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Abstract 

Alcohol-impaired driving in megacities is both a road safety problem and a public safety 

governance challenge. This study proposes a multi-source data fusion framework for 

identifying the spatio-temporal risk of publicly recorded drunk-driving violations and 

translating risk estimates into enforcement-oriented priority areas. Using Shanghai as a 

case study, we integrate 1814 publicly recorded drunk-driving violations with dining and 

entertainment POIs, 400–800 m annular POI measures, road networks, metro stations, 

public parking facilities, meteorological conditions, and temporal attributes. Kernel den-

sity estimation and ST-DBSCAN are first used to identify observed spatio-temporal clus-

ters. Time-specific grid-based Logit models are then estimated for daytime, evening, and 

post-midnight periods, with complementary log-log models used for robustness checks. 

The results show strong nighttime concentration, with T2 showing the highest predicted 

risk and weekend scenarios further increasing risks in T2 and T3. In-grid dining and en-

tertainment POI variables are mostly negatively associated with risk, whereas surround-

ing dining POIs show stable positive associations, indicating a spatial mismatch between 

drinking venues and road spaces where violations are observed. Road exposure, metro 

accessibility, parking facilities, and weekend context also display time-varying effects. Fi-

nally, integrating model-predicted risk grids with observed clusters produces Priority, 

Warning, and Background areas, supporting evidence-based, time-specific, and location-

specific drunk-driving risk governance in megacities. 

Keywords: drunk-driving violations; sustainable urban safety; multi-source data fusion; 

spatio-temporal risk identification; POI spillover; targeted enforcement 

 

1. Introduction 

Road traffic safety is an important component of urban sustainable development and 

public safety governance. The World Health Organization has stated that one of the tar-

gets of the United Nations Decade of Action for Road Safety 2021–2030 is to reduce road 

traffic deaths by half by 2030 [1]. Alcohol-impaired driving is both highly dangerous and 

illegal. It not only increases the probability of traffic crashes but also aggravates crash 

consequences. China has long treated the governance of drunk and intoxicated driving as 

a key task in road traffic safety management. In 2023, the Opinions on Handling Criminal 
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Cases of Drunk Dangerous Driving further emphasized the need to punish drunk dan-

gerous driving offenses in accordance with the law and to protect people’s lives, property, 

and road traffic safety [2]. For megacities such as Shanghai, drunk-driving governance is 

also closely related to nighttime traffic operations, public safety management, and the al-

location of enforcement resources. According to the Shanghai Statistical Yearbook 2025, 

Shanghai recorded 430,132 traffic crashes in 2024, resulting in 1054 deaths and 10,903 in-

juries. In the same year, 20.133 million traffic violations were processed, including 12.078 

million motor-vehicle violations [3]. At the same time, Shanghai has highly active 

nighttime activities and nighttime travel. In 2024, the city recorded 4.03 million nighttime 

active trips, 2906 bars, and a nighttime bus activity area of 1975 km2, ranking among the 

leading cities in China in several indicators related to the nighttime economy and 

nighttime transport activity [4]. Therefore, identifying the spatio-temporal risk of drunk-

driving violations in a high-density, activity-intensive, and polycentric urban space has 

important practical significance. 

Existing traffic safety studies have explained the formation mechanisms of road risk 

from the perspectives of traffic violations and risky driving behavior. Traffic violations are 

significantly associated with crash severity, and driver, vehicle, road, and environmental 

factors can all affect violation and crash risks [5]. Some violations may also evolve into 

traffic crashes under specific temporal and spatial conditions [6]. In the broader literature 

on risky driving, speeding, harsh acceleration, harsh deceleration, red-light running, im-

proper lane changing, and aggressive driving are also considered important sources of 

road safety risk. Wang et al. found, based on severe traffic violation data, that violations 

exhibit clear temporal variation and spatial differences, and that meteorological condi-

tions and time of day influence the likelihood of violations [7]. Lee et al. showed, in ride-

hailing or taxi operating contexts, that working hours and road conditions affect aggres-

sive driving behaviors such as speeding, harsh starting, harsh braking, lane changing, and 

overtaking, and that prolonged driving gradually increases the risk of such behaviors [8]. 

