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Large language models (LLMs) possess robust comprehensive capabilities for addressing complex problems and
have increasingly been applied to better elucidate urban phenomena. Amid the surge of LLMs, there is an urgent
need for urban researchers to understand how previous works have integrated LLMs across various disciplines. In
this paper, we conduct a systematic review of 233 articles focusing on the application of LLMs in urban studies,
analyzing the developing tendencies using information extracted from articles with the aid of a customized
Generative Pre-trained Transformer (GPT) assistant and giving in-depth reviews across different subfields. The
findings highlight an exponential growth in related research over the past six years, with LLMs being applied to
diverse scenarios such as text analysis and generation, domain knowledge question-answering as well as field-
related task. Besides, GPT-based and Bidirectional-Encoder-Representations-from-Transformers-based (BERT-
based) have emerged as the two mostly used models, with embedding and fine-tuning being the predominant
methods for data processing and model adaptation. Additionally, the paper also addresses common concerns
about LLMs and identifies future research opportunities in urban studies. This comprehensive analysis aims to
provide valuable insights for researchers exploring the application of LLMs in urban studies and for those who

have yet to begin utilizing them in their research.

1. Introduction

Cities, serve as dynamic hubs where diverse populations converge,
interact, and innovate, have led to complex phenomena and patterns
behind their physical spaces (Bettencourt & West, 2010). The prolifer-
ation of big data and machine learning technologies has unlocked un-
precedented opportunities to mine urban data for gaining insights into
these patterns (Batty, 2013), helping to interpret the complexity of
urban systems arising from the myriad interactions among their com-
ponents (Batty, 2008). These advancements have also expanded urban
researchers' analytical capabilities and fostered targeted urban in-
terventions, giving rise to data augmented planning and design (Long &
Zhang, 2021).

Deep learning, a representative technology set of machine learning,
has revolutionized urban data processing and interpretation in the
recent ten years. Deep learning models, such as convolutional neural
networks (CNNs) and recurrent neural networks (RNNs), have been
utilized to capture the spatial and temporal dependencies inherent in
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urban phenomena like urban street quality (Chen, Chen, et al., 2023;
Chen, Hu, et al., 2023; Chen, Wang, & Xu, 2023; Tang & Long, 2019) and
urban shrinkage (Wang & Long, 2023). While deep learning models
have been highly successful in processing structured data and identi-
fying patterns in spatial-temporal urban dynamics (Zheng et al., 2014),
their capacities to handle unstructured, text-heavy data remain con-
strained. Since traditional deep learning models require a large amount
of annotated data which is often time-consuming, their performance on
these specific tasks is usually unsatisfactory due to limited generaliza-
tion capabilities of models (LeCun et al., 2015).

Since its introduction in 2017, the Transformer architecture has
addressed long-range dependency challenges through a multi-head self-
attention mechanism and an encoder-decoder framework for sequence-
to-sequence tasks (Vaswani et al., 2017). Building on this foundation,
Bidirectional Encoder Representations from Transformers (BERT) uti-
lizes only the encoder stack and adopts a masked language modeling
objective combined with next-sentence prediction to learn deep, bidi-
rectional contextual embeddings, which makes BERT particularly well-
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suited for natural language understanding tasks such as sentiment
classification, question answering, and named entity recognition (NER)
(Bommasani et al., 2021; Devlin et al., 2019). In contrast, Generative
Pre-trained Transformer (GPT) leverages only the decoder stack in an
autoregressive fashion, optimizing a causal language modeling objective
that predicts the next token in a sequence and excels at text generation
tasks including free-form composition, summarization, and conversa-
tional response generation (Bommasani et al., 2021; Radford et al.,
2019). These divergent designs influence model adaptation strategies:
BERT typically incorporates lightweight task-specific output layers atop
its encoder and is fine-tuned on labeled datasets, whereas GPT models
are often adapted through prompt engineering or reinforcement
learning from human feedback (RLHF) to align the generative outputs
with downstream requirements (Brown et al., 2020).

In addition to Transformer, the increased computational power
(Shalf, 2020) and the availability of vast datasets (Naveed et al., 2024)
also triggered significant breakthroughs in language models, arousing
the prevalence of applying large language models (LLMs) in various
domains (Topsakal & Akinci, 2023). Trained on vast amounts of data,
LLMs are capable of understanding and generating text based on the
knowledge they learnt from training period and can approximate
human-level performance on various tasks (Wang et al., 2019). The
emergence of LLMs has been instrumental in revolutionizing quantita-
tive analysis (Ma et al., 2023; Topsakal & Akinci, 2023) and has paved
the way for new research paradigms.

Despite the beginning stage, LLMs have already had profound re-
lationships with urban studies, as we will confirm in this article later. For
instance, LLMs have been utilized to conduct text analysis tasks
including semantic analysis and topic modeling (Chen, 2024; Fu, San-
chez, et al., 2024; Fu, Wang, & Li, 2024; Saito & Haruyama, 2023), to
analyze spatial-temporal data patterns and to help predict the tendency
of humans and traffics mobility (Haydari et al., 2024; Li, Chen, et al.,
2024; Li, Feng, et al., 2024; Li, Hu, et al., 2024; Li, Huang, et al., 2024;
Li, Shi, & Li, 2024; Li, Tran, et al., 2024; Zhang, Han, et al., 2023; Zhang,
Shah, & Han, 2023; Zhang, Sun, et al., 2023). Other relevant applica-
tions in urban studies include land-use analysis (Guo et al., 2024), scene
generation (Deng et al., 2024), public event simulation (Xiao et al.,
2023) and so on. Undoubtedly, the trend of applying LLMs in urban
studies is expected to continue, as they function as invaluable tools for a
wide array of applications from research to everyday tasks (Makridakis
et al., 2023).

Therefore, there is an urgent need for urban researchers to under-
stand and trace how previous works have incorporated LLMs across
various fields in different contexts and purposes. Despite the awareness
of reviewing application of LLMs in urban studies, many articles provide
only a brief mention of future directions in their outlook sections (Chen,
Liang, et al., 2024; Chen, Zhang, et al., 2024; Wu et al., 2024) or focus
narrowly on a single sub-field instead of considering the broader land-
scape of interactions between LLMs and urban studies (Ullah et al.,
2024; Zhang, Li, et al., 2024; Zhang, Liu, et al., 2024; Zhang, Sun, et al.,
2024). Thus, this has consequently led to a notable research gap in the
in-depth exploration of the application of LLMs in urban research, and
we propose three research questions:

Research Question 1 (RQ1). What are the developing tendencies and
scenarios of LLMs' application in urban studies?

Research Question 2 (RQ2). Which LLMs are most used in urban
studies and in what ways?

Research Question 3 (RQ3). How are LLMs being applied across
different fields of urban studies and what are the similarities and
differences?

Through a systematic literature review, this paper aims to provide a
comprehensive and objective view of the advancements of LLMs'
application in urban research. By synthesizing evidence from multiple
researches, we hope to offer valuable resources for researchers looking
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forward to applying LLMs in city-related studies, while also providing a
comprehensive reference for those who are yet to familiarize themselves
with these methods.

The remainder of this paper is organized as follows. Methodology
outlines the methods of the systematic literature review including
database sources selection, the choice of search terms, screening criteria
and data extraction methods. Results provides an in-depth review of the
included literature, offering insights into the current state of applica-
tions. Furthermore, we discuss the limitations and concerns about LLMs
and propose the possible potential future directions. Finally, we
conclude the paper.

2. Methodology

As a thorough, transparent, and effective method for collecting,
analyzing, and synthesizing existing work (Fink, 2019), the compre-
hensive literature review serves as a reliable description of past research,
from which other researchers might seek inspiration and use to position
their own research (Yan, Mai, et al., 2024; Yan, Wen, et al., 2024). Based
on Fink's (2019) guidelines and process, this paper conducts the sys-
tematic literature review by following five steps, aiming to answer RQs
raised above. The five steps include selecting database sources, choosing
appropriate keywords, establishing screening criteria, extracting struc-
tured data, and synthesizing analysis results (Fink, 2019). The selection
process is illustrated in Fig. 1.

2.1. Selecting database sources

The Web of Science (WoS) was chosen as the database source. WoS is
the world's oldest, most widely accepted and authoritative database of
research publications and citations, encompassing a vast array of jour-
nals (Birkle et al., 2020). Besides, it also includes publications from
open-access repositories such as arXiv, an important platform contain-
ing many insightful and cutting-edge studies leveraging LLMs.

2.2. Choosing appropriate keywords

The literature search terms consisted of two parts, urban studies and
LLM. Due to the complexity of city systems and locality of different
cities, urban studies are blurry academic definition without bounded
academic disciplines (Bowen et al., 2010). Considering these, we
deemed it appropriate to include articles with themes containing
“urban”, “city” or “building” to cover the relevant literature. Addition-
ally, to avoid missing articles containing specific LLM technologies
without explicitly mentioning the exact word “LLM”, we included full
names and abbreviations of typical LLMs. These include GPT and BERT,
two models playing a significant role in the history of LLMs' develop-
ment (Zhou et al., 2023). The final search terms used were (“urban” OR
“city” OR “building”) AND (“Large Language Model” OR “LLM*” OR
“Generative Pre-Trained Transformer” OR “GPT*” OR “ChatGPT” OR
“Bidirectional Encoder Representations from Transformer” OR “BERT”)
(ChatGPT is a family of powerful LLMs developed by OpenAl).

2.3. Establishing screening criteria

We restricted our literature search to the past decade in order to
better capture the developmental trajectory of LLMs. Besides, we only
focused on the documents written in English available for downloading.
The document types include articles, preprints, conference papers, re-
view articles and book sections. Therefore, the additional search syntax
is as follows: 1) Publication year: 2015-01-01 to 2025-04-01, 2) Lan-
guage: English, 3) Document types: article, preprint, conference paper,
review article, book section, 4) Accessibility: full-text access. We con-
ducted the following screening process manually. After this step, 5127
articles were selected.

