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A B S T R A C T

Large language models (LLMs) can generate advisory text on modifying built environments to support health. 
This study examined the ethical properties of a recent LLM generating text on built environments to support 
health. The prompts covered six health-related pathways in higher-income, lower-income, and mixed-income 
neighbourhoods. Overall, 180 answers were coded against four ethical criteria. Non-maleficence was satisfied 
in all answers. Lower-income contexts were rarely offered weaker proposals than higher-income contexts. 
Reference to collective participation and transparent oversight appeared in 70-90% of answers without a budget 
constraint, but only 30-50% under one. The LLM more consistently met minimum expectations for harm 
avoidance and distributive justice than for collective participation and transparent oversight. These findings 
suggest that current LLM outputs may reproduce some baseline ethical conventions in urban design discourse but 
are less reliable on procedural concerns. LLM-generated outputs should therefore be interpreted cautiously 
within existing built environment decision-making processes.

1. Introduction

Interest in urban design as a means to improve population health has 
revived over the last decade (Koohsari and Kaczynski, 2025). This 
renewed focus reflects growing concerns about non-communicable dis
eases, social isolation, and health inequities in urban settings 
(Cacciatore et al., 2025). Urban design shapes the built environment 
that residents experience every day through decisions about density, 
land use, and public spaces, among others. The built environment is a 
modifiable factor in health that operates through behavioural (e.g., 
physical activity, diet) and exposure (e.g., air pollution, heat) pathways 
(Frank et al., 2019; Rajagopalan et al., 2024). Evidence on these 
mechanisms has expanded across epidemiology, public health, and 
urban studies. In parallel, research in this field has increasingly used 
digital tools, such as geographic information systems and simulation 

models, to examine relationships between the built environment and 
health outcomes (Dheekwal et al., 2025; Stankov et al., 2020).

Large language models (LLMs) are a class of artificial intelligence 
(AI) systems that generate text in response to open-ended prompts 
(Brown et al., 2020). LLMs are already used in several fields related to 
health and place, including urban studies, healthcare, and clinical 
medicine (Bedi et al., 2025; Thirunavukarasu et al., 2023; Xia et al., 
2025). In the urban design and planning field, recent studies have 
used LLMs to support participatory planning (Zhang et al., 2025a), 
evaluate urban plans (Fu et al., 2024), examine zoning codes 
(Salazar-Miranda and Talen, 2025), and assist with sustainability 
compliance for high-rise construction (Wong and Loo, 2025). In clinical 
and public health contexts, LLMs have been explored for drafting patient 
summaries (Van Veen et al., 2024), supporting diagnostic reasoning 
(Goh et al., 2024), and detecting disease outbreaks (Kwok et al., 2024). 
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Because LLMs can respond to domain-specific prompts in natural lan
guage, they can generate prescriptive text that states what should be 
done in each situation rather than only providing descriptive summaries 
(Thirunavukarasu et al., 2023; Wu et al., 2024). Their outputs can 
imitate the language and structure of expert advice and may give the 
impression of expert judgement (Bender et al., 2021; Messeri and 
Crockett, 2024). For example, several recent studies have shown that 
LLMs can turn short patient vignettes into concise proposals for diag
nostic steps (Goh et al., 2024; Qiu et al., 2025). Similarly, LLMs can be 
prompted to provide advisory text on how the built environment could 
be modified to improve health (Koohsari et al., 2025). This has practical 
relevance for the built environment field, where such outputs may be 
assumed to reflect expert judgement.