Krahé et al., using representative survey data from Germany, found that aggressive driv-

ing increased across different periods and was associated with age, gender, annual mile-

age, and driving stress [9]. These studies indicate that traffic violations and risky driving 

behaviors are not determined solely by individual factors, but are also jointly influenced 

by temporal environments, road conditions, and travel activity characteristics. 

In terms of influencing factors, traffic safety studies commonly construct explanatory 

frameworks from the perspectives of road users, vehicles, road conditions, weather envi-

ronments, and the built environment. Yan et al. found temporal instability in the determi-

nants of alcohol-impaired driving crashes across different days of the week and time con-

ditions [10]. Zhao et al. introduced geographic environment variables, including street-

view information, road networks, land use, and points of interest, into the study of urban 

traffic violations, demonstrating the explanatory role of the urban spatial environment in 

traffic violations [11]. Li et al. further examined traffic safety risk from the built-environ-

ment perspective and showed that road networks, land use, and spatial environmental 

variables can reflect spatial differences in traffic safety risk [12]. These studies suggest that 

the formation of drunk-driving violation risk should be understood by considering both 

road space and urban activity space. 

Compared with general traffic violations, drunk-driving violations have stronger be-

havioral-context characteristics. Existing studies have more often focused on drunk-driv-

ing crashes or alcohol-related crashes, examining the effects of alcohol sales and consump-

tion venues, population density, road networks, and land use on crash risk. Treno et al. 

provided an early spatial panel analysis of the relationship between alcohol outlet density 

and alcohol-related traffic crashes [13], and alcohol-related POI density has also been 

found to have a spatial relationship with drunk-driving crashes [14]. Population density, 
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road networks, land use, and alcohol-related activity venues can affect the risk and con-

sequences of drunk-driving or alcohol-related crashes [15,16]. Based on fine-scale spatial 

units in Melbourne, Australia, Morrison et al. found that bar density was associated with 

alcohol-related road crash risk in adjacent areas, while the origins, destinations, and crash 

locations of alcohol-related trips may not completely overlap [17]. Gruenewald and John-

son also pointed out, from a traffic-flow perspective, that drinking, driving, and crashes 

are connected through spatial and movement processes [18]. These studies suggest that 

drunk-driving risk does not necessarily occur only at the locations of drinking venues, but 

may also appear on surrounding roads, short-distance travel routes, and return corridors 

after drinking activities. 

However, drunk-driving crashes and drunk-driving violations are not identical. 

Crash data reflect outcomes that have already resulted in collisions or injuries, whereas 

drunk-driving violation records reflect illegal behaviors that occur before crashes or do 

not lead to crashes. Sun et al. have begun to examine the spatial heterogeneity of non-

crash drunk-driving events, indicating that relying solely on crash data cannot fully char-

acterize the upstream risk of drunk-driving behavior [19]. For traffic management, the 

identification of violations has stronger preventive significance, because not all drunk-

driving violations eventually develop into crashes, although these behaviors already con-

stitute road safety hazards. Therefore, identifying the spatio-temporal distribution and 

influencing factors of drunk-driving behavior based on public traffic violation records can 

provide a reference for proactive governance before crashes occur. 

At the application level, traffic safety research has gradually shifted from historical 

hotspot description toward risk identification and governance translation. Machine learn-

ing methods can be used to extract key spatio-temporal features of crash risk hotspots on 

urban road networks [20], and traffic violation data can also be used to identify high-risk 

areas and common violation types, supporting enforcement priority assessment [21]. Nev-

ertheless, several gaps remain in the existing literature. First, many studies focus on 

drunk-driving crashes or alcohol-related crashes, while drunk-driving behaviors in public 

violation records have received relatively limited attention. Second, although alcohol-re-

lated venues and built-environment factors have been discussed, the relationship between 

drinking activity venues and surrounding road spaces remains insufficiently character-

ized. Third, most hotspot identification studies remain at the level of spatial clustering or 

risk prediction, and relatively few studies connect clustering results, time-specific risk 

models, and enforcement-oriented classification. 

