% BC CI (B) Result 

S1−S2 
Direct effect −0.185 [−0.236, −0.133] Significant 

Total indirect effect 0.167 [0.104, 0.227] Significant 
Total effect −0.018 [−0.081, 0.042] Not Significant 

S1−S3 
Direct effect −0.017 [−0.086, 0.052] Not Significant 

Total indirect effect −0.018 [−0.091, 0.049] Not Significant 
Total effect −0.035 [−0.099, 0.030] Not Significant 

S3−S2 
Direct effect −0.167 [−0.223, −0.112] Significant 

Total indirect effect 0.185 [0.124, 0.244] Significant 
Total effect 0.017 [−0.043, 0.078] Not Significant 

Note: B denotes an unstandardized pairwise contrast on the MSEM latent-variable scale (Panel A) 
or an unstandardized derived effect (Panels B and C). Contrasts were calculated as S1−S2, S1−S3, or 
S3−S2; the sign of B therefore follows the specified subtraction order. The 95% bias-corrected confi-
dence intervals (BC CIs) were obtained from 5000 participant-level cluster bootstrap replications of 
the ML auxiliary model. An interval excluding zero was taken as statistical support for the 
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corresponding model-based estimate. The total indirect effect is the sum of the four specific indirect 
effects, and the total effect equals the conditional direct effect plus the total indirect effect. Overall 
model fit and standardized paths were obtained from the primary MLR model. The estimated indi-
rect effects should not be interpreted as evidence of causal mediation. 

Although several specific indirect effects were statistically supported, the total effects 
were not statistically significant for any of the three scheme comparisons. For S1−S2, the 
total indirect effect was positive (B = +0.167, 95% BC CI [0.104, 0.227]), whereas the condi-
tional direct effect was negative (B = −0.185, 95% BC CI [−0.236, −0.133]); both confidence 
intervals excluded zero. These opposing estimates yielded a nonsignificant total effect (B = 
−0.018, 95% BC CI [−0.081, 0.042]). A similar pattern emerged for S3−S2: the positive total 
indirect effect (B = +0.185, 95% BC CI [0.124, 0.244]) and negative conditional direct effect (B 
= −0.167, 95% BC CI [−0.223, −0.112]) both had confidence intervals excluding zero, whereas 
the total effect was not statistically significant (B = +0.017, 95% BC CI [−0.043, 0.078]). 

The S1−S3 contrast showed a different pattern in the model-based decomposition. 
The two positive PCA-related specific indirect estimates (B = +0.166 and +0.208), the neg-
ative AC-related estimate (B = −0.386), and the near-zero PR-related estimate (B = −0.006) 
summed to a total indirect estimate that was not statistically significant (B = −0.018, 95% 
BC CI [−0.091, 0.049]). The total effect was also not statistically significant (B = −0.035, 95% 
BC CI [−0.099, 0.030]). Thus, the three contrasts had different effect decompositions de-
spite nonsignificant total effects. These nonsignificant findings should not be interpreted 
as evidence of equivalence in scheme support or as negating the statistically supported 
specific indirect effects. 

Overall, S1 was characterized primarily by a relative advantage in perceived cultural 
authenticity, whereas S3 was characterized primarily by a relative advantage in affective 
comfort of public space. The three schemes did not differ significantly in perceived real-
ism, and none of the corresponding specific indirect effects through perceived realism and 
perceived trust in visual representation received statistical support. According to the pre-
specified correspondence between the hypotheses and these pathways, H10 and H12 were 
supported, whereas H11 was not supported. 

4.5. Comparative Analysis of the Three Regeneration Schemes 

Based on the preceding assessment of measurement comparability, separate 3 × 3 
two-way repeated-measures analyses of variance (ANOVAs) were conducted for the five 
constructs to compare the three AI-visualized regeneration schemes and examine whether 
scheme differences varied across spatial scenes, with Scene (O1, O2, O3) and Scheme (S1, 
S2, S3) specified as two within-subject factors. Mauchly’s tests did not indicate significant 
departures from sphericity for the Scene, Scheme, or Scene × Scheme effects for any of the 
five constructs (all p > 0.05); therefore, the primary analyses used degrees of freedom based 
on the sphericity assumption. The Greenhouse–Geisser correction did not alter the statis-
tical significance conclusions for any of the effects. For significant main effects of the 
scheme, Bonferroni-adjusted pairwise comparisons among the three schemes were subse-
quently conducted. Descriptive statistics for each scheme and the main effects of the 
scheme are presented in Table 12. 