We established criteria to determine the inclusion of studies, and the
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Fig. 1. Workflow of systematic literature review for application of LLMs in urban studies.

literature selected for this review should meet the following criteria:

1. It pertains to the field of urban studies. Given the dual meaning of the
term “building” as both a noun (referring to a structure) and a verb
(referring to the act of construction), it is anticipated that many ar-
ticles in computer science domain focusing on the construction of
LLMs should be excluded. To elucidate ambiguous meanings and
refine the blurry boundaries of urban study, we categorized urban
studies into five fields by consolidating the seven fields of study
proposed by other researchers (Zou et al., 2025). This method en-
sures a comprehensive coverage of the core areas of urban studies,
thereby addressing key theoretical and empirical aspects of the
discipline. The five thematic categories are as follows.

a) Urban sociology and economics: it encompasses branches such as
sociology, examining the development patterns of urban areas
and the lifestyle of urban inhabitants (Castells, 1976), and econ-
omy, analyzing the spatial arrangements of households, busi-
nesses, and capital in urban areas as well as their interactions
(O'Sullivan, 2012).

Urban management and public policy: it encompasses the

comprehensive management measures taken by governments and

non-governmental organizations to address urban and regional
issues (Chakrabarty, 2001), as well as the regulations formulated

for them (Wang, 2018).

Urban planning and design: it is a broad term that refers to the

comprehensive deployment, arrangement, and management of

urban spatial layout, land use, and construction to achieve certain
social and economic development goals (Hall, 2014). We
restricted it to studies focusing status, features and designs related

to physical or virtual urban spaces (Graham & Marvin, 2002).

Urban transportation: it mainly includes the movement of people

and goods within or between urban areas (Paganelli, 2019), with

research on urban mobility also included.

Urban environment and energy: it focuses on the production,

distribution, use of energy, and its environmental impact within

urban areas (Santamouris, 2013), encompassing both macro-level

b)

—

C

d

=

e)

research like climate change and micro-level research such as
perceptions of the built environment.

2. The article utilizes at least one type of LLMs in its methodology
section. This step is crucial since some articles use the word “LLM”
but refer to other research subjects such as “local labor market” or
“local linear model”.

3. The LLMs serve as primary analytical tools or integral parts of the
framework in the article. This implies that articles using LLMs solely
as a comparative baseline would be excluded. Besides, it is worth
noting that some articles conducting comprehensive testing of
advanced LLMs are included, for their insights into the application
scenarios and opinions about future development.

We firstly applied criteria by screening titles and abstracts in the
initial pool and excluded 4791 articles, leaving 336 behind. After full-
text screening, 97 articles failing to meet the criteria as well as 20
literature reviews were excluded. Finally, 14 additional articles were
added through forward and backward citation searches, resulting in 233
eligible articles for data extraction. Notably, although we initially
applied a ten-year time span for articles selecting, all eligible studies
identified were published from 2020 onward, as the architectural
foundation of LLMs, Transformer, was only proposed in 2017 and LLMs
began to gain prominence in recent years. As a result, our review ulti-
mately places greater emphasis on the developments of LLMs in the past
six years.

2.4. Extracting structured data

Although quality assessment is critical to maintain methodological
rigor (Siering et al., 2021), this step is not required in every form of
literature review (Bendig & Braunche, 2024). To accommodate the
literature as much as possible, we omitted this step.

Previous scholars have applied a mixed-coding approach using a
customized GPT to extract relevant data from literature with satisfactory
results (Bendig & Braunche, 2024). Drawing on their approach, we
proposed a detailed analysis framework and conducted structured data
extraction with the assistance of tailored GPT. As shown in Table 1, the
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Table 1
Structured data extraction framework for LLM-related articles in urban study.

Dimension Category

Field of study Urban sociology and economics / Urban governance and public
policy / Urban planning and design / Urban transportation /
Urban environment and energy

Text classification / Topic modeling / Sentiment analysis /
Scene generation / ......

Modality alignment / Embedding

Fine-tuning / Prompt engineering (Zero-shot / Few-shot) /
Integration

BERT-Base / GPT-2 / GPT-3.5 / LLaMA-2 / From scratch / ......

Application
scenario

Data processing

Model adaptation

Pre-trained
model

framework consisted of five dimensions including field of study, appli-
cation scenario, data processing, model adaptation and pre-trained
model with several categories. Detailed descriptions of dimensions are
shown in Appendix A.

We used OpenAl's GPT-40 to build an assistant named “LLMs in
Urban Study: Literature Review Analyzer”. Specifically, we accessed
OpenAl's GPT builder platform (OpenAl, n.d.) to name the assistant and
describe its intended functionalities. We meticulously incorporated the
established analysis framework into detailed instructions, guiding the
assistant to extract structured data from the portable document format
(PDF) of each reviewed article and systematically present the results in
tabular form. During interaction, the document of each article was
provided manually to the assistant in the chat interface by research team
and the assistant automatically returned the structured classifications.
The detailed configuration of our customized GPT assistant is shown in
Appendix B.

To assess the reliability of the assistant, we further conducted a
human validation of its outputs. A total of 30 papers were randomly
sampled from the full dataset of 233 articles, covering all five thematic
categories. For each paper, expert reviewers manually evaluated the
assistant's classification results across three key analytical dimensions:
data processing method, model adaptation strategy, and type of pre-
trained model. The dimensions of field of study and application sce-
nario were excluded in this evaluation, as their accurate interpretation
often requires domain-specific expertise knowledge. Each result was
assigned a binary score based on consistency with expert judgment, and
the assistant turned out to achieve an overall accuracy of 88.89 %,
indicating a generally high level of agreement and applicability.
Considering the alignment between expert and assistant is not flawless,
we ultimately conducted a manual revision of each paper's results,

(a) Publication year of reviewed articles over the past six years

120

100

60

L

Number of articles

0 — —
2020 2021 2022 2023

Year

m Urban sociology and economics m Urban governance and public policy
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according to the outputs provided by the GPT assistant.

2.5. Synthesizing analysis results

Based on the extracted data, we synthesized the applications of LLMs
in different fields of urban studies. We also observed the main contri-
butions, limitations, and future works of each article.

3. Results

The selected articles turned out to demonstrate that LLMs have been
applied across various domains and scenarios, equipped with targeted
data processing methods and model adaptation techniques. Hence, we
first conducted a descriptive analysis from perspectives of five aspects
raised above to gain a cross-domain understanding.

3.1. Descriptive analysis

Firstly, Fig. 2 illustrates the publication year of selected LLM-related
articles and the number of articles in different fields of study. Articles
utilizing LLMs in urban studies have emerged since 2020, with an
obvious exponential growth tendency in number in the recent six years.
The applications were relatively few in the early years such as 2020 and
2021 but witnessed a surge since 2023. Besides, the number of appli-
cations varies widely between different fields. Early applications
focused primarily on fields like urban sociology and economics as well as
urban environment and energy attribute to the abundant textual mate-
rials provided by social media data, while later LLMs were applied in
domains including urban transportation, urban management and public
policy, and urban planning and design, resulting in notable difference
among the number of articles in different fields. The urban trans-
portation field has the highest number of articles, three times bigger
than that of urban sociology and economics.

Focusing on the specific scenarios of LLMs' applications across
various fields shown in Fig. 3, it becomes evident that the applying
scenarios are quite widespread. Notably, a large proportion of the ap-
plications, as expected, are related to text analysis and generation tasks
such as sentiment analysis, text classification and named entity recog-
nition. Additionally, in fields like urban transportation and urban
environment with multimodal data and complex system decisions, there
are also numerous field-related application scenarios including human
mobility analysis, traffic flow prediction, traffic systems managing,
geocoding, and street space perception, as we elaborate in the following
sections. Lastly, knowledge-based Q&A are frequently mentioned in

(b) Number of articles in differernt
fields of study

w
by

2024 2025 0 10 20 30 40 50 60 70 80 90
Number of articles
Urban planning and design

Urban transportation ® Urban environment and energy

Fig. 2. Publication year of LLM-related articles and the number of articles in different fields of study.
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Fig. 3. Illustration of the association between urban research fields and LLMs application scenarios.

these articles as well, demonstrating widespread research interest in
exploring these models' potential. This includes the behaviors that re-
searchers testing the performance of domain-specific models they have
trained themselves and the evaluations of the base models' capabilities
with specialized domain questions.

Subsequently, Fig. 4 illustrates the current landscape of data pro-
cessing and model adaptation methods across various fields in the
selected LLM-related articles. It is revealed that LLMs are widely
employed in constructing embeddings and fine-tuning to enhance their
performance. Embedding construction is widely used in fields like urban
sociology and economics and urban transportation, while modality
alignment is predominantly applied in urban transportation as well as in
urban environment and energy sectors. To our surprise, fine-tuning is
adopted in more than half of the studies despite its time and money cost,
and the simplest approach zero-shot has seen considerable usage as well.
Besides, LLMs are often integrated with other methods rather than being
used in isolation, reflecting their strong basic ability and multi-task
generalization abilities.

Modality alignment R
Embedding
Fine-tuning 28

Zero-shot 7 12

-
!

Few-shot

Data processing and model adaptation

Integration 18 15

0 10 20 30 40 50

m Urban sociology and economics ™ Urban governance and public policy

Urban planning and design

Further, we analyzed the usage frequency of diverse pre-trained
models which were used in articles, as is shown in Fig. 5. The first
observation is that more than half of articles utilized GPT-based models
in their research. These models not only included powerful artificial
intelligence (AI) products, such as ChatGPT-3.5, ChatGPT-4, ChatGPT-
40, but also variants based on GPT-2 architecture. A considerable
number of studies have used BERT-based models as pre-trained models,
credit to their efficient text encoding and strong context understanding
capabilities (Devlin et al., 2019). Secondly, some researchers have also
applied other powerful open-source models such as LLaMA (a family of
open-source LLMs released by Meta), LLaVA (a family of multimodal
LLMs supporting image-text tasks), Qwen (a family of bilingual LLMs
developed by Alibaba) and ChatGLM (a family of bilingual LLMs
developed by Tsinghua University and Zhipu AI) as their base models to
facilitate local deployment or better adaptation to specific languages
(Wang, Ling, et al., 2023; Wang, Wang, et al., 2023; Wang, Zhang, et al.,
2023). Another interesting phenomenon is that different research fields
prefer to use different pre-trained models. For instance, research in

60 70 80 90 100 110 120 130 140

Number of articles

Urban transportation ™ Urban environment and energy

Fig. 4. Usage frequency of different data processing and model adaptation methods in LLM-related articles in urban studies.
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Fig. 5. Usage frequency of pre-trained models across different research fields in LLM-related articles in urban studies.

urban sociology uses BERT more than GPT, whereas in the other four
fields, GPT is more prevalent. We deem that this may stem from the
nature of the task characteristics typical to each field.

