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This course introduces computational thinking and data
science practice for urban data. Lectures include principles,
techniques, and real-world applications of data science for
urban problem-selving. Through hands—on exercises and
tutorials, students will build mini projects with fun data
sources, create playful visualizations, and apply data science

this course introduces several unique aspects of urban
computing, such as heterogeneous data typology, real-world
implementations of data—driven research in cities, as well as

and privacy. Students learn how to use data and computing
for public good and positive social impact.
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for positive social impact. Beyond general data science skills,

socio—technical considerations involving data ethics, fairness,
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Yuan Lai’'s expertise lies at the
intersection of urban information,
applied data science, and urban
systems. Prior to Tsinghua, Dr. Lai
was a Lecturer in Urban Science
and Planning at MIT Department of
Urban Studies and Planning, and a
research affiliate at NYU Marron
Institute of Urban Management. His
work has been featured at the
United Nations, Bloomberg
Technology, Urban Design Forum,
NYC Media Lab, American Planning
Association, and American Society
of Civil Engineers.
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This ‘course introduces theories related to urban systems and
urban data science, overviews urban data resources and various
data applications for urban planning, design, and governance.
Lectures introduce principles, technologies, applications of urban
informatics, as well as the uniqueness of urban data computing,
such as heterogeneous data sources, data—driven decision—
making, publie participation, and social-technical considerations
involving fairness, privacy, and ethical controversies. Students will
complete a case analysis as a research project from the multi-
dimensional perspectives of design, planning, and technology.
Students will' gain training in data—driven problem-solving skills
and develop critical thinking capacity by exploring how to use
urban technology to produce positive impacts in cities.
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Yuan Lai’s expertise lies at the
intersection of urban information,
applied data science, and urban
systems. Prior to Tsinghua, Dr. Lai
was a Lecturer in Urban Science
and Planning at MIT Department of
Urban Studies and Planning, and a
research affiliate at NYU Marron
Institute of Urban Management. His
work has been featured at the
United Nations, Bloomberg
Technology, Urban Design Forum,
NYC Media Lab, American Planning
Association, and American Society
of Civil Engineers.
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Background

Urban environmental safety is critical for sustainable city development,yet the complex mechanisms underlying
crime patterns pose significant research challenges.

Methodology

This study analyzes 12,893 criminal judgments (PCJs) from three Chinese megacities over three years using Large
Language Models (LLM), developing a crime pattern simulation model that integrates Interpretable Machine
Learning (IML) with Agent-Based Modeling (ABM). Then, three urban renewal scenarios were tested.

Key findings

The result shows that: (1) Socioeconomic and builtenvironment factors account for 33.3%-44.5% of outdoor
crime spatial variation; (2) Nighttime lighting emerges as a key predictor, while canopy cover exhibits threshold
effects on specific crime types; (3) Green regeneration scenarios demonstrate significantly lower crime rates.

Meaning

The proposed multidimensional framework provides actionable spatial planning insights and policy
recommendations for safer cities.
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Overview

Global studies show that 60% of all urban residents in developing countries have
been victims of crime at least once over the past five years, 70% of them in Latin
America and Africa. Urbanization, particularly in the developing world, has been
accompanied by increased levels of crime, violence, and lawlessness. The
growing violence and feeling of insecurity that city dwellers are facing daily is
one of the major challenges around the world. In some countries, crime and
violence have been exacerbated by the proliferation of weapons, substance
abuse, and youth unemployment. Crime and violence impact the on everyday
life of city residents.

https://unhabitat.org/topic/urban-safety

b ks

The Challenge

Empirical studies show that it is not the size of urban agglomerations that create
criminal surroundings but rather the poor planning, design and management of
urbanization.

Studies have shown that a large percentage of urban dwellers in developing and
transitional countries have been victims of crime over a five-year period, with
victimisation rates reaching 70% in parts of Latin America and the Caribbean and Africa
(UN-Habitat, 2007).