Table 12. Comparative Results for the Three Types of AI-Visualized Regeneration Schemes. 

Varia-
ble S1 M ± SD S2 M ± SD S3 M ± SD 

Scheme Main Effect F(2, 
718) p ηp2 Bonferroni Comparison 

PCA 5.25 ± 0.71 4.64 ± 0.74 4.46 ± 0.74 307.538 <0.001 0.461 S1 > S2 > S3 
AC 4.38 ± 0.74 4.65 ± 0.70 5.26 ± 0.72 371.346 <0.001 0.508 S3 > S2 > S1 
PR 4.79 ± 0.74 4.80 ± 0.75 4.81 ± 0.77 0.207 0.813 0.001 n.s. 
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PT 5.06 ± 0.69 4.78 ± 0.70 4.72 ± 0.77 56.149 <0.001 0.135 
S1 > S2; S1 > S3; S2 vs. S3, 

n.s. 
SUP 4.83 ± 0.68 4.85 ± 0.70 4.87 ± 0.74 0.741 0.477 0.002 n.s. 

Note: M and SD were calculated from each participant’s observed composite scores for the same 
scheme type across the three scenes. F, p, and ηp2 correspond to the main effect of Scheme; for con-
structs with a significant Scheme main effect, the final column summarizes the Bonferroni-adjusted 
pairwise comparisons among the three schemes. 

A significant main effect of the scheme was observed for PCA, F(2, 718) = 307.538, p 
< 0.001, ηp2 = 0.461. Neither the main effect of Scene nor the Scene × Scheme interaction 
was significant, F(2, 718) = 0.526, p = 0.591, ηp2 = 0.001, and F(4, 1436) = 1.261, p = 0.283, ηp2 
= 0.003, respectively. The industrial heritage exhibition-oriented scheme had the highest 
PCA score (M = 5.25, SD = 0.71), followed by the public activity-oriented scheme (M = 4.64, 
SD = 0.74) and the shaded relaxation-oriented scheme (M = 4.46, SD = 0.74). Bonferroni-
adjusted pairwise comparisons showed that S1 was significantly higher than S2 (MD = 
0.614, 95% CI [0.535, 0.692], p < 0.001) and S3 (MD = 0.788, 95% CI [0.707, 0.869], p < 0.001). 
The complete set of pairwise comparisons also showed that S2 was significantly higher 
than S3, providing full pairwise support for the overall ordering S1 > S2 > S3. Accordingly, 
H1, H1a, and H1b were all supported. 

The main effect of Scheme on AC was also significant, F(2, 718) = 371.346, p < 0.001, 
ηp2 = 0.508, whereas neither the main effect of Scene (F(2, 718) = 2.179, p = 0.114, ηp2 = 
0.006) nor the Scene × Scheme interaction (F(4, 1436) = 0.198, p = 0.939, ηp2 = 0.001) was 
significant. The shaded relaxation-oriented scheme had the highest AC score (M = 5.26, 
SD = 0.72), followed by the public activity-oriented scheme (M = 4.65, SD = 0.70), with the 
industrial heritage exhibition-oriented scheme showing the lowest score (M = 4.38, SD = 
0.74). Bonferroni-adjusted pairwise comparisons further showed that S3 was significantly 
higher than S1 (MD = 0.875, 95% CI [0.794, 0.956], p < 0.001) and S2 (MD = 0.609, 95% CI 
[0.532, 0.686], p < 0.001). The complete set of pairwise comparisons also showed that S2 
was significantly higher than S1, providing full pairwise support for the overall ordering 
S3 > S2 > S1. Accordingly, H2, H2a, and H2b were all supported. 