To elucidate the application scenarios and development trajectories
of LLMs in different fields of urban studies, we broke down the statement
field by field and analyzed the application progress from the perspec-
tives of application scenarios, data processing, and model adaptations
respectively.

3.2. Urban sociology and economics

Contrary to urban economics which has seen limited application of
LLMs, the increasing prevalence of social platforms such as Weibo and
Twitter have provided urban sociology with a wealth of accessible tex-
tual data, facilitating the early adoption of LLMs for urban text analysis.
Two primary focuses within text analysis are topic modeling and
sentiment analysis. Specifically, topic modeling refers to the process of
identifying latent topics within a corpus of text (Papadimitriou et al.,
2000), while sentiment analysis involves assessing the emotional tone of
the certain text (Pang & Lee, 2008). Leveraging the powerful text
encoding and contextual comprehension capabilities of BERT models,
many scholars have employed them as well as their variants in research.

In the realm of topic modeling, the introduction of advanced lan-
guage models has yielded innovative approaches mainly to better
modeling topic representations. Zamiralov et al. (2020) utilized multi-
source textual data from social media and combined guided topic
models with BERT methods to construct text embeddings for text clas-
sification. Liang et al. (2021) concentrated on the efficacy of online
public sentiment classification, introducing an evaluative method to
determine the optimal number of topics for classification by fusing BERT
models with latent dirichlet allocation (LDA) topic models. Conversely,
sentiment analysis using BERT models encompassed a variety of
different scenarios including attitudes towards the COVID-19 pandemic
(Nwafor et al., 2021; Wang et al., 2020; Zhang, Han, et al., 2023; Zhang,
Shah, & Han, 2023; Zhang, Sun, et al., 2023), opinions on electricity
usage (Bedi & Toshniwal, 2022), comments on transportation (Li, Chen,
et al., 2024; Li, Feng, et al., 2024; Li, Hu, et al., 2024; Li, Huang, et al.,

2024; Li, Shi, & Li, 2024; Li, Tran, et al., 2024; Pratama & Akbar, 2023;
Pullanikkat et al., 2024; Wu et al., 2022; (Choi et al., 2024)), attitudes
towards travel (Charfaoui & Mussard, 2024) and culture perception (Qin
et al., 2025). Furthermore, scholars have also endeavored to link textual
sentiment with urban spaces, revealing spatial patterns inherent in the
emergence of urban text. Xiao et al. (2022), for instance, applied a BERT-
CNN framework to analyze the sentiment of social media data from
Nanchang, China, and analyzed the spatiotemporal characteristics of
textual emotions at the grid scale. Similarly, Wang, Ling, et al. (2023),
Wang, Wang, et al. (2023), and Wang, Zhang, et al. (2023) utilized the a
Chinese-adapted BERT model (BERT-Base-Chinese) to sort extensive
social media data from Wuhan, China, into five emotion categories and
applied k-means clustering to uncover six spatial co-occurrence patterns
within urban settings.

A notable development in the application of LLMs was the emergence
of models tailored to languages other than English due to the inherent
differences in information density and grammatical structures. This has
resulted in models such as BERT-Base-Chinese for Chinese (Wang, Ling,
et al., 2023; Wang, Wang, et al., 2023; Wang, Zhang, et al., 2023),
BERTurk for Turkish (Zengin et al., 2022), IndoBERT for Indonesian
(Pratama & Akbar, 2023), BERTje for Dutch (Veltmeijer & Gerritsen,
2023), and AraBERT for Arabic (Jannani et al., 2025), each designed to
fit their unique linguistic characteristics. These specialized models
underscored the importance of linguistic adaptability in the effective
deployment of LLMs for sentiment analysis and topic modeling.

With the continuous development of decoding technologies, scholars
have increasingly applied GPT models with larger parameter sizes (e.g.,
GPT-3.5) to research scenarios. In topic modeling, Chen (2024) utilized
the GPT-3.5 application programming interface (API) to achieve topic
classification of text regarding various evaluation indicators of urban
green spaces while Cusumano et al. (2025) leverage GPT-3.5 Turbo for
knowledge discovery from building defects data. Besides, Ramos-Hen-
riquez and Morini-Marrero (2025) found that GPT-4 was valuable for
extracting data and assigning topic labels from unstructured text. In
sentiment analysis, Saito and Haruyama (2023) compared the capabil-
ities of fine-tuned BERT and GPT-3 for sentiment analysis of COVID-19
pandemic texts, confirming GPT-3's superiority in tweet sentiment
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classification, and some articles apply GPT-3.5 to understand people's
responses to natural disasters and COVID-19 on social media (Li, Su,
et al., 2025; Li, Yang, et al., 2025; Li, Zhao, et al., 2025; Saito & Tsu-
gawa, 2025). Moreover, experiments on the performance of GPT-4 in
sentiment classification were conducted, revealing that despite the im-
perfections, GPT-4 could significantly save time for city planners pro-
cessing public feedback textual data (Fu, Sanchez, et al., 2024; Fu,
Wang, & Li, 2024).

In the domain of urban economics, studies employing LLMs remain
scarce. Existing research primarily utilizes LLMs to accelerate analyzing
workflows or to predict socioeconomic indicators. Specifically, Hayden
(2023) applied GPT-4 to generate code and analyze correlations in the
context of housing studies, while Hao et al. (2025) developed UrbanVLP,
a model integrating multi-granular information from both macro-level
and micro-level imagery to predict urban socioeconomic indicators.

Table 2 clearly presents the application scenarios, data processing,
model applications, and the pre-trained models used in each article
within urban sociology domain. Functioning as an encoder module,
BERT models were primarily employed to construct embeddings for

Table 2
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downstream tasks and were frequently integrated with other neural
networks (such as CNN, deep convolutional neural networks (DCNN),
bidirectional long short-term memory (BiLSTM), etc.) or with methods
like LDA for semantic proximity analysis (Liang et al., 2021). Besides,
most researchers engaged in fine-tuning the pre-trained BERT model
with specific datasets to sharpen its performance on these downstream
tasks, contrast to the typical employment of zero-shot or few-shot
prompting methods on GPT-series models with larger parameters.

3.3. Urban management and public policy

The sphere of urban management and public policy mirrors urban
sociology in its wealth of textual data, such as guidelines and policies,
which offers fertile ground for the application of LLMs. Similar to urban
sociology, the processing of texts often employed BERT models for text
encoding and downstream task classification (Giménez Manuel et al.,
2024; Hu et al., 2024; Li, Chen, et al., 2024; Li, Feng, et al., 2024; Li, Hu,
et al., 2024; Li, Huang, et al., 2024; Li, Shi, & Li, 2024; Li, Tran, et al.,
2024; Lim & Hwang, 2024; Prabhune et al., 2024; Wang et al., 2022) or

Summary of structured information from LLM-related articles in urban sociology and economics.

Article Year Application scenario Data processing Model adaptation Pre-trained model
Modality Embedding  Fine- Prompt Engineering Integration
alignment tuning -
Zero- Few-
shot shot
Zamiralov et al. 2020  Topic modeling v v v RuBERT
Zhou et al. 2020  Topic modeling V/ v / BERT-WWM
Liang et al. 2021  Topic modeling \/ \/ BERT-Base
Chen et al. 2024  Topic modeling v GPT-3.5
Ramos- 2025  Topic modeling \/ GPT-4
Henriquez
et al.
Fuetal. 2024  Topic modeling Vv Vv GPT-4
Sentiment analysis
Jannani et al. 2025  Topic modeling v v AraBERT
Sentiment analysis
Wang et al. 2020  Sentiment analysis \/ \/ \/ BERT-Base-Chinese
Nwafor et al. 2021  Sentiment analysis v v COVID-BERT-v2
Bedi et al. 2022  Sentiment analysis v Vv Vv BERT-Base
Jain et al. 2022  Sentiment analysis v Vv v BERT-Base
Wu et al. 2022  Sentiment analysis v v v BERT-Base
Xiao et al. 2022  Sentiment analysis v v v MacBERT
Zengin et al. 2022  Sentiment analysis v Vv BERTurk
Pratama et al. 2023  Sentiment analysis v v IndoBERT
Saito et al. 2023  Sentiment analysis v v BERT-Base
GPT-3
Tas et al. 2023  Sentiment analysis \/ \/ \/ BERT-Base
Veltmeijer et al. 2023  Sentiment analysis v v v BERTje
Wang et al. 2023  Sentiment analysis v v v BERT-Base-Chinese
Zhang et al. 2023  Sentiment analysis \/ v \/ BERT-Base
Liet al. 2024  Sentiment analysis v v BERT-Base
Li et al. 2024  Sentiment analysis v v v BERT-Base
RoBERTa
Pullanikkat etal. 2024  Sentiment analysis v v v RoBERTa
GPT-3.5
Wen et al. 2024  Sentiment analysis v v v BERT-Base
Yang et al. 2024  Sentiment analysis \/ v \/ BERT-Base
Charfaoui et al. 2024  Sentiment analysis v v SieBERT-
Marrakech
Choi et al. 2024  Sentiment analysis \/ v BERT-Base
Kharlamov et al. 2024  Sentiment analysis v GPT-3.5
GPT-4
GPT-40
Liu et al. 2024  Sentiment analysis \/ \/ Bert-large-Japanese
Aman et al. 2025  Sentiment analysis v v v BERT-Base
Li et al. 2025  Sentiment analysis v v GPT-3.5
Qin et al. 2025  Sentiment analysis \/ \/ BERT-Base
Saito et al. 2025  Sentiment analysis v GPT-3.5 Turbo
Hayden 2023  Housing analysis \/ GPT-4
Hao et al. 2025  Socioeconomic indicator v v v ShareGPT4V
prediction
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directly leveraged models like GPT or ChatGLM to enhance the perfor-
mance (Wang, Liu, & Zhou, 2024; Wang, Pang, et al., 2024; Wang, Zhao,
et al., 2024; Zenkert & Fathi, 2024; Zhou & Hu, 2025). However, the
difference between the two domains' application lied in the usage of
powerful text generation capabilities of GPT. For instance, Chen, Liang,
et al. (2024) and Chen, Zhang, et al. (2024) proposed Chat3D, a
framework that utilizes LLMs to generate reports for urban ecological
construction by analyzing 3D scene-level point clouds, while Karren
et al. (2024) explored the use of GPT-3.5 to enhance citizen evaluations
of urban hygiene feedback systems. Yao (2023) employed GPT-4 to offer
personalized travel suggestions by documenting the positional re-
lationships between attractions, showcasing the tailored application of
LLMs in urban management. Beyond these scenarios, text generation
also extended to domain-specific response generation, including civic
spaces construction (Chauncey & McKenna, 2024), real estate opinion
(Madani et al., 2024), cultural heritage management (Spennemann,
2024) and culture background understanding (Campo-Ruiz, 2025).
Besides, the emergence of more comprehensive models like GPT-4
and Gemini has led to an increasing trend of employing LLMs as intel-
ligent agents in urban management and public policy. LLMs as agents
refers to entities that exhibit intelligent behavior and possess traits such
as autonomy, reactivity, proactivity, and social ability (Xi et al., 2023).
Xiao et al. (2023) were among the first to use GPT-3.5 as the brain of a
generative agent (GA) with perception and decision-making modules to
simulate the spread of water pollution events in a simulated town and
examined government responses to the specific event. Additionally, the
self-developed framework like CityGPT introduced multiple LLM agents
to analyze internet of things (IoT) spatiotemporal data catering to
diverse urban analysis requirements (Guan et al., 2024). This sophisti-
cated approach had enabled the research team to develop a
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comprehensive platform for urban generative intelligence (UGI) (Xu
et al., 2023). Besides, LLMs are also employed to enhance the manage-
ment of urban activities and strengthen smart city decision support
(Jiang et al., 2024; Kalyuzhnaya et al., 2025).