Research points to inequalities (UN-Habitat, 2015), lack of institutional and social
control and social exclusion (not poverty 1) as underlying causes of crime and violence
in urban areas.
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Background

Is China Safe enough?
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The crime rate of Chinese cities (2000-2013). (a) Average arrest rate; (b) Average prosecution rate;

Source: Peng C, Sun W, Zhang X. Crime under the light? Examining the effects of nighttime lighting on crime in China[J]. Land, 2022, 11(12): 2305.
https://www.spp.gov.cn/spp/zdgz/202403/t20240309_648430.shtml
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China Judgements Online

Megacity crime percentage line chart
Bl Violation of personal safety
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There are more types of crimes against property than crimes against personal security



, Background

What can we do as a planer?
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1830s

Cartographic school

This school of thought
advocates mapping the
location of crime to reflect
regional differences, and
analyzing the natural and
social causes behind the
differences.

1930s

1961

Chicago School
In the early 20th century,
Park and Burgess,
representatives of the
r Chicago School, proposed
»9 the Concentric Ring Model
based on their research on

the distribution of crime in
Chicago.

N

Eyes on the Street
It is necessary to
deeply explore the
rules of urban
space use and
create a safe and
applicable urban

Spatial syntax

Hillier and Shu (2000)
found that streets or
spaces with a high
degree of integration
tend to be the safest
when they are more

space through
careful design.

1972

visible and attract
crowds.

2000

CPTED Theory

Jeffery builds on the
research of Jacobs and
Newman to propose crime
prevention through
environmental design,
which refers to ways to
avoid crime through the
rational design of urban
space and the effective use
of the built environment.
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Core technologies: Statistical attribution;
Explainable machine learning (represented by
SHAP)

Limitations: Dynamic mobility data is not taken
into account, and prediction cannot be realized

Kim S, Lee S. Nonlinear relationships and interaction effects of an urban environment on crime incidence: Application of urban big data and an interpretable machine learning method[J].

Sustainable Cities and Society, 2023, 91: 104419.

Urban Crime Simulation and Analysis from the Perspective of Individual Behavior

Simulation framework

Layers of the environment _ g
S
225 Offender Agents

Simulation run time: 30 days
1step = 1day

1. Agent maovement

2. Agent crime decision
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L - N
. i .
(a) Scenario 1 — spatial data. (b) Scenario 2 — spatial and (¢} Scenario 3 — interact

temporal data. with spatial and tempd
data,

Core technologies: Agent models, reinforcement
learning, large language models, etc.

Limitations: Still in the exploratory stage, with
insufficient persuasiveness in simulating
individual behavior

Rosés R, Kadar C, Malleson N. A data-driven agent-based simulation to predict crime patterns in an urban environment[J]. Computers, Environment and Urban Systems, 2021, 89: 101660.
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Step 1: Dataset Establishment
Dependent variable
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The Process of Crime
Data Parsing

0 Filtering txt
X
China Judgments
Online Judgment Text

Large
Language
Model
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| Crime Date

____Crime Location
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Indoors/Outdoors

Structured dataset
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.‘.’::..»' Methodology
Classification Criminal Charges Total Number
Intentional Homicide 14
Intentional Injury 732
Violation of Citizens' Personal Rights Rape 24
Forcible Indecent Assault 36
Negligent Homicide 19
Theft 4310
Violation of Property Robbery 41
Snatching 17
Intentional Destruction of Property 54
Endangering Public Safety Dangerous Driving 7007

Traffic Accident Offense

639
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Data Categories Secondary Classification Data set name Source Primary data or not

Population size
Demography Metric Educational level China population census

Population Age structure

Second-hand data

Per capita income level China population census
Social dataset Economic Metric Nighttime light index NPP/VIIRS
Real estate prices LianJia Web

Point of Interest (POI) density
Spatial Metric Floor Area Ratio (FAR) AMap API Primary data
Road network(RN) density