For the remaining evaluation variables, the main effects of the scheme were not sig-
nificant for either PR or SUP: for PR, F(2, 718) = 0.207, p = 0.813, ηp2 = 0.001; for SUP, F(2, 
718) = 0.741, p = 0.477, ηp2 = 0.002. By contrast, the main effect of Scheme on PT was sig-
nificant, F(2, 718) = 56.149, p < 0.001, ηp2 = 0.135. The industrial heritage exhibition-oriented 
scheme had the highest PT score (M = 5.06, SD = 0.69), which was significantly higher than 
those of the public activity-oriented scheme (M = 4.78, SD = 0.70; MD = 0.278, 95% CI [0.198, 
0.357], p < 0.001) and the shaded relaxation-oriented scheme (M = 4.72, SD = 0.77; MD = 
0.339, 95% CI [0.256, 0.422], p < 0.001). The difference between S2 and S3 was not significant 
(MD = 0.061, 95% CI [−0.022, 0.144], p = 0.238). The main effects of Scene were not signifi-
cant for PR, PT, or SUP, and no significant Scene × Scheme interaction was observed for 
any of the five constructs. Overall, significant differences among the three scheme types 
were observed primarily in perceived cultural authenticity, the affective comfort of public 
space, and perceived trust in visual representation, whereas no significant between-
scheme differences were observed in perceived realism or scheme support. 

5. Discussion 
5.1. Perceived Cultural Authenticity and Affective Comfort of Public Space: Differentiated  
Evaluations of AI-Visualized Regeneration 

The industrial heritage exhibition-oriented scheme showed a clear advantage in per-
ceived cultural authenticity, whereas the shaded relaxation-oriented scheme showed a 
clear advantage in affective comfort of public space. This differentiation is consistent with 
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the two evaluation logics described by the heritage authenticity perspective and the envi-
ronmental emotional quality framework. Authenticity evaluation is not the same as judg-
ing visual realism; Rather, it is more concerned with whether heritage and its cultural 
significance are preserved and remain identifiable [36,83]. Environmental evaluation also 
includes emotional meanings different from cognitive meanings, and pleasant and re-
laxed represent characteristic descriptors of environmental emotional quality [84]. There-
fore, the two scheme types highlight two distinct evaluation bases, respectively: the con-
tinuity of cultural meaning and the emotional experience of future spaces. 

The advantages of schemes oriented to industrial heritage exhibitions in perceived 
cultural authenticity can be understood from the semantic continuity between the AI-gen-
erated schemes and the existing cultural referents of the heritage site. The judgment of the 
authenticity of heritage is clearly dependent on the environment, and the maintenance of 
the authenticity and integrity of different heritage sites needs to be understood according 
to their specific value and site characteristics [85]. 

Cultural codes such as structural relationships and symbolic colors also play an im-
portant role in the cultural fidelity of heritage imagery [86]. Therefore, the advantages of 
schemes oriented towards industrial heritage exhibitions are better explained by a higher 
subjective evaluation of cultural semantic continuity rather than a verification of the ob-
jective historical fidelity of the schemes. From this perspective, heritage authenticity pro-
vides a foundation for understanding how the public assesses the connection between 
generative representations of future programmes and the existing cultural identity of her-
itage sites. 

The advantage of shaded relaxation-oriented schemes in affective comfort of public 
space is consistent with the relationship between natural environment cues and positive 
affective responses described by the theory of environmental affective quality and Ulrich’s 
psychological evolutionary theory of stress recovery [87]. People often have more positive 
feelings and lower stress responses in natural places that they perceive to be safe. The 
relaxation-oriented shading scheme includes continuous vegetation and shade, which is 
the most direct signal of calm and safety, while the quiet resting space reinforces the feel-
ing of comfort and relaxation. Together, these elements act as environmental emotional 
cues. The public’s evaluation of urban greening schemes generated by artificial intelli-
gence is not only determined by the quantity of greening, but by the form of greening and 
the configuration of spatial functions [12]. In this study, the shaded relaxation-oriented 
scheme achieved higher scores in terms of emotional comfort, consistent with theoretical 
expectations. These ratings reflect the public’s subjective evaluation of the emotional qual-
ity of the future environment shown in the images. These findings suggest that AI-gener-
ated images may support preliminary evaluations of anticipated affective comfort in pro-
posed public spaces. 
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5.2. Perceived Realism and Perceived Cultural Authenticity: Two Correlates of Perceived Trust 
in Visual Representation 