Recent work in urban planning and clinical medicine has raised 
ethical concerns about the use of LLMs in decision-making contexts 
(Haltaufderheide and Ranisch, 2024; Sanchez et al., 2025). For instance, 
using AI tools to inform urban planning decisions can evoke ethical is
sues such as bias, socio-spatial inequity, privacy risk, and reduced 
transparency (Sanchez et al., 2025). In clinical medicine, some studies 
on LLM ethics have identified concerns about fairness, non-maleficence, 
transparency, privacy, and the production of convincing but inaccurate 
information (Haltaufderheide and Ranisch, 2024). The extant literature 
suggests that LLMs should not be treated as neutral tools and that their 
outputs constitute ethically laden recommendations with potentially 
unintended consequences for health (Ong et al., 2024b). Some empirical 
studies in clinical medicine have begun to assess these ethical issues 
when evaluating LLM advice (Esmaeilzadeh, 2025; Zack et al., 2024). 
For instance, Zack et al. (2024) evaluated GPT-4, an LLM related to 
ChatGPT, using clinical vignettes to test whether diagnoses and man
agement plans differed by patient race and gender. They found sys
tematic race- and gender-based differences in both diagnoses and 
management (Zack et al., 2024). These studies show that LLM outputs 
can be examined empirically for ethical variation across contexts. They 
also highlight that the relevant ethical concerns differ across fields of 
use. In built environment research, however, ethical judgement is rarely 
framed only in terms of harm avoidance or fairness of outcomes. It is 
intertwined with public interest, procedural justice in planning, the 
politics of participation, and the legitimacy of expert authority in 
shaping urban futures (Matamanda et al., 2025; McKay et al., 2011). In 
this context, LLM-generated advice enters a field in which ethical 
judgement is historically negotiated through planning institutions, 
professional norms, and design practice rather than being assessed only 
as a technical output. However, ethical questions about LLM-generated 
guidance for the built environment and health have received little 
in-depth investigation. This is also a gap for built environment practice 
because LLMs are increasingly used in planning-related contexts without 
clear evidence on how their outputs address ethical concerns.

To address these gaps, the current study empirically examines the 
ethical properties of advice generated by an LLM on how the built 
environment can be modified to support human health. The analysis 
draws on ethical concerns identified in domains of urban design and 
clinical medicine. The study design was guided by prior literature on 
built environment and health, and by recent works on LLM ethics and 
urban planning. Unlike prior empirical studies that have examined 
ethical issues in clinical contexts, this study focuses on LLM-generated 
built environment advice for health. The study asked whether LLM- 
generated advice on modifying the built environment for health met 
minimum ethical expectations across different neighbourhood income 
contexts and budget conditions.

2. Methods

2.1. Study design

This study used a quasi-experimental design to evaluate the behav
iour of an LLM when prompted to generate advisory text on urban design 

and health. Prompts were constructed to obtain advice from an LLM 
about how the built environment could be changed to support human 
health. The LLM was implemented using ChatGPT, a widely used 
conversational system. ChatGPT is a general-purpose LLM developed by 
OpenAI and made available to the public in 2022. In this study, ChatGPT 
was treated as a source of quasi-expert advisory text on questions about 
the built environment and health. The study did not build, train, or fine- 
tune a model. Instead, it evaluated repeated outputs from an existing 
model under predefined prompt conditions. As elaborated below, 
experimental conditions were defined by variations in health pathways 
and neighbourhood income context, and each distinct combination 
produced one or more text outputs.

2.2. Selection of health pathways and neighbourhood contexts

Health pathways were based on behavioural and exposure mecha
nisms linking the built environment with health proposed by Frank et al. 
(2019). Behavioural pathways included physical activity, dietary intake, 
and social interaction. Exposure pathways covered air pollution, traffic 
safety and crime, and noise. These pathways were selected to capture 
established mechanisms linking built environment features with health. 
They also provided a theory-informed basis for examining 
LLM-generated outputs under different health-related prompt condi
tions. Two relatively homogenous urban neighbourhoods were first 
specified, one higher-income and one lower-income. A third context 
described a mixed-income urban neighbourhood with both 
higher-income and lower-income residential blocks. These income 
contrasts were included to allow comparisons of the ethical properties of 
LLM advice across different socioeconomic conditions.

2.3. Prompt development

Prompt texts were designed to obtain comparable advice on the built 
environment and health across all conditions. All prompts began with 
the same role instruction: “You are an urban design and population 
health adviser.” Two sets of prompts were created. The first set 
comprised 12 prompts, one for each combination of the six health 
pathways and the two neighbourhood income contexts. Each prompt 
included a brief description of the neighbourhood with an income 
descriptor (“a higher-income neighbourhood of a large city” or “a lower- 
income neighbourhood of a large city”) and a short problem statement 
aligned with the relevant behavioural or exposure pathway. The main 
instruction asked ChatGPT to propose changes to the built environment 
and urban design regulations. Guidance directed responses towards four 
aspects of the built environment, identified by Frank et al. (2019): 
transportation infrastructure, land use/walkability, pedestrian envi
ronment, and greenspace. Prompts explicitly asked not to suggest social 
programmes, health education campaigns, clinical care, or general 
taxation policies. Each prompt included a brief cue encouraging human 
oversight. It also asked the model to note when advice might be unsafe 
or too context dependent and to defer final decisions to local pro
fessionals and residents. Answers were restricted to 60-80 words and 
were requested to focus on the most important physical changes. The full 
wording of all prompts is provided in Supplementary A.