China regional 250m fractional

Annual average vegetation cover  vegetation cover data set (Gao, J. et Second-hand data
Gr dataset Natural Characteristic Metric al., 2023)
een space datase Average Green View Rate Baidu Map API Primary data
(GVR) P y
Green Service Metric Park Area per capita EULUC-China(Gong et al., 2020) Second-hand data

. In the dataset, Spatial metrics are derived from the Amap API, including urban POI quantities, road vectors, building footprints, and corresponding
oor counts:

POI density= num of POI / neighborhood area (1)
FAR= Y3.5%*height of build i *area of building i / neighborhood area (2)

RN density= total road length / neighborhood area (3)

For GVR, we established urban street sampling points at 150m intervals, collected initial street view panoramic images through the Baidu Map API,
and then calculated GVR for each image using the Segformer model trained by cityscapes datase.

Average GVR =Y, GVRi/N (4)




Data Sources and Methods

SOCIAL DATASET

OpenStreet Map| QiChaCha

LianJia Web
Gaode Web

Census data Mapbox
Panel data GIS data
— T —
___Population Structure | Street Vector |

Enterprise Data

[ Building Height |

Residential Community Data
\ /

| Building Vector |

|___Point of Interest(POI) |

Planned Land Use

Demography
Metric

Population Density
Level of Education

Age Structure

Economic
Metric

Income Level
Lights Index

Real Estate Prices

Spatial
Metric

POI density
Floor Area Ratio

Street Density

The Source of Data
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2.3 Spatial Metric
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Nighttime Light
An indicator used to show the use of nighttime lighting in Beijing,
which is closely related to crime.
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2.3 Spatial Metric

Top 10 Floor Area Ratios
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Floor Area Density

An indicator used to indicate the intensity of site use. The larger
the plot ratio, the greater the intensity of use and the higher the
floor height around the street.
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Age Structure

An indicator used to indicate the age of a city. The larger the
value, the older the average age of the area and the more serious
the aging problem.

Urban Informatics I: Applied Urban Analytics
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Step 1: Dataset Establishment
Dependent variable

Independent variable
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Step 2: Mechanism Analysis

Step 3: Multi-scenario Simulation

ﬁ, Random Forest !“ii

INTERPRETABLE MECHINE LEARNING MODEL

SHAP Model

- '8@ Agent-based Model

Scenario1:
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The Importance and Mechanisms of
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Step 1: Dataset Establishment
Dependent variable

Independent variable
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Step 2: Mechanism Analysis

Step 3: Multi-scenario Simulation

ﬁ, Random Forest !“ii
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ABM enables the simulation of social systems and complex socio-spatial phenomena. The
study combines the IML results and the urban road network to establish a three-way

“potential offender-potential victim-urban environment” ABM, and applies the model to the
central city of Beijing, predicting the changes of the urban crime pattern under three different
old urban areas development scenarios.
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Netlogo

The model is a highly generalized virtual world
of urban crime, which presupposes the
distribution of potential offenders and potential
victims based on the population of different
neighborhoods. When a potential offender and

a potential victim meet at a certain point
according to the rule-based movement, the
decision of whether a crime occurs is based on
the Agent Crime index of the neighborhood
where they meet.
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Commercial Development Contraction Development

Commercialization of old urban Renovation of vegetation in old Inhibition of further construction
areas and further strengthening urban areas and creation of micro- development in core areas and
of core areas parks by utilizing fragmented decentralization of urban

spaces construction to peripheral areas
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Baseline Total Crime Num: 534

Epoch 1 fml, Epoch 4

Total Crime Num: 581
Epoch 1 R Epoch 4 . Epoch8

Scenario 1
ercial Development

Old urban areas with top 20% of

nighttime lights:

"~ population+1%, nighttime lighting
. +15%, POI density +10%

Epoch 20
e Old urban areas with bottom 20%
of nighttime lights:
population -1%, nighttime lights -
15%, POI density -10%
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Scenario 2 Total Crime Num: 460
reen Renewal Epoch 1 - Epoch4 {3, Epoch8