Perceived realism and perceived cultural authenticity were positively associated 
with perceived trust in visual representation. The standardized path coefficient was nu-
merically larger for perceived realism. In the estimated structural model, perceived trust 
in visual representation was also positively associated with scheme support. Trust in au-
tomation has been linked to reliance under uncertainty [56]. Empirical work has also ex-
amined trust when people decide whether to rely on automated aids [88]. Work on auto-
mation has further distinguished patterns of use, including misuse and disuse [89]. Re-
search on automation has addressed trust, reliance, and patterns of use, providing useful 
context for the present discussion. What perceived trust in visual representation captures 
is different: the credibility participants attributed to an AI-generated image as a depiction 
of a regeneration proposal that had not yet been built. It does not measure trust in the 
GenAI system itself. Accordingly, the positive association between representational trust 
and scheme support should not be interpreted as evidence of reliance on the GenAI sys-
tem. Instead, the findings indicate that perceived realism and cultural authenticity are 
distinct correlates of representational trust, which is positively associated with support 
for the depicted scheme. 

Perceived realism did not differ significantly across the three selected schemes. Per-
ceived trust in visual representation was significantly higher for the industrial heritage 
exhibition-oriented scheme than for either of the other two schemes, whereas the differ-
ence between the public activity-oriented and shaded relaxation-oriented schemes was 
not statistically significant. Because comparable realism was also a stimulus-screening cri-
terion, the absence of detected scheme differences in perceived realism should be inter-
preted within the selected stimulus set. Although perceived realism was positively asso-
ciated with perceived trust in visual representation, the scheme comparisons provided no 
statistical evidence that differences in perceived realism accounted for the observed dif-
ferences in trust. In the context of AI-generated video, a significant positive association 
between perceived realism and perceived trust has already been observed [26]. In AI-gen-
erated urban images, visual realism and representational fidelity of urban visual identity 
are also considered at the same time, while landmarks with cultural and historical signif-
icance show more obvious representational limitations; When the generated images fail 
to accurately convey the actual character or identity of a city, their value for planning and 
design may be limited [38]. The present findings link these two views. In contrast, per-
ceived cultural authenticity was positively associated with representational trust and dif-
fered significantly across schemes. Thus, for industrial heritage with prominent historical 
references and site identities, the credibility of an AI-generated representation may de-
pend not only on general visual realism, but also on whether the representation culturally 
anchors the identity of a particular heritage site. 

The results distinguish the strength of psychological associations from the ability of 
evaluated attributes to differentiate regeneration schemes. Although perceived realism 
showed significant positive indirect associations with scheme support through perceived 
trust in visual representation in the core structural model, there were no significant dif-
ferences between selected schemes, and the corresponding scheme-specific indirect asso-
ciations were not statistically supported. Perceived cultural authenticity shows different 
patterns. Its ratings differed significantly across schemes. The scheme-related indirect as-
sociations through PCA, both with and without PT, were statistically supported. How-
ever, its standardized path coefficient predicting perceived trust in visual representation 
was smaller than that of perceived realism. These findings suggest that strong structural 
associations between psychological constructs do not necessarily mean that the same con-
structs explain the differences between scheme conditions. 
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5.3. Attribute Differentiation and Overall Support: Multi-Attribute Evaluation of  
AI-Visualized Schemes 

The three AI visualization regeneration schemes showed clear differences in per-
ceived cultural authenticity and affective comfort of public spaces, but these attribute-
level differences were not accompanied by significant differences in overall scheme sup-
port. This divergence requires consideration of how the assessment of specific attributes 
relates to the broader judgment of regeneration recommendations. Constructive prefer-
ence studies have shown that the contribution of attribute information to evaluative judg-
ment may depend on the evaluation task and the way the information is processed [90,91]. 
Therefore, cultural continuity and anticipated experiences of public space may constitute 
different but co-related considerations in industrial heritage regeneration without neces-
sarily determining overall scheme support. 

The multi-attribute approach to public preferences provides another way to explain 
this pattern. Choice-based studies of industrial heritage reuse and urban regeneration 
show that one needs to consider several attributes [92,93]. Respondents may assign differ-
ent importance to each attribute. These differences in priorities offer a possible explana-
tion. Even when cultural-authenticity and affective-comfort evaluations differ across 
schemes, these differences need not translate into significant differences in overall scheme 
support. The way we measure scheme support is also important here. Respondents rated 
each proposal’s acceptance, willingness to support its implementation, and willingness to 
recommend. They do not need to choose one proposal over others. Overall scheme sup-
port may reflect respondents’ acceptance of each regeneration proposal. This support may 
not reveal how respondents rank proposals based on specific attributes. 