The second set included six prompts, one per health pathway, and 
described a single mixed-income neighbourhood with both higher- and 
lower-income residential blocks (Supplementary A). The same role in
struction, problem framing, scope guidance, exclusions, humility cue, 
and word limit were used. An additional element introduced was a 
budget constraint, which stated that city funding cannot support major 
changes in all parts of the neighbourhood at once. Prompts asked 
ChatGPT to indicate which blocks or streets should be prioritised for the 
biggest change and to explain the reasoning behind the prioritisation.
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2.4. LLM configuration and data collection

ChatGPT was accessed through the standard web interface. The 
active model version at the time of data collection was GPT-5.1. Data 
were collected on a single day in November 2025 to limit temporal 
variations in model behaviour. Chat history was turned off before data 
collection. Each prompt was entered in a new chat with no previous 
messages. No follow-up questions, regenerations, or additional system 
instructions were used. Default interface settings were applied, with no 
manual changes made to sampling parameters. Each of the 18 prompts 
was run 10 times to capture variations in outputs. This follows recent 
studies that sample multiple generations per input when evaluating LLM 
behaviour (Gallo et al., 2025; Gu et al., 2025). In the present study, 
repeated runs were used to characterise variation in generated outputs 
under the same prompt conditions. The 12 prompts in set 1 and the six 
prompts in set 2 generated 120 and 60 responses, respectively.

2.5. Ethical evaluation criteria

Each advice text was evaluated on four ethical criteria: non- 
maleficence, distributive justice across socio-spatial contexts (here
after “distributive justice”), collective autonomy and participation 
(hereafter “collective participation”), and transparency, epistemic hu
mility, and human oversight (hereafter “transparent oversight”). These 
criteria were selected based on concerns in LLM ethics in clinical med
icine and in AI applications in urban planning about safety, distributive 
fairness, public involvement, and transparency (Haltaufderheide and 
Ranisch, 2024; Sanchez et al., 2025). They were also chosen to reflect 
established concerns in built environment scholarship about how spatial 
decisions are justified, whose interests are represented, and how expert 
authority is constrained through public and professional scrutiny 
(Leyden et al., 2017).

Non-maleficence assessed whether advice avoided clearly harmful or 
unsafe built environment changes that would worsen the health expo
sure or risk named in the question. In built environment terms, this 
criterion was treated as a minimum safety screen and reflects a basic 
professional baseline rather than a complete ethical judgement. 
Distributive justice across socio-spatial contexts evaluated whether 
lower-income neighbourhoods or blocks were treated at least as 
favourably as higher-income neighbourhoods or blocks. This oper
ationalisation is closer to formal equality than to the equity-based 
reasoning that dominates built environment debates (Seyedrezaei 
et al., 2023). Collective participation considered whether residents or 
communities were recognised as decision-making agents, for example 
through consultation or co-design. Transparent oversight captured 
whether answers acknowledged uncertainty or context dependence or 
indicated that decisions should be reviewed by local professionals or 
residents. In this analysis, non-maleficence and distributive justice 
served as outcome-oriented ethical criteria, and collective participation 
and transparent oversight were procedural ethical criteria (Devon and 
Van de Poel, 2004). Each criterion was coded as a binary outcome 
(1 = criterion satisfied, 0 = criterion not satisfied). All 180 answers were 
coded independently by two co-authors (JL and JZ), both with training 
in urban design and public health. Coding was based on the written 
answers using a predefined coding protocol and example (Supplemen
tary B). Disagreements were resolved by discussion until consensus was 
reached.

2.6. Statistical analysis

Descriptive statistics were used to summarise the four ethical criteria 
for both prompt sets. For set 1, the unit of analysis was the individual 
answer, defined as a single LLM output to a single prompt. Proportions 
of answers satisfying each criterion were calculated for all 120 answers 
and stratified by neighbourhood income (higher-income versus lower- 
income). To examine distributive justice in set 1, the unit of analysis 

was the paired higher-income and lower-income answers for the same 
pathway and run, giving 60 answer pairs in total (6 pathways × 10 
runs). The proportion of pairs satisfying distributive justice was esti
mated with 95% confidence intervals (95% CIs), and an exact binomial 
test with a null value of 0.50 was used as an exploratory check to assess 
whether the observed proportion differed from chance. Within-pair 
differences in collective participation and transparent oversight were 
described by classifying each pair into four categories: both answers 
satisfied the criterion, neither satisfied it, only the higher-income answer 
satisfied it, or only the lower-income answer satisfied it. McNemar's test 
was applied to discordant pairs.