As shown in Table 3, the application of data processing methods in
this filed remains close to urban sociology, with continuing use of BERT
for text embedding or the employment of prompt engineering tech-
niques to optimize inputs for pre-trained models (Amatriain, 2024). The
need to align heterogeneous data such as geographical information data
and spatiotemporal data remained scarce. However, in contrast to urban
sociology, the integration approaches of LLMs in urban management go
a step further by incorporating various functional blocks within platform
systems. For instance, the UGI platform integrated the open digital
infrastructure, user interface, and generative intelligence (Xu et al.,
2023) in system framework levels, while tourism guidance systems have
tried to integrate LLMs with diffusion models for ideal tour picture
generation (Yao, 2023).

3.4. Urban planning and design

LLMs have revolutionized the field of urban planning and design by
permeating every stage of the process, from initial opinion collection
and plan documentation to mid-stage planning support and urban scene
creation, and finally to urban analysis and the deployment of LLMs for
domain-specific response generation. The collation of resident opinions
is a crucial aspect of preliminary research. LLMs could promote the
effectiveness of design discussions in large projects in the collection of
opinions, demonstrated by Dortheimer et al. (2024) with the develop-
ment of GPT-3-based chatbot to collect community input for construc-
tion projects. Besides, LLMs showed their potential in resident opinions

Summary of structured information from LLM-related articles in urban governance and public policy.

Article Year Application scenario Data processing Model adaptation Pre-trained model
Modality Embedding  Fine- Prompt Engineering Integration
alignment tuning Zero- Few-
shot shot
Lim et al. 2024  Topic modeling v v v BERT-Base
Manuel et al. 2024  Topic modeling v v v Sentence-BERT
Prabhune et al. 2024  Sentiment analysis v v v BERT-Base
Wang et al. 2022  Text classification v v v BERT-Base
Hu et al. 2024  Text classification v v v v BERT-Base
Liet al. 2024  Text classification v v v BERT-Base
Wang et al. 2024  Text classification v GPT-4
Zenkert et al. 2024  Text classification v v GPT-4
Zhou et al. 2025  Text classification v v ChatGLM-2
Chen et al. 2024  Multimodal knowledge Q&A v v GPT-3.5
New Bing
Gemini
Karren et al. 2024  Complaint feedback v v GPT-3.5
Yao 2023  Tour guidance v v GPT-4
Chauncey et al. 2024  Domain-specific response \/ GPT-3.5
generation GPT-4
Madani et al. 2024  Domain-specific response \/ LLaMA-3-8B-
generation instruct
Spennemann 2024  Domain-specific response \/ GPT-3.5
generation BingChat
Google Bard
DeepAl
Campo-Ruiz 2025  Domain-specific response \/ GPT-40
generation
Xiao et al. 2023  Event simulation v v v BERT
GPT-3.5
Xu et al. 2023  Platform construction CityGPT
Guan et al. 2024  IoT data analysis \/ v v GPT-4
Jiang et al. 2024  City activity management \/ \/ \/ GPT-4
LLaMA-2-7B
Kalyuzhnaya 2025  City activity management v v GPT-40
et al. Mistral-8x22B
LLaMA-3.1
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simulation. For example, Malekzadeh et al. (2024) compared the eval-
uation of the visual appeal of urban environments between GPT-4-based
agents and residents, and Yu and McKinley (2024) proposed the creation
of digital avatars representing various stakeholders using LLMs to syn-
thesize the practical pathways for shared automated electric trans-
portation systems in urban planning. Zhou et al. (2024) and Zhou,
Wang, et al. (2024) further designed resident agents and constructed a
framework for role-playing, collaborative generation, and feedback
iteration, which aided in scheme generation and iteration. These studies
collectively endorsed the value of LLMs in providing insights and
enhancing the inclusivity and interpretability of planning in a cost-
effective manner (Malekzadeh et al., 2024; Yu & McKinley, 2024). In
addition, LLMs also play a pivotal role in plan documentation, another
necessary task in the initial stages of urban planning. Fu, Sanchez, et al.
(2024) and Fu, Wang, and Li (2024) used ChatGPT for plan quality
evaluation and found the good agreement with the manual evaluation
results, and specialized models like PlanGPT, introduced by Zhu et al.
(2024), have streamlined challenges for urban planners by offering a
framework that includes retrieval, fine-tuning, and the utilization of
advanced functional tools.

In the mid-stage of urban planning and design, LLMs were applied in
planning support and urban scene generation. Recent studies explored
the integration of LLMs into planning support systems (PSS), which refer
to a set of tools built upon geographic information technologies that
support the urban planning process. Jiang et al. (2025) incorporated
GPT-4 into a PSS framework to enhance its performance in data pro-
cessing, idea generation, and decision support. Similarly, Quan and Lee
(2025) embedded GPT-40 into a web-based PSS platform to facilitate
stakeholder communication and elicit public contributions to sustain-
able urban development initiatives. Urban scene generation means
constructing realistic three-dimensional representations of urban set-
tings, usually following the steps of task scenario analysis, two-
dimensional plane generation, digital asset placement and scenario
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auxiliary refinement (Shang et al., 2024) by using multimodal large
language models (Yin et al., 2024). In the process of scene generation,
these models could play a human-like role in automatically drafting
detailed urban scene descriptions (Shang et al., 2024), extracting
contextual information from model-generated planar buildings (Deng
et al., 2024), formulating land use plans (Deng et al., 2024), completing
model construction tasks by retrieval (Zhou, Lin, & Li, 2024; Zhou,
Wang, et al., 2024) as well as realizing results iteration by identifying
discrepancies between scene images and ideal plans (Shang et al., 2024).

Furthermore, conducting urban analysis and knowledge Q&A are
also significant application scenarios in the field of urban planning and
design. Urban analysis scenarios include resource-based city transfer
(Yu, Xing, et al., 2024; Yu, Yang, et al, 2024), land-use analysis
(Caliskan, 2025; Cao et al., 2024; Guo et al., 2024), region analysis (Yan,
Mai, et al., 2024; Yan, Wen, et al., 2024), building age prediction (Zeng,
Goo, et al., 2024; Zeng, Yang, et al., 2024), building function classifi-
cation (Memduhoglu et al., 2024; Ramalingam & Kumar, 2025) as well
as building database construction (Li, Su, et al., 2025; Li, Yang, et al.,
2025; Li, Zhao, et al., 2025). Furthermore, specialized LLMs were fine-
tuned for domain-specific response generation and question-and-
answering. Theses vertical domain LLMs include HSC-GPT, a fine-
tuned GPT-based model for human settlement construction tasks (Ran
et al., 2023), LLMs for urban renewal (Wang, Ling, et al., 2023; Wang,
Wang, et al., 2023; Wang, Zhang, et al., 2023), LLMs for sustainable
community assessment (Jonveaux, 2024) and CityEQA, a vertical-
domain LLM designed for embodied question answering in urban
space (Zhao et al., 2025).

Given the complex of preliminary research and the diverse stake-
holder interests in urban planning and design, there is a preference for
using pre-trained larger-parameter models with comprehensive perfor-
mance such as GPT-3, GPT-4, GPT-40, ChatGLM-3, LLaMA-2, as is re-
flected in Table 4. More than half of the models used training-free
methods to accomplish urban planning tasks and were usually

Summary of structured information from LLM-related articles in urban planning and design.