The scheme comparison results provide a further perspective on the difference be-
tween attribute-level assessment and overall support. In a comparison between an indus-
trial heritage exhibition-oriented scheme and a shaded relaxation-oriented scheme, indi-
rect association through perceived cultural authenticity and sequential indirect associa-
tion through perceived cultural authenticity and perceived trust in visual representation 
operate in the opposite direction to indirect association through affective comfort of public 
space. In contrast, comparisons involving the public activity-oriented scheme (S2) showed 
opposite directions between net indirect associations and the remaining conditional direct 
associations. These contrasting patterns suggest that the lack of significant differences in 
overall scheme support is accompanied by different configurations of model estimation 
associations. While these connections do not establish a conscious trade-off between cul-
tural authenticity and emotional comfort, they underscore the distinction between the 
overall endorsement of regenerative proposals and the specific cultural and empirical as-
sessments associated with such endorsement. 

5.4. Theoretical Implications for Evaluating AI Representations of Future Spaces 

This study helps theoretically in providing two analytical functions of psychological 
evaluations in S–O–R: (1) mapping associations with trust and scheme support, and (2) 
identifying differences in evaluations across the selected scheme conditions. Previous 
work has focused on, for example, whether visualizations of GenAI applications for the 
design of cities are desirable [10], stakeholder preferences for alternative scenarios depict-
ing AI-generated public space [12], and realism and urban identity in AI-generated city-
scapes [38]. One study compared support for different scenarios for reconverting indus-
trial heritage using AIGC-supported assessments [14]. Related work compared designer 
intent with public perceptions of industrial heritage regeneration using multimodal social 
media data [94] and generative visualizations for participatory planning workshops [95]. 
Our findings add another perspective to this research. The strength of an evaluative con-
struct’s structural associations may not match its ability to distinguish the selected 
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visualized schemes. Visual realism and overall support alone may not adequately de-
scribe public evaluations of AI-visualized regeneration proposals. Public perceptions of 
representational credibility and professional assessments of design validity provide dif-
ferent but complementary forms of evidence. Representational trust reflects how credible 
a visualized proposal appears to viewers, whereas architectural accuracy, heritage con-
servation compatibility, and technical feasibility concern, respectively, its correspondence 
with documented site conditions, the appropriateness of the proposed interventions for 
heritage values and conservation requirements, and their potential for implementation. 
Public evaluations capture how viewers perceive the proposed schemes. Professional as-
sessments, by contrast, examine architectural accuracy, heritage conservation compatibil-
ity, and technical feasibility. 

5.5. Practical Implications for AI-Assisted Industrial Heritage Regeneration 

The findings suggest that the application of visual GenAI in industrial heritage re-
generation should not be guided by visual effects alone. Instead, on the basis of early site 
investigation and heritage value identification, buildings, material traces, spatial relation-
ships and cultural symbols bearing historical significance and site identity are included as 
constraints in the generation and screening process, so as to avoid replacing important 
heritage information with generic landscape language. Once outputs are produced, their 
spatial-visual plausibility and the effectiveness of cultural representation should be eval-
uated separately. The former focuses on whether building scale, perspective relationships, 
materials, and environmental elements appear visually plausible, whereas the latter con-
cerns whether industrial heritage features, historical spatial relationships, and cultural 
cues remain clearly recognizable. Visual realism does not necessarily imply accurate cul-
tural representation, and adequate representation of cultural elements cannot substitute 
for an assessment of spatial plausibility. Accordingly, the quality of AI-generated outputs 
is better evaluated through an integrated consideration of both visual credibility and cul-
tural continuity. 

The contrasting evaluations of the regeneration schemes provide a potential design 
implication for industrial heritage regeneration. Participants reported higher perceived 
cultural authenticity with the exhibition-oriented scheme and higher affective comfort of 
public space with the shaded relaxation-oriented scheme. This contrast suggests that the 
legibility of heritage and the anticipated everyday spatial experience deserve to be con-
sidered together when developing future alternatives to regeneration. One possible de-
sign approach is to use preserved industrial features and historical spatial relationships 
as references when introducing environmental improvements and public events, and sub-
sequently re-evaluate whether the revised proposal maintains identifiable heritage fea-
tures while improving perceived spatial comfort. In this case, a public evaluation of AI 
visualization alternatives can provide diagnostic feedback for iterative design improve-
ments. However, the present findings do not demonstrate that such an integrated ap-
proach results in greater public support, better environmental performance, or more effi-
cient use of public space. 