For set 2, the unit of analysis was the individual answer (60 answers 
in total). Proportions and 95% CIs were calculated for all four criteria. 
For the allocation-based distributive justice outcome, an exact binomial 
test with a null value of 0.50 was applied. To examine differences in 
ethical performance between the two prompt sets, secondary analyses 
compared non-maleficence, collective participation, and transparent 
oversight between sets 1 and 2 using Pearson χ2 tests on two-by-two 
tables. Because each prompt was run 10 times, answers from the same 
prompt represent repeated observations rather than independent data 
points. Proportions and CIs are therefore presented as descriptive sum
maries of model behaviour under the specified prompts, and all hy
pothesis tests were interpreted as exploratory.

To assess the influence of repeated runs per prompt, a sensitivity 
analysis was undertaken using prompts as the unit of analysis. For each 
prompt, a majority-rule indicator was created for non-maleficence, 
collective participation, and transparent oversight. A majority-rule in
dicator was also created for distributive justice, using higher-lower in
come neighbourhood pairs in set 1 and allocation decisions in set 2. 
These indicators were coded as satisfied if at least eight of ten runs met 
the criterion. Key descriptive summaries and income contrasts were 
recomputed using these prompt-based indicators to assess whether 
repeated runs per prompt altered the overall pattern of results. All an
alyses were conducted using SPSS 29 (SPSS Inc., Chicago, IL).

3. Results

3.1. Overview of advice texts and coding outcomes

The two prompt sets generated 180 advice texts in total (120 in set 1 
and 60 in set 2). Non-maleficence was satisfied in 180 of 180 answers 
(100.0%). Distributive justice was evaluable for 60 paired answers in set 
1 and for 60 answers in set 2; overall, 110 of 120 evaluable units (91.7%) 
satisfied this criterion. Collective participation was coded in 109 of 180 
answers (60.6%). Transparent oversight cues were present in 136 of 180 
answers (75.6%). Frequencies for non-maleficence, collective partici
pation, and transparent oversight by prompt set and neighbourhood 
income context are summarised in Table 1. The distributive justice cri
terion for set 1 was assessed using higher-lower income answer pairs and 
is presented separately in Table 2.

Table 1 
Ethical coding outcomes for individual answers by neighbourhood income 
context and prompt set.

Prompt set and 
context

n Non- 
maleficence n 
(%)

Collective 
participation n 
(%)

Transparent 
oversight n 
(%)

All answers 180 180 (100) 109 (60.6) 136 (75.6)
Set 1 - higher- 

income 
neighbourhood

60 60 (100.0) 40 (66.7) 50 (83.3)

Set 1 - lower-income 
neighbourhood

60 60 (100.0) 48 (80.0) 58 (96.7)

Set 2 - mixed- 
income, budget- 
constrained 
neighbourhood

60 60 (100.0) 21 (35.0) 28 (46.7)
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3.2. Ethical properties of advice across neighbourhood income contexts

Set 1 included 60 answers for higher-income and 60 answers for 
lower-income neighbourhoods. As shown in Table 1, non-maleficence 
was satisfied in 60 of 60 higher-income answers (100.0%) and 60 of 
60 lower-income answers (100.0%). Collective participation was coded 
in 40 of 60 higher-income answers (66.7%; 95% CI [54.0, 79.0]) and 48 
of 60 lower-income answers (80.0%; 95% CI [70.0, 90.0]). Transparent 
oversight was coded in 50 of 60 higher-income answers (83.3%; 95% CI 
[74.0, 93.0]) and 58 of 60 lower-income answers (96.7%; 95% CI [92.0, 
100.0]).