Article Year Application scenario Data processing Model adaptation Pre-trained
Modality Embedding  Fine- Prompt Engineering Integration model
alignment tuning -

Zero- Few-
shot shot

Zhou et al. 2024  Opinion simulation v v GPT-3

Yu et al. 2024  Opinion simulation v GPT-3.5

Malekzadeh et al. 2024  Opinion simulation v GPT-4

Dortheimer et al. 2024  Opinion collection Vv v GPT-3

Fuetal. 2023  Plan document analysis \/ GPT-3.5

Zhu et al. 2024  Plan document analysis v ChatGLM-3

Jiang et al. 2025  Planning support \/ GPT-4

Quan et al. 2025  Planning support v \/ GPT-40

Zhou et al. 2024  Scene generation v v v GPT-4

Deng et al. 2024  Scene generation \/ \/ \/ GPT-4v

Shang et al. 2024  Scene generation v v LLaVA-1.5

Yu et al. 2024  City transfer analysis v v GPT-3.5

Cao et al. 2024  Land-use analysis v v v BERT-Base

Guo et al. 2024  Land-use analysis Vv \/ \/ v BERT-Base

Caliskan 2025  Land-use analysis v v GPT-4

Yan et al. 2024  Region analysis v v v LLaMA-2

Zeng et al. 2024  Building age prediction v GPT-4

Memduhoglu 2024  Building function classification v v v GTE-Large

et al.

Ramalingam et al. 2025  Building function classification v \/ v GPT-3.5 Turbo

Li et al. 2025  Building database construction v GPT-40

Wang et al. 2023  Domain-specific response ChatGLM-3

generation

Chen et al. 2023  Domain-specific response \/ \/ LLaMA-2

generation Baichuan-13B

Jonveaux 2024  Domain-specific response \/ \/ GPT-3.5 Turbo

generation

Zhao et al. 2025  Domain-specific response v v GPT-4

generation GPT-40
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integrated with other functionalities such as API document calling and
map generation, aiming to understand planning terminologies and
tackle challenging planning tasks professionally (Zhu et al., 2024).

3.5. Urban transportation

In urban transportation sector characterized by substantial demands
for natural language processing and time-series data analysis, LLMs have
been extensively applied as well. The increasing complexity of urban
transportation systems, coupled with the emergence of diverse mobility
demands and management challenges, has driven the evolution of
models from traditional statistical learning to deep learning, and more
recently to LLMs (Jin et al., 2021).

In early studies of urban transportation, BERT was instrumental in
extracting textual information from traffic flow data to accomplish
specific tasks, such as sentiment analysis (Fontes et al., 2023; Wang, Liu,
& Zhou, 2024; Wang, Zhao, et al., 2024), resident activity classification
(Liu et al., 2021), traffic accident classification (Salam et al., 2021; Yuan
et al., 2024) and named entity recognition (Li, Shi, & Li, 2024; Patel &
Nyirenda, 2022; Zuo & Li, 2021). Besides, BERT models have been
incorporated into models for tasks such as predicting traffic flow and
trajectory imputation, forming the architecture including BDSTN (Cao
et al., 2022), Kamel (Musleh & Mokbel, 2023), BTtrajRec (Shi et al.,
2023), and Traffic BERT (Wang, Ling, et al., 2023; Wang, Wang, et al.,
2023; Wang, Zhang, et al., 2023).

Contrasting with BERT's encoder design, GPT models featuring in an
optimized decoder structure for sequential token generation were
widely used in the field of urban transportation. For example, Xue et al.
(2022) constructed the AuxMobLCast pipeline, employing both BERT
encoding and GPT-2 decoding to address the fusion of semantic and
numerical information in point of interest (POI) passenger flow fore-
casting. Liu, Hu, et al. (2024) and Liu, Yang, et al. (2024) trained GPT-2
with partially frozen attention (PFA) strategy to capture spatiotemporal
correlations in encoded embeddings. Additionally, architectures such as
LLMA4TS (Chang et al., 2024), GATGPT (Chen, Chen, et al., 2023; Chen,
Hu, et al., 2023; Chen, Wang, & Xu, 2023), STD-LLM (Huang et al.,
2024), Time-LLM (Jin et al., 2024), UniTime (Liu, Hu, et al., 2024; Liu,
Yang, et al., 2024) and TPLLM (Ren et al., 2024) have also demonstrated
how to leverage and fine-tune GPT-2 on sequential data to improve
forecasting accuracy.

Furthermore, human-mobility analysis is a highly active topic in
urban transportation domain, and numerous studies have begun
leveraging LLM-based methods. For example, Terashima et al. (2023)
employed a spatio-temporal BERT model for next-location prediction,
while Tang et al. (2024) demonstrated that an instruction-tuned Llama-
3-8B model performs remarkably well in city-scale human mobility
forecasting. Other related studies include GeoFormer (Solatorio, 2023),
MobilityGPT (Haydari et al., 2024), ST-MoE-BERT (He et al., 2024),
Region-as-Walker (Zhang, Han, et al., 2023; Zhang, Shah, & Han, 2023;
Zhang, Sun, et al., 2023), LIMP (Li, Chen, et al., 2024; Li, Feng, et al.,
2024; Li, Hu, et al., 2024; Li, Huang, et al., 2024; Li, Shi, & Li, 2024; Li,
Tran, et al., 2024), TSI-LLM (Luo et al., 2024), TrajLLM (Ju et al., 2025),
and Geo-Llama (Li, Chen, et al., 2024; Li, Feng, et al., 2024; Li, Hu, et al.,
2024; Li, Huang, et al., 2024; Li, Shi, & Li, 2024; Li, Tran, et al., 2024).

Besides, LLMs agent also emerged in more complex transportation
scenarios. Traffic system management and traffic signal control are two
widely applied occasions. In traffic system management, Jonnala et al.
(2024) introduced GPT-3.5 into the urban public transportation systems
management to support managerial decision-making. Beyond this
exemplar, researchers have introduced a series of dedicated LLM-agents
including GARLIC (Han, Zhang, et al., 2024), COMAL (Yao et al., 2025),
LangGraph-Traffic Agent (Chen & Ding, 2025) to tackle issues like
network monitoring, vehicle dispatch and mixed-autonomy coordina-
tion. In the domain of traffic signal control, Lai et al. (2024) proposed
the LLMLight architecture for optimizing traffic signal control, and other
searches contains LLM-Assisted Light (Wang, Liu, & Zhou, 2024; Wang,
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Pang, et al., 2024; Wang, Zhao, et al., 2024) and CoLLMLight (Yuan
et al., 2025). Subsequently, with the desire to involve image under-
standing and real-time intervention in autonomous driving, vision-
language models (VLMs) caught the attention of researchers. These
models were employed to assist intelligent traffic decision support (De
Zarza et al., 2023; (Onsu et al., 2025)) or in urban delivery scenes for
urban navigation (Alhammadi et al., 2025; Zeng, Goo, et al., 2024; Zeng,
Yang, et al., 2024; Zhang, Li, et al., 2024; Zhang, Liu, et al., 2024; Zhang,
Sun, et al., 2024) but still in its infancy due to the limited visual un-
derstanding abilities (De Zarza et al., 2023).

In terms of data processing, the characteristics of applications in
urban transportation field share similarities with other domains,
particularly in BERT for text encoding and LLM-agents for complex
tasks. However, one of the unique challenges shown in Table 5 is modal
alignment, originating from the proliferation of sensors and the accu-
mulation of heterogeneous data collected form urban environment
(Chen et al., 2022). Traditional methods used deep neural networks such
as region-based convolutional neural network (RCNN) and residual
network (ResNet) (Scribano et al., 2021) or graph attention networks
(Chen, Chen, et al., 2023; Chen, Hu, et al., 2023; Chen, Wang, & Xu,
2023) to extract data features, while with the help of LLMs, there were
approaches to carefully designing methods to convert data such as POI
into language modal and further utilizing BERT for encoding (Xue et al.,
2022). Additionally, the flexibility of designing modules in LLM's ar-
chitecture was another characteristic of the applications in urban
transportation. In contrast to the first three domains, which typically
employed large models as a whole, researched in urban transportation
constructed innovative architecture based on a LLM framework (usually
GPT-2) to achieve optimal task performance (Liu, Hu, et al., 2024; Liu,
Yang, et al., 2024; Yuan et al., 2024). However, this aspect extends into
the technical realm of model architecture design, which falls beyond the
scope of the present discussion.

3.6. Urban environment and energy

The urban environment and energy sectors also boast a plethora of
data sources including remote sensing imagery, street view images and
geographic locations etc. Similar to the field of urban transportation, the
trajectory of LLMs' application follows the path of text analysis, multi-
modal integration and agent construction.

BERT-based models, as always, were initially employed for pro-
cessing unstructured text data as encoders. For instance, Xu et al. (2020)
proposed a Geographical Spatial Address Model (GSAM) incorporating
BERT to handle non-standardized addresses. Ali and Shirazi (2022)
utilized BERT for electronic waste policy analysis, revealing the value of
LLMs in enhancing the efficiency of electronic waste management. Be-
sides, the analysis of social media data about environment and energy
usage was also a focal point of early research, particularly in detecting
and analyzing disaster locations and severity levels of floods and urban
waterlogging (Chen, Chen, et al., 2023; Chen, Hu, et al., 2023; Chen,
Wang, & Xu, 2023; Fu et al., 2025; Y. Han et al., 2025; Kanth et al., 2022;
Mo et al., 2025; Zhang et al., 2021).