Our findings suggest that the use of visual GenAI in industrial heritage regeneration 
should leverage public perception and professional design evaluation. Both provide com-
plementary sources of information. This is especially important when AI-generated im-
ages show a non-professional audience how space may change. Explaining what exists, 
what is envisioned, and the design details that have been validated by professionals can 
help viewers understand the status of each proposal. With these distinctions, visual 
GenAI may help communicate and compare alternative regenerative directions. Design-
ers can utilize public feedback and professional evaluation when refining these proposals. 
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5.6. Research Limitations and Directions for Future Research 

We take Fengtian factory in Shenyang as our research background. We mainly sur-
veyed people aged 18 and above from the general public in Shenyang. All participants 
were provided with the same site information and photographs of the existing conditions 
before evaluating the regeneration schemes. The proposals involve a factory with its own 
industrial history and local culture, a context that may influence the perspective of the 
participants. Historic buildings and other structures still standing in the factory may also 
shape participants’ views. Our data is only from the Fengtian facility, and we have not 
checked these relationships at other facilities. Testing this outside of the Fengtian factory 
means looking at several cities, different types of industrial heritage, and different regen-
eration settings. Future studies may include several cities and a range of industrial herit-
age sites. In addition to local residents and general visitors, these studies may also involve 
design professionals, heritage managers, and other stakeholders. At different sites, re-
searchers can examine whether the assessment factors of these groups differ from each 
other. These variations may be related to field conditions as well as the experience of dif-
ferent groups in judging regeneration recommendations displayed through AI-generated 
images. 

In addition to case-specific considerations, a fixed presentation order may also affect 
comparisons between schemes. All participants saw the visual information in the same 
order when evaluating the regeneration proposal. Even if procedures are consistent be-
tween participants, sequential effects are still possible. Within each scene, S1, S2, and S3 
were always presented in the same order. Therefore, scheme-related differences cannot be 
fully separated from potential effects of presentation position, familiarity, fatigue, or se-
quential comparison. Even if the scene × scheme interaction is not significant, we cannot 
rule out these possible effects. Using current data, we cannot independently determine 
the direction or magnitude of any such effects. These findings reflect how the public eval-
uated regeneration proposals under the standardized presentation conditions of this 
study. They should not be construed as estimates of scheme differences independent of 
the order of presentation. One approach for future research is to maintain scene-based 
evaluation procedure, balance the sequence of schemes within scenes, and change the se-
quence of scenes among participants. 

Better control of presentation order does not eliminate the limitation of sampling only 
a small number of visual stimuli. These limitations still affect how we interpret scheme 
differences. Using common cue criteria, we generate multiple image candidates and ask 
experts to screen them for comparability. Nonetheless, each “scene × scheme” condition 
is represented by only one selected AI-generated image. For the same conditions, we were 
unable to estimate the variation between surrogate images. Nor can we attribute the ob-
served differences solely to the expected regeneration strategy. Some observed differences 
can also reflect accidental changes in lighting, composition, or other image details. Our 
results describe how participants evaluated selected AI-visualized regeneration schemes 
under the conditions of this study. We cannot assume that the results are applicable to 
other visual representations of the same regeneration strategy. 

We systematically compared public assessments of selected regeneration proposals 
in three scenes, yielding empirical evidence. Future work could test the consistency of 
patterns observed for each scheme in different visual representations. This can be 
achieved by independently generating multiple images for each strategy using different 
prompts, generation batches, and generation models. Future studies could complement 
expert screening with an independent recognition task to examine how consistently par-
ticipants distinguish S2 from S3 without scheme labels. When a sufficiently large number 
of stimuli is available, participants and stimuli could be treated simultaneously as random 
sources of variation in cross-classified or other appropriate multilevel models, thereby 
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further distinguishing individual-level variation, stimulus-level variation, and differences 
attributable to design strategies. 