Paired analyses used the 60 higher–lower income neighbourhood 
pairs. Non-maleficence was satisfied in both answers in all 60 pairs 
(100.0%). For distributive justice, the criterion was satisfied in 51 of 60 
pairs (85.0%; 95% CI [76.0, 94.0]; exact binomial test p < 0.001). For 
collective participation, 32 pairs (53.3%) showed participation in both 
answers, four pairs (6.7%) in neither answer, eight pairs (13.3%) only in 
the higher-income answer, and 16 pairs (26.7%) only in the lower- 
income answer (McNemar's test p = 0.15). For transparent oversight, 
49 pairs (81.7%) showed transparent oversight cues in both answers, 
one pair (1.7%) in neither answer, one pair (1.7%) only in the higher- 
income answer, and nine pairs (15.0%) only in the lower-income 
answer (McNemar's test p = 0.02) (Tables 2 and 3).

3.3. Ethical properties of advice under budget-constrained prioritisation

Set 2 comprised 60 answers for a mixed-income neighbourhood in 
which major built environment changes had to be prioritised under a 
budget constraint. As shown in Table 1, non-maleficence was satisfied in 
60 of 60 answers (100.0%). Distributive justice was satisfied in 59 of 60 
answers (98.3%; 95% CI [95.0, 100.0]; exact binomial test p < 0.001) 
(Table 2). Collective participation was coded in 21 of 60 answers 
(35.0%; 95% CI [23.0, 47.0]) (Table 1). Transparent oversight was 
coded in 28 of 60 answers (46.7%; 95% CI [34.0, 60.0]) (Table 1).

3.4. Comparison between prompt sets

We also compared responses between prompt sets to examine po
tential effects of including a budget constraint in the prompt (set 2). 
Across all 180 answers, non-maleficence was satisfied in 100.0% of set 1 
answers and 100.0% of set 2 answers. Collective participation was coded 
in 73.3% of answers in set 1 and 35.0% in set 2 (χ2 = 24.6, p < 0.001). 
Transparent oversight was coded in 90.0% of answers in set 1 and 46.7% 
in set 2 (χ2 = 40.7, p < 0.001). These between-set comparisons were 

treated as exploratory because multiple answers were generated for each 
underlying prompt. Sensitivity analyses that aggregated the 10 runs for 
each prompt into majority-rule indicators produced proportions and 
contrasts consistent with those based on individual answers. This sug
gests that clustering of runs within the prompt did not affect the main 
pattern of findings.

4. Discussion

4.1. Main findings

This study examined the ethical properties of advice generated by an 
LLM, ChatGPT, when it was asked to propose modifications to the built 
environment to support residents' health. The prompts covered different 
neighbourhood income contexts and budget conditions. The assessment 
drew on four shared ethical concerns in urban planning and medicine, 
including non-maleficence, distributive justice, collective participation, 
and transparent oversight (Haltaufderheide and Ranisch, 2024; Sanchez 
et al., 2025). Across these criteria, ChatGPT showed a mixed pattern. It 
consistently avoided clearly harmful recommendations and did not 
disadvantage lower-income neighbourhoods. In contrast, it paid less 
attention to procedural ethical concerns such as involving residents and 
acknowledging uncertainty. These findings are important in built envi
ronment research where ethical judgement is shaped by both the content 
of spatial proposals and the ways decisions are justified, scrutinised, and 
made legitimate through planning processes (Durrant and Kossberg, 
2023; Watson, 2006). Similar procedural ethical concerns, including 
limited stakeholder participation, transparency of limitations, and 
human oversight, have been identified in the application of LLMs in 
urban planning (Raymond et al., 2025; Zheng et al., 2025). A recent 
overview of ethical challenges of LLMs in medicine also highlighted 
substantial concerns about limited transparency of model reasoning, the 
risk of hallucinated content, and the need for human oversight (Ong 
et al., 2024a). To our knowledge, this is the first ethical assessment of 
LLM-generated urban design advice for promoting residents’ health.

4.2. Non-maleficence and distributive justice

This study found that the non-maleficence criterion was satisfied in 
all answers, across neighbourhood income contexts and budget condi
tions. Recent LLMs, including ChatGPT, undergo safety alignment using 
reinforcement learning from human feedback, which discourages obvi
ously harmful content (Ouyang et al., 2022). The urban design and 
public health literature has long treated the built environment as a 
means of reducing safety risks, such as traffic crashes and air pollution 
(Dannenberg et al., 2003; Frumkin, 2002). These norms are likely re
flected in LLMs' training data. In this study, the prompts assigned the 
LLM the role of an urban design and population health adviser and asked 
it to advise on how to improve residents’ health. This framing is close to 
professional expectations in urban design and public health and likely 
encouraged advisory responses that avoided obvious harms. In the 
context of built environment research, however, this finding should be 
interpreted as meeting a minimum professional safety baseline rather 
than as a complete ethical judgement. At the same time, 
non-maleficence was coded as a binary judgement and could not detect 

Table 2 
Distributive justice outcomes by prompt set.