Asresearch delves deeper, it has gradually shifted towards geospatial
representation learning and the integration of multimodal data. POI,
widely used in urban environment researches, has gained widespread
attention in geospatial representation learning. Methods included Geo-
Semantic2vec algorithm to extract POI features for downstream task
analysis by Zhang et al. (2021), GeoBERT achieving precise embedding
through large-scale pre-training and demonstrating robust performance
in classification and prediction tasks Gao et al. (2022), or larger models
(Sun et al., 2025). Besides, aligning image with text modalities were
explored through leveraging VLMs as well. Hu et al. (2023) constructed
a high-quality remote sensing image description dataset (RSICap) and
developed the RSGPT for remote sensing images understanding. Kuck-
reja et al. (2023) proposed GeoChat, a VLM to realize functions
including image region annotation, visual question answering, and
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Table 5

Summary of structured information from LLM-related articles in urban transportation.
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Article Year Application scenario Data processing Model adaptation Pre-trained model
Modality Embedding  Fine- Prompt Engineering Integration
alignment tuning -
Zero-
shot
Fontes et al. 2023  Sentiment analysis \/ \/ \/ BERT-Base
Wang et al. 2024  Sentiment analysis v v BERT-finetuned-
weibo
Liu et al. 2021  Text classification v Vv Vv BERT-Base
Salam et al. 2021  Text classification v v v BERT-Base
Rath et al. 2022  Text classification v v Sentence-BERT
Yuan et al. 2022  Text classification v v Vv Vv BERT-Base
Ou et al. 2024  Text classification v v v v BERT-Base
Gundidza et al. 2025  Text classification v GPT-4
Zuo et al. 2021  Named entity recognition v Vv v BERT-Base
Patel et al. 2022  Named entity recognition v Vv BERT-Base
Lietal. 2024  Named entity recognition v v v BERT-Base
Jin et al. 2021  Traffic prediction v v v BERT-Base
Cao et al. 2022  Traffic prediction \/ Vv N4 v BERT-Base
Chang et al. 2023  Traffic prediction v v v GPT-2
Musleh et al. 2023  Traffic prediction v v v v BERT-Base
Shi et al. 2023  Traffic prediction \/ \/ \/ \/ BERT-Base
Wang et al. 2023  Traffic prediction v v v BERT-Base
Chen et al. 2024  Traffic prediction v GPT-4
Guo et al. 2024  Traffic prediction v Vv LLaMA-2
Huang et al. 2024  Traffic prediction v v v v GPT-2
Liet al. 2024  Traffic prediction v v LLaMA-3.1
Liu et al. 2024  Traffic prediction v v v v GPT-2
LLaMA-2
Ren et al. 2024  Traffic prediction v v v GPT-2
Rong et al. 2024  Traffic prediction v v v GPT-2
Yu et al. 2024  Traffic prediction Vv LLaMA-2
Yuan et al. 2024  Traffic prediction \/ \/ \/ From scratch
Zhang et al. 2024  Traffic prediction v v v GPT-3.5
Chen et al. 2024  General time series Vv Vv v GPT-2
prediction
Jin et al. 2024  General time series v v GPT-2
prediction LLaMA-2
Li et al. 2024  General time series v Vv LLaMA-2
prediction
Liu et al. 2024  General time series v v GPT-2
prediction
Xue et al. 2022  Human mobility analysis \/ \/ \/ \/ BERT-Base
GPT-2
Mo et al. 2023  Human mobility analysis v v GPT-3.5
Solatorio 2023  Human mobility analysis \/ \/ GPT-3.5
Terashima et al. 2023  Human mobility analysis v v v BERT-Base
Zhang et al. 2023  Human mobility analysis Vv \/ \/ \/ GPT-3.5
Bhandari et al. 2024  Human mobility analysis v LLaMA-2
Feng et al. 2024  Human mobility analysis \/ GPT-3.5
Haydari et al. 2024  Human mobility analysis v \/ \/ From scratch
He et al. 2024  Human mobility analysis v Vv v BERT
Liet al. 2024  Human mobility analysis v v GPT-4
DeepSeek
Li et al. 2024  Human mobility analysis v Vv LLaMA-2
Li et al. 2024  Human mobility analysis \/ \/ LLaMA-3
GPT-40
Liang et al. 2024  Human mobility analysis \/ \/ GPT-4
Luo et al. 2024  Human mobility analysis GPT-4
Tang et al. 2024  Human mobility analysis \/ LLaMA-3
Wang et al. 2024  Human mobility analysis v \/ \/ GPT-3.5
Wang et al. 2024  Human mobility analysis \/ GPT-3.5
Du et al. 2025 Human mobility analysis \/ \/ Qwen2
Mistral7B-V3
LLaMA-3
Gemma-2
GPT-3.5 Turbo
GPT-40-mini
Ju et al. 2025  Human mobility analysis v v LLaMA-3.1-8B-
Instruct
GPT-40-mini
Li et al. 2025  Human mobility analysis v v Vv BERT-Base
de Zarza et al. 2023  Traffic risk prediction v v v LLaMA-2
LLaVA-13B
Costa et al. 2024  Traffic risk prediction v v GPT-3.5 Turbo

(continued on next page)
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Table 5 (continued)

Cities 165 (2025) 106142

Article Year Application scenario Data processing Model adaptation Pre-trained model
Modality Embedding  Fine- Prompt Engineering Integration
alignment tuning -
Zero- Few-
shot shot
Nie et al. 2024  Demand prediction v v Vv GPT-4
Qu et al. 2024  Demand prediction v v v Sentence-T5
Tang et al. 2024  Tour planning v v v GPT-4
GPT-3.5
Oppenlaender 2025  Tour planning \/ GPT-3.5
Masri et al. 2024  Traffic system managing \/ \/ GPT-40
Gemini-1.0
Gemini-1.5
LLaMA-3.1
Nawar et al. 2023  Traffic system managing v v v v GPT-3.5
Han et al. 2024  Traffic system managing v v v GPT-2
Jin et al. 2024  Traffic system managing \/ \/ GPT-4
Jonnala et al. 2024  Traffic system managing \/ GPT-3.5
GPT-4
Masri et al. 2024  Traffic system managing \/ GPT-40-mini
Tupayachi et al. 2024  Traffic system managing \/ \/ GPT-4
Tupayachi et al. 2024  Traffic system managing \/ \/ GPT-4
Wang et al. 2024  Traffic system managing v v GPT-3.5 Turbo
Zhang et al. 2024  Traffic system managing \/ \/ GPT-3.5
Chen et al. 2025  Traffic system managing \/ \/ GPT-3.5 Turbo
Ding et al. 2025  Traffic system managing \/ v InternVL2.5
Kalaiselvi et al. 2025  Traffic system managing \/ \/ BERT-Base
Masri et al. 2025  Traffic system managing \/ \/ GPT-40
Tami et al. 2025  Traffic system managing v Vv Qwen2-VL-2B
Yao et al. 2025  Traffic system managing \/ \/ GPT-40-mini
Qwen-72B/32B/7B
Lai et al. 2024  Traffic signal managing v Vv \/ \/ GPT-4
Pang et al. 2024  Traffic signal managing \/ \/ GPT-4
Tang et al. 2024  Traffic signal managing \/ \/ GPT-4
Wang et al. 2024  Traffic signal managing v \/ \/ GPT-4
Movahedi et al. 2025  Traffic signal managing \/ \/ GPT-3.5 Turbo
Onsu et al. 2025 Traffic signal managing \/ \/ LLaVA-1.5
Yuan et al. 2025  Traffic signal managing \/ LLaMA-3.1
Zeng et al. 2024  Urban navigation Vv v LLaVA-7B
LLaMA-3
Zhang et al. 2024  Urban navigation v v Not mention
Alhammadietal. 2025  Urban navigation v v GPT-40
Scribano et al. 2021  Vehicle retrieval \/ \/ \/ \/ BERT-Base
Ying et al. 2025  Transportation planning \/ GPT-40
Phi-3-mini

scene classification. The more powerful multimodal model like GPT-4v
has also shown potential in various visual assignments including vi-
sual question answering, geolocation and land cover classification (Tan
et al., 2023). It has even been further utilized in more challenging tasks
evaluating sustainable features of buildings (Bentley et al., 2024), the
relationship between the built environment and urban depression rates
(Ouyang et al., 2024), and even dynamics tasks such as temporal change
detection in remote-sensing imagery (Elgendy et al., 2024).

Plus, LLM-agents were applied, mainly in scenarios including urban
perception, complex remote sensing task analysis and domain-specific
opinion generation. Specifically, Verma et al. (2023) employed a GPT-
3.5-based generative agent that interacted with street view images and
urban environments through deep learning image algorithms to auto-
matically plan journeys for specific goals. Further studies have also
demonstrated that large language models are well suited to urban
perception tasks and streetscape auditing (Han, Yang, et al., 2024; Han,
Zhang, et al., 2024; Jang & Kim, 2025; Yang et al., 2024; Zhang, Li,
et al., 2024). Singh et al. (2024) proposed GeoLLM-Engine which placed
LLMs in the environment with various tools to accomplish analyst tasks,
while Lee et al. (2025) introduced multi-agent framework GeoLLM-
Squad to tackle environmental tasks. Additionally, LLMs have been
applied to generate domain-specific opinions including positive energy
districts (PEDs) (X. Zhang, Han, et al., 2023; Zhang, Shah, & Han, 2023;
Zhang, Sun, et al., 2023), wireless-network deployment (Sevim et al.,
2024), and smart-city assessment frameworks (Shahrabani &
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Apanaviciene, 2024).

Not surprisingly, there were wide utilization of BERT as encoders and
numerous need to modal alignment in terms of data processing,
encompassing innovations in geographic information encoding
(Balsebre et al., 2024; Fernandez & Dube, 2023; Penumadu et al., 2022)
and image encoding methods (Hu et al., 2023; Kuganesan & Kuganesan,
2024; Mubhtar et al., 2024; Zhang et al., 2022), as shown in Table 6. The
large proportion of researches using fine-tuning as the model adaption
method remains the same.

4. Discussion
4.1. General attitudes and concerns

In urban contexts, LLMs have proven especially adept at tasks such as
city-wide text analysis, event simulation, domain-specific response
generation, mobility prediction as well as street space perception,
attributing to their robust multimodal capabilities. However, they still
struggle to adapt to constantly changing urban environmental problems
in real-time and lack judgment in emerging urban scenarios such as
extreme weather and accidents for insufficient data source, followed by
several limitations and concerns listed below.

The first issue pertains to the capability boundaries of LLMs. Issues
such as model hallucinations, where the model generates factually
incorrect or irrelevant, can undermine trust of researchers in their use
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Table 6

Summary of structured information from LLM-related articles in urban environment and energy.