Based on these considerations, this study takes publicly recorded drunk-driving vi-

olations from the Shanghai Traffic Safety Integrated Service Platform as the research object 

and integrates multi-source data, including road networks, meteorological data, dining 

and entertainment POIs, metro stations, and public parking facilities, to develop an ana-

lytical framework for drunk-driving violation risk identification. First, kernel density es-

timation and spatio-temporal density-based clustering are used to identify the historical 

clustering characteristics of drunk-driving violations. Second, using 400 m regular grids 

as the basic spatial units, time-specific binary risk models are constructed for daytime, 

evening, and post-midnight periods to analyze the effects of road conditions, urban activ-

ity spaces, public transport accessibility, parking facilities, weather, and weekend factors 

on drunk-driving violation risk. Third, considering the possible influence of dining and 

entertainment venues on surrounding road spaces, spatial spillover variables of POIs are 

further constructed. Finally, historical clustering hotspots are spatially overlaid with 

model-predicted risk grids to generate enforcement-oriented risk classification results. 

The objective of this study is not merely to describe the spatial distribution of drunk-driv-
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ing violations, but to connect drunk-driving risk identification, influencing-factor analy-

sis, and governance zoning, thereby providing a technical pathway for road safety gov-

ernance and enforcement resource allocation in megacities. 

2. Data and Methods 

2.1. Study Area and Data Sources 

This study takes Shanghai as the study area. The multi-source data used in this study 

include drunk-driving violation records, road network data, metro station data, meteoro-

logical data, and points of interest (POI) data. The drunk-driving violation data were ob-

tained from publicly available records released by the Shanghai Traffic Safety Integrated 

Service Platform. The study period covers 1 November 2024 to 14 December 2025. The 

main fields include violation time, violation location, violation type, and administrative 

district. This study focuses on the drunk-driving violations publicly recorded during the 

study period, and their spatial distribution is shown in Figure 1. 

 

Figure 1. Spatial distribution of publicly recorded drunk-driving violations in Shanghai. 

The road network data were obtained from the Shanghai Public Data Open Platform. 

The main fields include road name, road class, road code, and road geometry. The metro 

station data were also obtained from the Shanghai Public Data Open Platform and mainly 

include station name, line information, and spatial coordinates. 

The meteorological data were obtained from the National Historical Weather Data 

Platform and include hourly weather conditions, air temperature, rainfall, and snowfall 

in Shanghai during the study period. The POI data were obtained from the Amap plat-

form. The main fields include POI ID, name, address, category, and longitude and latitude 

coordinates. Considering activity settings that may be related to drunk-driving behavior, 

this study extracted dining, entertainment, and public parking facility POIs. Among them, 

entertainment POIs mainly include bars, nightclubs, KTVs, and similar venues. 

2.2. Data Preprocessing 

To support subsequent spatio-temporal clustering and grid-based risk modeling, the 

original multi-source data were cleaned, coordinate systems were unified, and spatial 
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matching was conducted. For the drunk-driving violation data, duplicate records were 

first removed, resulting in 1814 valid samples. Core fields, including violation time, vio-

lation location, and administrative district, were retained, and temporal attributes such as 

year, month, hour, and day of the week were extracted from the violation time. For viola-

tion locations recorded as text addresses, geocoding was used to convert them into longi-

tude and latitude coordinates under the WGS 1984 coordinate system. The coordinates 

were then projected to WGS 1984 UTM Zone 51N to ensure the accuracy of subsequent 

spatial distance calculation and grid matching. 