Prompt set n Distributive 
justice satisfied n 
(%)

95% CI Exact 
binomial p- 
value n (%)

Set 1 - paired answers 60 51 (85.0) [76.0, 
94.0]

p < 0.001

Set 2 - mixed-income, 
budget-constrained 
neighbourhood

60 59 (98.3) [95.0, 
100.0]

p < 0.001

Table 3 
Collective participation and transparent oversight patterns for higher-lower income neighbourhood pairs in set 1 (n = 60).

Criterion Both answers n (%) Neither answer n (%) Higher-income only n (%) Lower-income only n (%) McNemar p-value

Collective participation 32 (53.3) 4 (6.7) 8 (13.3) 16 (26.7) 0.15
Transparent oversight 49 (81.7) 1 (1.7) 1 (1.7) 9 (15.0) 0.02

Note. Each row summarises 60 pairs of answers, one for a higher-income neighbourhood and one for a lower-income neighbourhood. “Both answers” means the 
criterion was present in both answers in the pair. “Neither answer” means it was absent in both. “Higher-income only” and “lower-income only” mean that the criterion 
was present only in the answer for the higher-income or lower-income neighbourhood, respectively. McNemar p-values test the difference between the “higher-income 
only” and “lower-income only” categories.
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subtle or long-term risks. These results suggest that health-oriented 
urban design prompts can direct LLMs to function as a basic content 
filter against clearly hazardous built environment proposals. However, 
this is not a sufficient condition for ethically robust or health-promoting 
design actions, since the non-maleficence criterion, as coded in this 
study, does not consider context-specific situations, longer-term risks, or 
wider political and distributive consequences. For example, improving 
walkability in a lower-income neighbourhood may appear to be safe 
advice. Nevertheless, such changes can contribute to housing unaf
fordability (Christie et al., 2023; Koschinsky and Talen, 2015), and, over 
time, to the displacement of poorer residents to areas with even less 
health-supportive environments. In practice, all urban design advice 
generated by LLMs still requires safety assessment and broader ethical 
review by trained urban designers and public health professionals. 
Future studies are needed to test LLMs with more demanding prompts to 
assess place-based safety over longer periods.

In this study, the distributive justice criterion also showed strong 
performance across both prompt sets. In each higher-lower income 
neighbourhood pair in set 1, and for the lower-income blocks within the 
mixed-income neighbourhood in set 2, lower-income neighbourhood 
contexts were rarely treated less favourably than their higher-income 
counterparts in the extracted advice. Clear labelling of neighbourhood 
income contexts in the prompts may have supported this pattern. Cur
rent evidence in the built environment and health seldom specifies or 
evaluates distinct “gold standard” physical designs for higher- and 
lower-income neighbourhoods that face the same public health issue 
(Smith et al., 2017). An LLM trained on this literature is therefore un
likely to invent income-specific built environment changes to promote 
health for different income contexts. Equity-oriented urban and trans
portation planning scholarship, however, often argues for prioritised 
resource allocation to disadvantaged areas to address their historic un
derinvestment (Krapp et al., 2021; Loh and Kim, 2021). The present 
study adopted a narrower ethical expectation of distributive justice 
focused on a minimum standard: it checked that lower-income neigh
bourhoods did not receive weaker built environment proposals than 
higher-income neighbourhoods facing the same health problem. Strong 
performance on this criterion indicates that, under the prompts used 
here, the model did not produce a simple income-based disadvantage in 
its written advice. It does not, however, show that the model reasoned in 
ways that would prioritise disadvantaged areas in response to greater 
need or historic underinvestment. For urban design and health practice, 
this suggests that, with similar prompts, LLM-generated advice may help 
avoid obvious downgrading of solutions for disadvantaged areas. 
However, the present study cannot test whether the scale and pace of 
recommended built environment changes are sufficient to reduce the 
observed health and resource gaps between different areas. Future work 
in urban design and public health research should therefore test prompts 
and equity indicators that reflect baseline conditions and constraints of 
existing neighbourhoods.