All old urban areas:

park area per capita+5%, green
visibility rate +10%, canopy cover
+10%

T &

Total Crime Num: 614
Epoch1 {7 Epoch 4

Scenario 3
raction Development

Old urban areas with top 20% of
nighttime lights:

population -1%, nighttime lights -
15%, POI density -10%

Old urban areas with bottom 20%
of nighttime lights:

population +1% , nighttime lights
+15% , POI density +10% ,canopy
cover -10%




%~/ Key findings and Limitation

Key finding 1 :

The urban environment can influence crime patterns, twelve features proposed in this study explain 33.3%-
44.5% of the variation in outdoor crime distribution, but have weaker explanatory power for indoor crime.

Key finding 2:

Although the model does not prove direct causality, it reveals that canopy cover significantly affects the
distribution patterns of certain crimes, providing a new perspective for the development of urban green spaces

Key finding 3:

The simulation results show that commercial and contraction development scenarios both lead to an increase in
total urban crime. Contraction development also disperses crime clusters, making urban security management

more challenging. In contrast, green renewal of the old urban area can mitigate these effects by reducing crime
rates and preventing large-scale crime concentration.

This study did not compare crime patterns across different cities or account for significant urban characteristics
such as topography and climate.
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Step 1: Dataset Establishment
Dependentvariable | __________, Independentvariable . ___
\| € CRIME DATASET | i i.‘fi SOCIAL DATASET @VEGETATION DATASET E . .
] | Violence/ Non-violence ‘ | ’ Demography Metric ‘ | Green Coverage Metrics | : A?jM'don .ltrk])e ;\)ther hand' SldrT_]UIateS m||cr0'||eve|
] ’ Daytime/Nighttime ‘ X ‘ Economic Metric ‘ | Green Service Metric | i Individua enaviors to pre Ict macro-leve SyStem
i | Indoor/Outdoor ‘ g i ‘ Spatial Metric ‘ | Green Visual Metric | i Changes'
Step 2: Mechanism Analysis Step 3: Multi-scenario Simulation
INTERPRETABLE MECH'NEILEARN'NG MODEL & Agent-based Model = The key to hindering the potential of ABM lies in
d !I ii del : cenariol: : o .
A Random Foret |$ il sHap model | ™ Baseline | Corrmercial Development | the setting of agent rules. The countermeasure in
The Importance and Mechanisms of " Green Remewal || Contraction Development | this study is to build an IML model based on the

multi-dimensional data and use the predictive
results as the parameters of ABM multi-scenario
simulation.

This innovative combination method compensates
for the inadequacy of the IML in dealing with the
the spatial vector information on the one hand,
and improves the accuracy and credibility of the
ABM output results on the other hand.

The research is supported by two key technologies: large language
models(LLMs) and agent-based modeling(ABM).

LLM s facilitate structured data extraction from textual sources,

enabling efficient parsing of crime locations and integration
with GIS-based socio-economic and environmental datasets,
thereby minimizing manual processing.
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Requirements for Agent-based Large Language Model
Modeling and Simulation Agents’ Abilities

lllustration of how large language model agents meet the requirements of agent-based modeling and

simulation.

Gao, C,, Lan, X., Li, N., Yuan, Y., Ding, J., Zhou, Z., ... & Li, Y. (2024). Large language models empowered agent-based modeling
and simulation: A survey and perspectives. Humanities and Social Sciences Communications, 11(1), 1-24.

Kambeitz, J., & Meyer-Lindenberg, A. (2025). Modelling the impact of environmental and social determinants on mental health
using generative agents. npj Digital Medicine, 8(1), 36.

It is worth noting that, along with
the enhancement of LLM's in-
depth analysis ability, whether it
is possible to directly interpret
crime mechanisms and define
agent rules and parameters
through the analysis of extensive
PClJs is a direction worthy of
further exploration. However, it is
also necessary to be alert to the
uncontrollability and limited
interpretability of LLM outputs, so
further excavation of urban crime
mechanisms and causality is still
very critical.
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