Cities 165 (2025) 106142

Article Year Application scenario Data processing Model adaptation Pre-trained
. . . . R R model
Modality Embedding  Fine- Prompt Engineering  Integration
alignment tuning -
Zero- Few-
shot shot

Ma et al. 2024  Sentiment analysis \/ \/ \/ BERT-Base

Shan et al. 2025  Topic modeling v v GPT-3.5 Torbo
BERTopic

Zhang et al. 2021  Text classification Vv v Vv BERT-Base

Ali et al. 2022 Text classification v v BERT-Base

Kanth et al. 2022  Text classification v v v BERT-Base

Zhu et al. 2022  Text classification v v BERT-Base

Zhang et al. 2023  Text classification v v GPT-4

Guo et al. 2024  Text classification v v v BERT-Base

Qian et al. 2024  Text classification Vv Vv GPT-3

Hu et al. 2022  Named entity recognition \/ \/ Vv BERT-Base

Chen et al. 2023  Named entity recognition v v v BERT-Base

Hu et al. 2023  Named entity recognition Vv GPT-4

Li et al. 2023  Named entity recognition \/ \/ Vv BERT-Base

Loja-Morocho 2023  Named entity recognition v v v BERT-Base

et al.

Hao et al. 2024  Named entity recognition v ChatGLM-3

Fuetal. 2025  Named entity recognition \/ BERT-Base

Han et al. 2025  Named entity recognition \/ Qwen2
MiniCPM3

Mo et al. 2025  Named entity recognition \/ BERT-BiLSTM-
CRF
GPT-3.5-turbo

Xu et al. 2020  Geocoding \/ \/ Vv BERT-Base

Gao et al. 2022  Geocoding v v v BERT-Base

Penumadu et al. 2022  Geocoding v v v v BERT-Base

Fernandez et al. 2023  Geocoding Vv v v Not mention

Yin et al. 2023  Geocoding v/ Vv GPT-3

He et al. 2024  Geocoding v v LLaMA-3
Mistral-8

Li et al. 2024  Geocoding \/ \/ Unknown

Muron et al. 2025  Geocoding v v GPT-3

Sun et al. 2025  Geocoding Vv Vv GPT-40
GPT-3.5
Baichuan2-13B

Zhang et al. 2025  Geocoding v Gemini-1.5-Flash

Hu et al. 2023  Multimodal knowledge Q&A Vv v Vv InstructBLIP
GPT-3.5

Kuckreja et al. 2023  Multimodal knowledge Q&A v v v LLaVA-1.5

Mai et al. 2023  Multimodal knowledge Q&A v Vv GPT-3
BERT-Base

Manvi et al. 2023  Multimodal knowledge Q&A v v GPT-3.5

Tan et al. 2023  Multimodal knowledge Q&A Vv GPT-4v

Unlu 2023  Multimodal knowledge Q&A v \/ Falcon 1B RW

Balsebre et al. 2024  Multimodal knowledge Q&A v v v LLaMA-2

Bentley et al. 2024  Multimodal knowledge Q&A Vv GPT-40

Danish et al. 2024  Multimodal knowledge Q&A \/ Vv GPT-40
LLaVA-
OneVision
Qwen2-VL
Sphinx
LLaVA-1.5
LLaVA-NeXT
GeoChat
RS-LLaVA
InternVL-2
Ferret

Elgendy et al. 2024  Multimodal knowledge Q&A \/ \/ Video-LLaVA
LLaVA-NeXT-
Video

Muhtar et al. 2024 Multimodal knowledge Q&A \/ \/ LLaMA-2

Qi etal. 2024  Multimodal knowledge Q&A v v v BEiT

Shao et al. 2024  Multimodal knowledge Q&A Vv v Vv From scratch

Zhou et al. 2024  Multimodal knowledge Q&A \/ \/ GPT-40

Choi et al. 2024  Building energy modeling \/ \/ GPT-40

Xiao et al. 2024  Building energy modeling v \/ GPT-3.5 Turbo
ChatGLM-1

Choi et al. 2025  Building energy modeling \/ \/ GPT-40

Labib 2025  Building energy modeling Vv \/ LLaMA-2

Sharma et al. 2023  Building energy modeling v Vv GPT-3.5

(continued on next page)
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Table 6 (continued)

Cities 165 (2025) 106142

Article Year Application scenario Data processing Model adaptation Pre-trained
Modality Embedding  Fine- Prompt Engineering Integration model
alignment tuning -

Zero- Few-
shot shot

Kuganesan et al. 2024  Geographic task solution Vv v GPT-3

Singh et al. 2024  Geographic task solution v v v v GPT-4

Lee et al. 2025  Geographic task solution v v GPT-40-mini

Balsa-Barreiro 2024  Individual and built environment Vv v GPT-4

et al. interaction

Zhang et al. 2022  Street space perception \/ \/ \/ BERT-Base

Verma et al. 2023 Street space perception \/ GPT-3.5

Han et al. 2024  Street space perception \/ GPT-40

Liang et al. 2024  Street space perception \/ From scratch

Yang et al. 2024  Street space perception \/ GPT-4V

Gemini-Pro

Zhang et al. 2024  Street space perception \/ \/ GPT-4V

Cobanli et al. 2025  Street space perception Vv \/ GPT-3.5 Turbo

Jang et al. 2025  Street space perception \/ \/ GPT-40

Gemini-1.5-Pro

Jiang 2025  Street space perception \/ GPT-40

Jang et al. 2023  Domain-specific response generation \/ \/ GPT-3.5

Zhang et al. 2023  Domain-specific response generation \/ GPT-3.5

Sevim et al. 2024  Domain-specific response generation 4/ v v DistilBERT

Shahrabani et al. 2024  Domain-specific response generation Vv \/ GPT-3

Google Bard

Xie et al. 2024  Domain-specific response generation \/ GPT-4

Yu et al. 2024  Domain-specific response generation \/ GPT-4

Peng et al. 2025  Domain-specific response generation \/ \/ Qwen2-7B

Ouyang et al. 2024  Urban healthy analysis \/ GPT-4v

for critical tasks, especially problematic in fields like urban environment
and remote sensing with high demands for data authenticity and
geographic precision (Mai et al., 2023). Moreover, LLMs have been
shown to exhibit both geographic and cultural biases. These include
systematic errors in geospatial predictions, underrepresentation of fea-
tures in socioeconomically disadvantaged regions, and a tendency to
portray cities primarily through curated images shaped by planning,
exhibitions, and commercialization (Campo-Ruiz, 2025; Manvi et al.,
2024). Furthermore, LLMs struggle with generalization and uncertainty.
Due to the complexity of the real world, training datasets cover only
limited domains, which inevitably fall short of capturing all specific
scenarios encountered in practice. As a result, when LLMs are applied to
highly variable contexts, their abilities to tackle these problems remain
constrained (Zhang, Li, et al., 2024; Zhang, Liu, et al., 2024; Zhang, Sun,
et al., 2024). This limitation is particularly evident in domains such as
urban mobility and navigation, where the lack of direct interaction with
real-time environments and the heavy reliance on static pretraining data
make it difficult for LLMs to deliver reliable decisions in dynamic, real-
world settings (Choi & Yoon, 2025; Javaid et al., 2025).

The high computational cost associated with deploying and training
these models is another significant challenge. Many studies have high-
lighted the high cost of using advanced models like GPT-4, which may
pose a financial burden on research (Hadi et al., 2023; Shahriar et al.,
2024; Tamkin et al., 2021). Despite the availability of open-source
models such as ChatGLM, Llama3 and supporting frameworks like
Ollama, a framework designed for local deployment of LLMs, that
facilitate local deployment, challenges related to GPU memory capacity
and inference speed also impose economic burdens. Besides, the envi-
ronmental impact of training LLMs is substantial, as research by Strubell
et al. (2020) estimated that training a single LLM can generate emissions
roughly equivalent to the lifetime emissions of five average automobiles,
and data centers powering LLMs often require millions of gallons of
water every day for cooling (Li, Su, et al., 2025; Li, Yang, et al., 2025; Li,
Zhao, et al., 2025). Other concerns such as inference delays, restrictions
on non-open-source models, dataset preparation burden, and challenges
in evaluating model performance were also mentioned in the reviewed
articles (Liu et al., 2025; Mai et al., 2023; Zhang, Li, et al., 2024; Zhang,
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Liu, et al., 2024; Zhang, Sun, et al., 2024).

Additionally, the performance differences between LLMs and tradi-
tional deep learning models on different tasks are generally concerned
by many researchers. Several studies comparing two types of methods
find that LLMs indeed outperform traditional models in scenarios such
as tourist occupancy prediction and urban waterlogging detection
(Chen, Chen, et al., 2023; Chen, Hu, et al., 2023; Chen, Wang, & Xu,
2023; Giménez Manuel et al., 2024). However, most researchers remain
neutral or opposed to considering LLMs as a replacement for traditional
deep learning methods. They argue that LLMs serve as augmentation
methods rather than replacements (Chauncey & McKenna, 2024) since
traditional methods are still necessary for more technical aspects or
outperform LLMs under certain circumstances (Yu & McKinley, 2024).

Beyond these technical and operational limitations, broader con-
cerns about Al ethics and the underlying logic of LLMs also present
challenges. On the one hand, the training data or prompts may involve
sensitive information, and any leaks could result in serious privacy
concerns (Zhang, Li, et al., 2024; Zhang, Liu, et al., 2024; Zhang, Sun,
et al., 2024). LLMs' decision-making processes are often opaque, which
makes it difficult to ensure accountability in critical areas like urban
governance (Qu & Wang, 2024). On the other hand, there are deeper
concerns about the limitations of LLMs' comprehension of the world.
Prevalent LLMs were trained on language modality or values, but when
confronted with complex tasks, human beings do not evaluate them with
values (Verma et al., 2023). This could raise questions about whether
language can truly represent the information of complexities of urban
studies.

4.2. Potential research opportunities

Looking forward, we foresee several research opportunities for the
application of LLMs in urban studies. Firstly, the exponential rise in
LLM-based urban research over the past six years suggests that their
scope will continue to broaden. Beyond the promising early work on
agent-based simulations in urban sociology, we anticipate rich divi-
dends from applying LLMs to urban economics, for example modeling
urban spatial balance, segregation, or financial impacts of zoning
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reforms. Another promising application field lies in urban development
and evolution. By further combining and analyzing datasets from
diverse sources, researchers are enabled to build a more comprehensive
understanding of how cities grow, change, and adapt over time with the
help of LLMs, providing insights into the charming question of how cities
evolve.