For the meteorological data, as no snowfall occurred in Shanghai during the study 

period, the snowfall field was removed, and hourly air temperature and rainfall were re-

tained. The hourly meteorological information was then matched with violation events 

according to the occurrence time of each drunk-driving violation, forming a standardized 

event dataset containing temporal, spatial, and meteorological attributes. 

For the road network data, roads were filtered according to road class and motor-

vehicle accessibility. Expressways, arterial roads, secondary roads, and major branch 

roads were retained, while internal minor roads and non-motorized lanes were excluded. 

The filtered road network was used to calculate the length of road segments included in 

the analysis within each grid. The proportion of higher-level road length was further ex-

tracted to reflect roadway exposure and road hierarchy at the grid level. 

For the metro station data, duplicate records were removed based on station names 

and spatial coordinates to reduce the influence of transfer stations and repeated records 

on station counts. The processed metro station data were used to calculate the distance 

from each grid centroid to the nearest metro station, which served as a proxy variable for 

public transport accessibility. 

For the POI data, dining, entertainment, and public parking facility POIs were se-

lected according to the category field. Dining and entertainment POIs were used to de-

scribe urban activity spaces related to alcohol consumption, while public parking facility 

POIs were used to reflect the supply of parking facilities within each grid. Dining and 

entertainment POIs were further aggregated by the number of POIs within each grid and 

within the surrounding 400–800 m annular buffer, supporting the subsequent analysis of 

local effects and surrounding spatial associations. 

2.3. Identification of High-Risk Clusters 

2.3.1. ST-DBSCAN Algorithm 

Drunk-driving violations show both spatial and temporal proximity. Traditional 

clustering methods consider only spatial proximity and cannot fully capture the spatio-

temporal clustering characteristics of drunk-driving events. Therefore, this study uses the 

spatio-temporal density-based clustering algorithm ST-DBSCAN to identify high-risk 

clusters of drunk-driving violations. This algorithm incorporates both spatial and tem-

poral neighborhoods within a density-based clustering framework and can identify spa-

tio-temporalal hotspots with arbitrary shapes [22,23]. 

Let the set of drunk-driving violation points be defined as: 

P = {p
i
 = (xi, yi

, τi)| i = 1, 2, … , n}  (1) 

where (x
𝑖
, y

i
) denotes the planar coordinates of event point p

i
 in the projected coordinate 

system, and τi denotes the number of minutes within a day corresponding to the event 

occurrence time. 

The event time is converted into a within-day minute variable: 

τi = 60hi + mi, τi ∈ [0, 1439]  (2) 

where hi and mi denote the hour and minute of the event occurrence time, respectively. 
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The spatial distance between event points p
i
 and p

j
 is calculated using the Euclid-

ean distance: 

ds (pi 
, p

j 
) = √(xi  −  xj )

2 + (y
i
 −  y

j 
)2  (3) 

Because the high-incidence period of drunk driving usually crosses midnight, tem-

poral distance is represented by the within-day circular distance: 

dt (pi 
, p

j 
) = min{|τi  −  τj |, 1440 −  |τi  −  τj |}  (4) 

Given a spatial neighborhood radius εs and a temporal neighborhood threshold εt, 

the spatio-temporal neighborhood of event point p
i
 is defined as: 

N(εs ,εt) 
(p

i 
) = {p

j
 ∈ P | ds (pi 

, p
j 
) ≤ εs , dt (pi 

, p
j 
) ≤ εt }  (5) 

If the number of events in the spatio-temporal neighborhood of p
i
 is no less than the 

minimum number of samples, that is, |Nεs ,εt (pi 
)| ≥ MinPts, then p

i
 is defined as a core 

point. Starting from such core points, the algorithm expands through density-connected 

relationships and finally forms spatio-temporal clusters. Samples that are not assigned to 

any cluster are treated as noise points. 