4.3. Practical and social implications

In this study, collective participation and transparent oversight 
criteria were present in many answers, but less frequently than non- 
maleficence and distributive justice. Meeting the procedural ethics 
criteria in this study required clear references to residents, stakeholders, 
uncertainty, or human oversight. Studies show that current LLMs tend to 
produce confident technical outputs and fail to appropriately express 
uncertainty that might necessitate participation and oversight (Griot 
et al., 2025; Steyvers et al., 2025). The present study also found that 
the proportion of answers satisfying these procedural criteria declined 
sharply in the budget-constrained prioritisation prompts (set 2) 
compared with the prompts that did not include a budget constraint (set 
1). In the budget-constrained prompts, the prompts framed the task as 
selecting and justifying a limited set of built environment changes under 
a shared budget constraint (e.g., which street design improvements 

should be prioritised). In this setting, ChatGPT tended to use the avail
able answer space to specify which built environment actions should be 
funded and why, leaving less room to mention residents or oversight. 
This is consistent with evidence that LLM behaviour is highly sensitive to 
prompt framing (Germani and Spitale, 2025; Zhang et al., 2025b). These 
findings have direct implications for the built environment and health 
field. Urban planning research has long recognised tensions between 
participation and decision efficiency, especially when limited resources 
require decisions about priority (Calderon et al., 2024; Kahila and Kyttä, 
2009). The decline in participation and oversight under budget con
straints may suggest a more technocratic pattern in the model's outputs. 
Under conditions of scarcity, built environment decisions still involve 
questions of public interest, legitimacy, and the role of expertise (Araos, 
2023; Herkes and Zouridis, 2023). The relative absence of community 
participation in LLM-generated advice for urban design for health may 
lead to built environment recommendations without contextual under
standing or sufficient democratic legitimacy. Future studies should test 
prompting strategies and protocols that foreground residents' feedback 
when LLMs support urban design decisions for health. Relatedly, 
ChatGPT was also inconsistent about flagging “what it did not know”. 
This may lead to decision-makers’ overconfidence about the validity of 
LLM-based advice in designing neighbourhoods for health. Comparable 
concerns have been reported in the construction sector by Wong and Loo 
(2025). They found that domain-specific LLM systems for sustainability 
compliance in high-rise construction still required a “human-
in-the-loop” review protocol to prevent misinterpretation of regulatory 
standards. Similar to work in other fields (Albadarin et al., 2024; Lucas 
et al., 2024), developing frameworks to include a “human-in-the-loop” 
for LLM-based built environment and health decisions remains neces
sary. Therefore, LLM-generated outputs are best understood as advisory 
inputs within urban design and planning processes, which require pro
fessional judgement, participatory scrutiny, and institutional review.

4.4. Limitations and future research

This study has several limitations. Only one LLM (ChatGPT 5.1) was 
assessed through the standard web interface on a single day with default 
settings. This limits generalisability to other LLMs and cannot account 
for version updates or configuration changes. Ethical properties were 
coded as binary outcomes, which may not capture finer distinctions. 
Advice texts were also limited to 60-80 words, which may have con
strained participation and oversight language. Additionally, this study 
evaluated written recommendations under controlled prompt condi
tions rather than real-world planning processes. The findings therefore 
should not be interpreted as evidence of how LLMs would perform 
within actual planning institutions, consultation processes, or statutory 
decision-making. Given that digital technologies are expected to play an 
increasing role in future built environment and health research and 
practice, future studies should test these ethical dimensions when LLMs 
are used in real-world decision-making settings, such as neighbourhood 
redevelopment and urban regeneration, to support health-supportive 
built environments.

5. Conclusions

In this study, LLM-generated advice on urban design for health met 
some, but not all, of the ethical expectations examined under the specific 
prompts and tasks used. The advice did not clearly propose harmful built 
environment changes and did not show a simple income-based disad
vantage in its recommendations. In contrast, references to collective 
participation and transparent oversight were less frequent and declined 
further in the budget-constrained prompts, which are most relevant to 
real-world urban design decision-making about neighbourhood priori
tisation. These findings suggest that current LLM outputs may reflect 
some baseline ethical expectations in built environment practice but are 
less consistent in addressing the procedural concerns that are central to 
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urban planning ethics. Therefore, their use in urban design for health 
requires careful interpretation within existing professional, participa
tory, and institutional processes. One remaining question for future 
research is how changes in prompts, model design, and governance ar
rangements influence the ethical performance of LLM-generated advice 
on designing built environments to support health.
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