Secondly, we deem that smaller, task-specific models may dominate
simpler tasks, while larger-parameter models will address complex and
difficult problems. The application scenarios of LLMs may zoom in
complicated and challenging tasks when small models can achieve
similar effects on simple tasks (Fu et al., 2023). For instance, current
lightweight LLMs' variants can be embedded in mobile sensors to fuse
real-time visual, acoustic, and environmental streams to detect anoma-
lies and enrich raw signals with semantic labels without sending
privacy-sensitive data to the cloud.

Besides, the use of LLMs as domain experts can be extended beyond
current applications. Although existing research has demonstrated that
LLMs can produce insights nearly on par with human specialists when
prompted appropriately (Yu, Xing, et al., 2024; Yu, Yang, et al., 2024),
this strategy remains under-explored in many areas of urban studies. We
tend to believe that by applying careful prompt engineering or inte-
grating methods like retrieval-augmented generation (RAG), researchers
can further boost both the accuracy and depth of these expert-level
outputs, unlocking new possibilities across the urban research spectrum.

Furthermore, LLMs have transformative potential in uncovering
intricate urban patterns and dynamics. Functioning as intelligent agents,
LLMs can tap into vast repositories of urban knowledge to respond to or
evaluate city-specific inquiries. Through iterative analysis of thousands
of interactions, aggregated responses can be statistically examined to
reveal hidden trends, correlations, and anomalies within urban systems.
This approach not only offers novel perspectives on urban studies but
also facilitates the generation of new hypotheses and conclusions that
might not emerge through traditional methodologies.

Finally, from a technical perspective, with the improvements in the
reasoning and planning capabilities, LLMs will move towards higher-
level and collaborative intelligence and truly realize automation.
Thus, opportunities can also be found in applying LLMs for finishing
much challenging tasks such as automatic urban planning and design.
Progress in these areas could lead to more sophisticated models that
autonomously collect information and make complex decisions,
enhancing their role as tools for urban research and policymaking.

There are still some potential limitations to this study. In striving for
comprehensive coverage of LLMs' applications, we have included pre-
prints and conference papers, which may affect the overall quality of the
sources reviewed. In addition, due to the breadth of our research ques-
tions and the scope of this review, we have not delved deeply into the
architectural distinctions among LLMs. Though variations in architec-
ture can significantly influence a model's performance, interpretability,
and applicability across different urban research domains, a more
detailed examination of these architectural differences actually falls
outside the primary focus of this article.

5. Conclusions

This paper provides a systematic literature review on the application
of LLMs in urban studies, capturing their rapid development and diverse
applications over the past six years. By reviewing 233 papers and
leveraging a customized GPT to extract information from them, we
reveal an exponential increase in LLM-related papers in urban studies,
with GPT-based and BERT-based models dominating the field. Embed-
ding techniques and fine-tuning remain the predominant methods for
data processing and model adaptation, highlighting the versatility and
adaptability of these models in addressing urban research challenges.
Furthermore, the five domains of urban studies emphasize the signifi-
cance role of LLMs in large-scale data analysis and multimodal data
processing while also demonstrating unique use scenarios. In urban
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sociology and economics, BERT variants have been predominantly used
for textual analysis, often combined with other models. In urban man-
agement and public policy, GPT-based models are employed for both
text analysis and generation, usually integrated into platforms to
enhance decision-making processes. Field in urban planning and design
have leveraged multimodal models as agents for complex tasks such as
scene generation, planning support and resident opinion simulation. The
transportation field illustrates the flexible architecture of LLMs,
employing them for diverse tasks such as human mobility analysis,
traffic flow prediction or traffic system managing to achieve optimal
performance. Similarly, in environmental and energy domains, LLMs
have proven effective for geographic analysis and urban perception
evaluation, emphasizing modality alignment for accurate decision-
making.

In conclusion, this paper serves as a comprehensive resource for re-
searchers, summarizing the application scenarios, methods, and devel-
opmental trends of LLMs in urban studies. By shedding light on their
current capabilities and potential, this review aims to inspire further
exploration and innovation in leveraging LLMs to address the com-
plexities of urban research.

CRediT authorship contribution statement

Junhao Xia: Writing — original draft, Visualization, Validation,
Software, Methodology, Investigation, Formal analysis, Data curation,
Conceptualization. Yao Tong: Writing — review & editing. Ying Long:
Writing — review & editing, Supervision, Resources, Project adminis-
tration, Funding acquisition, Conceptualization.

Funding sources

This work was supported by the National Natural Science Foundation
of China [Grant No. 62394331], [Grant No. 62394335], Program of
Tsinghua University - CSCEC Jiuhe Development Group Co. Ltd. Joint
Research Center (2024A2) and the Department of Science and Tech-
nology of Inner Mongolia Autonomous Region (2023YFSW0002). The
funders had no role in study design, data collection and analysis, deci-
sion to publish, preparation of the manuscript, writing of the report or
decision to submit the article for publication.

Declaration of competing interest

The authors declared no potential conflicts of interest with respect to
the research, authorship, and/or publication of this article.

Acknowledgments

The authors gratefully acknowledge the members of the Beijing City
Lab for their invaluable discussions and insightful feedback.

Appendix A. Description of reviewed papers' analyzing
dimensions

Field of study: categories of field of study are the same as the five
thematic categories in urban studies mentioned above.

Application scenario: it refers to the main roles that the research used
LLMs to act as. Since scenarios varied in different research fields, we did
not give the fixed selection range to our tailored GPT, but let it auto-
matically generate options according to comprehensive article
understanding.

Diving deep into the various kinds of approaches to leveraging LLMs
in urban studies, we analyzed them from three dimensions similar to the
previous research (Zhang, Li, et al., 2024; Zhang, Liu, et al., 2024;
Zhang, Sun, et al., 2024). Typically, the application of LLMs involves
data processing, model architecture building, model pretraining and
model adaptation (Naveed et al., 2024). In this review, we concentrated
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on the processing of the input and output data, model adaptation
methods, and the choices of pre-trained model, rather than concerning
the design of the model architecture and pretraining steps.

Data processing: it means how data is fed to LLMs and the form of data
that LLMs return. Two types of data processing methods were extracted,
that is modality alignment and embedding. Modality alignment refers to
the process of aligning different types of data (e.g., images, text, audio)
into a shared representation space (Song et al., 2023), an approach
requiring special attention due to the multimodality of urban data, while
embedding means representing words as distributed vectors for down-
stream tasks. Since embedding is universal when transforming input into
representation, we specifically defined it as using LLMs as encoders to
generate features.

Model adaptation: it focuses on the methods of enabling LLMs to
perform better on downstream tasks, including approaches like fine-
tuning, prompt engineering (zero-shot or few-shot) and integration.
Fine-tuning stands for adjusting pre-trained models' weights on specific
datasets for performance enhancement (Howard & Ruder, 2018).
Prompt engineering is the process of guiding LLMs to accomplish tasks
by meticulously designing prompts, which is a simple but critical tech-
nique for improving their capabilities (Sahoo et al., 2024) encompassing
two methods called zero-shot and few-shot. The difference between
them lies in whether providing multiple input-output demonstration
pairs in prompts. Integration generally refers to the combination of
frameworks, including the integration between multiple model archi-
tecture or between models and systems.

Pre-trained model: it stands for the types of LLMs used in research,
which are uniformly recorded in the form of models with its versions.

Appendix B. Configuration of “LLMs in Urban Study: Literature
Review Analyzer”

Name:

LLMs in Urban Study: Literature Review Analyzer

Description:

An assistant designed to extract and structure key analytical data
from urban studies literature leveraging large language models.

Instructions:

You are a literature review analyzer specializing in parsing and
systematically analyzing academic papers related to the application of
Large Language Models (LLMs) in urban studies, according to a detailed
classification framework provided below. Your primary task is to auto-
mate the extraction and coding of structured information from these
papers, aligning them precisely with predefined indicators and cate-
gories: Field of study, Application scenario, Data processing, Model
adaptation, and Pre-trained model.

Upon receiving an academic paper, analyze its contents rigorously,
classify it according to the specified indicators. Accuracy in assigning
papers to the correct categories and subcategories is crucial. Ensure no
indicators from the provided framework are overlooked, and avoid
misclassification.

If certain details within the paper are unclear or ambiguous
regarding their alignment with the provided framework, proactively
request clarification from the user. Your output should consistently
adopt a concise, structured table format, maintaining an academic tone
suitable for research documentation.

The analytical framework is illustrated below:

| Indicators | Description or Categories |

| Field of study | Select one: Urban planning and design, Urban
environment and energy, Urban governance and public policy, Urban
sociology and economics, Urban transportation |

| Application scenario | Identify detailed urban study scenarios, such
as sentiment analysis, text classification, multimodal knowledge Q&A,
traffic prediction, human mobility analysis, named entity recognition,
topic modeling, textual knowledge Q&A, Geocoding. If a scenario does
not fit these domains, define a new one clearly. |
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| Data processing | Select one or more: Modality alignment /
Embedding (Modality alignment refers to aligning different data types
(e.g., images, text, audio) into a common representation space, essential
for multimodal urban data analysis. Embedding refers to representing
textual data as distributed vectors for further analytical tasks.) |

| Model adaptation | Select one or more: Fine-tuning / Zero-shot or
Few-shot / Integration (Fine-tuning involves adapting pre-trained
models' weights to specific datasets. Zero-shot and few-shot refer to
guide LLM task performance with no or minimal input-output examples.
Integration encompasses the combination of multiple models or frame-
works.) |

| Pre-trained model | Specific the employed pre-trained LLM, such as
BERT, GPT-2, GPT-3.5, LLaMA2, From scratch. |

Here is an example of returned structured result:

| Field of study | Application scenario | Data processing | Model
adaptation | Pre-trained model |

| Urban planning and design | Land-use analysis | Embedding | Zero-
shot, Integration | GPT-4 |

During the preparation of this work the author(s) used ChatGPT in
order to analyze papers during the systematic literature review and
refine manuscript. After using this tool/service, the author(s) reviewed
and edited the content as needed and take(s) full responsibility for the
content of the publication.

Data availability
Data will be made available on request.
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