2.3.2. Parameter Setting for Clustering 

The performance of ST-DBSCAN clustering is directly affected by three key parame-

ters: the spatial neighborhood radius, the temporal neighborhood threshold, and the min-

imum number of samples [24]. To reduce the subjectivity of parameter selection, this 

study conducted multi-scenario comparisons based on the characteristics of the data. 

For the spatial neighborhood radius (εs ), six radius settings ranging from 200 m to 

1000 m were compared using kernel density analysis [25]. The results showed that a 

smaller spatial radius can preserve finer local differences, but may lead to fragmented 

clusters, whereas a larger spatial radius can reduce noise points but may merge events 

located in adjacent road spaces, thereby weakening the identification of micro-scale 

hotspots. Considering the spatial continuity of event clustering, the scale of urban road 

spaces, and the connection with the subsequent grid-based modeling, this study selected 

400 m as the spatial neighborhood radius of ST-DBSCAN, namely: εs = 400  m. 

For the temporal neighborhood threshold (εt ), the temporal distribution of drunk-

driving events showed that 20:00 to 02:00 of the following day was the core peak period, 

accounting for approximately 71.61% of all samples. After further comparing different 

time windows, a 6 h window was found to effectively cover both the core and marginal 

peak periods of drunk-driving events. Therefore, 6 h was selected as the temporal neigh-

borhood threshold, namely: =360 min. 

For the minimum number of samples (MinPts), this study compares three auxiliary 

indicators under MinPts = 3 to 10 : the number of valid clusters, the number of events 

within clusters, and the number of POIs within 400 m of cluster centers. The parameter 

definitions are as follows. 

Let the k-th cluster be Ck. The number of events within the cluster is Ek = |Ck |, The 

cluster center coordinates are: 

x̄k = 
1

Ek
 ∑  xi 

pi∈Ck

, ȳ
k
 = 

1

Ek
 ∑  y

i
pi∈Ck

 (6) 

Let the projected coordinates of the m-th POI be (um,vm), and let the study area con-

tain M relevant POIs. The number of POIs within 400 m of the cluster center is: 

POIk = ∑  I 

M

m=1

(√(x̄k −  um)2 + (ȳ
k 

−  vm)2  ≤ 400)  (7) 
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where I(⋅) is an indicator function that equals 1 when the condition is satisfied and 0 oth-

erwise. 

The comparison results are shown in Table 1. As MinPts increases, the number of 

clusters decreases, but the concentration of events within clusters increases. MinPts = 9 

achieved a relatively good balance between event concentration and the number of sur-

rounding POIs. Therefore, MinPts = 9 was selected as the main analysis parameter. The 

final core parameters are εs = 400  m, εt = 360 min, and MinPts = 9. 

Table 1. Comparison of clustering results under MinPts values from 3 to 10. 

MinPts 
Number of Valid 

Clusters 

Average Violations per 

Cluster 

Average POI Count 

Within 400 m 

3 143 6.6 4 

4 94 8.4 4.5 

5 70 9.9 3.8 

6 57 10.9 3.9 

7 39 13.2 4.6 

8 35 13.8 5.5 

9 25 16.1 6.5 

10 20 17.7 4.8 

The ST-DBSCAN clustering results were used to identify explicit spatio-temporal 

concentrations of drunk-driving violations observed during the study period. In the sub-

sequent analysis, this study further combined the grid-based risk model to identify poten-

tial high-risk spaces, and used both historical clustering results and model-predicted risks 

for risk classification. 

2.4. Period-Specific Drunk-Driving Risk Models 

To examine the effects of alcohol-related activity spaces, road conditions, public 

transport accessibility, parking facilities, meteorological factors, and temporal attributes 

on the risk of drunk-driving violations under different temporal contexts, this study uses 

regular grids as the basic spatial units and develops time-specific binary Logit models as 

the main models. Given the low-frequency and sparse nature of drunk-driving violations 

at the grid-date-period level, a complementary log-log model is further employed for ro-

bustness testing. In addition, to capture the potential influence of dining and entertain-

ment venues on surrounding road spaces, POI spillover variables within the 400–800 m 

annular buffer are incorporated into the model. 