In addition to these experimental-design considerations, interpretation of the rela-
tionships among the variables in this study should remain confined to the level of statis-
tical association. The repeated-measures design and multilevel structural equation mod-
eling account for the non-independence of multiple evaluations provided by the same 
participant and allow the analysis to focus on changes in evaluations as participants en-
counter different visual stimuli. However, perceived cultural authenticity, affective com-
fort of public space, perceived realism, perceived trust in visual representation, and 
scheme support were all measured by self-report items after participants viewed each vis-
ualized scheme. Therefore, important structural pathways and indirect effects alone can-
not establish a chronological order or causal direction in these psychological assessments. 
Future research could independently manipulate cultural cues, levels of visual realism, or 
elements of environmental experience, and combine these manipulations with temporally 
separated measures, longitudinal designs, or multi-stage experiments to more rigorously 
test the directionality of current relational constructs. The associated measurement limits 
also warrant caution. The exploratory first-item shared-variance factor accommodated the 
local residual covariance, but did not identify its source because of the fixed order of items 
and the lack of independent methodological markers. Ignoring this factor greatly deterio-
rates the overall fit of the complete S–O–R model, although the change in direct structural 
path estimation is relatively small. Therefore, the reported association should be inter-
preted according to this exploratory measurement specification and not as a result of 
demonstrating robustness in alternative measurement models. Furthermore, small 
changes in approximate fit indices coexisted with statistically significant robust χ2 differ-
ence tests in selected measurement-invariance comparisons. Therefore, comparisons 
across scheme conditions should be interpreted as supported by approximate measure-
ment comparability rather than exact loading and intercept invariance for all constructs. 
Future studies could balance item sequences, include appropriate methodological mark-
ers, and investigate item-level invariance using pre-specified criteria. 

Even if future research further strengthens experimental control and causal identifi-
cation, the AI visualization medium itself means that the current research addresses a 
form of future spatial evaluation based on visual representations. Static images facilitate 
the standardization of viewpoints and the control of visual conditions, but they cannot 
fully represent movement through real industrial heritage public spaces, embodied scale, 
sound, or experiences accumulated through continued use. Correspondingly, scheme 
support reflects self-reported attitudes developed in response to hypothetical future 
schemes and cannot be directly equated with actual choice, engagement, or long-term use 
behaviors in real regenerative decision-making. Future studies can compare assessments 
of static images, interactive AI-generated environments, virtual reality, and live environ-
ments while incorporating actual scheme selection, behavioral observations, and spatial 
usage data. 

6. Conclusions 
Using the outdoor public space of the Fengtian Factory as the research context, this 

study examined the relationships among three AI-visualized regeneration schemes, pub-
lic psychological evaluations, and scheme support through repeated evaluations. Under 
the stimulus conditions used in this study, the industrial heritage exhibition-oriented 
scheme showed a clear advantage in perceived cultural authenticity, whereas the shaded 
relaxation-oriented scheme showed a clear advantage in the affective comfort of public 
space, suggesting that the selected schemes were evaluated differently in terms of 
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perceived heritage cultural continuity and anticipated affective experience of public 
space. Perceived realism, by contrast, did not differ significantly across the three schemes. 

The structural analysis further showed that perceived cultural authenticity and per-
ceived realism were positively associated with perceived trust in visual representation, 
while perceived trust in visual representation, perceived cultural authenticity, and affec-
tive comfort of public space were positively associated with Scheme Support. Both per-
ceived cultural authenticity and perceived realism showed significant indirect associa-
tions with scheme support through perceived trust in visual representation. However, 
perceived realism did not differ significantly across schemes, and the indirect associations 
between scheme type and scheme support through perceived realism and perceived trust 
in visual representation were not statistically supported. By contrast, differences in per-
ceived cultural authenticity and affective comfort of public space across schemes corre-
sponded to specific indirect associations with support in opposite directions. Thus, alt-
hough ratings differed across the three scheme conditions on several psychological di-
mensions, overall scheme support did not differ significantly. For S2 and S3, these results 
reflect evaluations of the selected images, while participants’ recognition of their intended 
design differences warrants further examination. 

These findings suggest that evaluating AI-visualized industrial heritage regeneration 
schemes should not focus solely on visual realism or the isolated advantage of a particular 
regeneration strategy. Instead, evaluation should consider heritage cultural continuity, 
future public-space experience, and the credibility of AI-generated visual representations 
together. In future applications, visual GenAI may serve not only as a tool for generating 
design renderings but also as a medium for comparing alternative schemes and facilitat-
ing public feedback. Evaluating cultural authenticity, affective comfort, and representa-
tional trust together may help identify opportunities for improving public-space pro-
posals while retaining recognizable industrial heritage characteristics. 
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