2.4.1. Grid Construction 

To maintain consistency between the spatial unit of the risk model and the clustering 

radius, 400 m × 400 m regular grids were generated under the projected coordinate sys-

tem. Water areas and invalid areas without road network coverage were removed, result-

ing in a valid grid set G = {g
1
,g

2
,…,g

j
}. Drunk-driving violations, road network data, and 

POI data were then matched to the grid cells. In this study, regular grids serve as the 

spatial units for risk estimation and governance zoning, while the occurrence locations of 

drunk-driving violations are still associated with road spaces. Based on this setting, grids 

without road network coverage were excluded, and the main road length and road hier-

archy variables within each grid were incorporated into the subsequent models to 

strengthen the correspondence between grid-based risk estimates and road spaces. 

In the temporal dimension, the whole day was divided into three periods according 

to the intraday fluctuation pattern of drunk-driving behavior. Specifically, T1 was defined 

as 6:00–18:00, mainly corresponding to routine daytime travel; T2 was defined as 18:00–
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24:00, mainly corresponding to the period when evening dining and entertainment activ-

ities are concentrated and some departure trips occur; and T3 was defined as 0:00–6:00, 

mainly corresponding to return trips after late-night activities. This division distinguishes 

daytime and nighttime risk differences and further allows comparison between the first 

half of the nighttime period and the post-midnight period. 

Drunk-driving violations occurring during 00:00–06:00 are usually still related to the 

previous evening’s dining, entertainment, and return-trip process. To preserve the conti-

nuity of nighttime activity chains in date attribution, T3 was attributed to the previous 

calendar day. Let the event occurrence time be ti , and let its assigned date be di
*. Then: 

di
* = {

date(ti ) −  1, 00:00 ≤ time(ti) < 06:00

date(ti ), otherwise
 (8) 

Based on this adjustment, a weekend indicator is constructed. Let Wds  indicate 

whether date d and period s belong to a weekend context. Considering that early Saturday 

morning activities are directly influenced by Friday evening activities, T2 and T3 periods 

assigned to Friday, as well as all periods assigned to Saturday and Sunday, are defined as 

weekend periods. All other periods are defined as weekdays: 

Wds= {
1, d

*∈ weekend periods

0, otherwise
 (9) 

A three-dimensional panel dataset consisting of grids, dates, and time periods is then 

constructed. 

2.4.2. Variable Definitions 

Studies on traffic violations and traffic crashes generally suggest that road safety risk 

is jointly influenced by temporal attributes, road conditions, meteorological conditions, 

and surrounding activity facilities [15,26,27]. Based on data availability and the research 

objectives of this study, dining POIs, entertainment POIs, surrounding POIs, road length 

included in the analysis, road hierarchy, metro accessibility, public parking facilities, 

weekend, rainfall, and average temperature were selected as explanatory variables to an-

alyze their effects on the risk of drunk-driving violations. 

The dependent variable was defined according to whether a drunk-driving violation 

occurred in a given grid cell on a specific date and during a specific time period. Let Njds 

denote the number of drunk-driving violations observed in grid g
j
 on date d during pe-

riod s. The dependent variable is defined as: 

Yjds = {
1, Njds > 0

0, Njds = 0
 (10) 

where Yjds is a binary variable indicating whether at least one drunk-driving violation 

occurred in grid g
j
 on date d during period s. 

The core independent variables are the number of entertainment POIs and dining 

POIs within each grid. Because POI counts are clearly right-skewed, a log transformation 

is applied to reduce the influence of extreme values: 

Xj
ent = ln ( 1 + Entj)  (11) 

Xj
din = ln ( 1 + Dinj)  (12) 

where Entj and Dinj denote the numbers of entertainment POIs and dining POIs within 

grid g
j
 , respectively. Xj

ent  and Xj
din  denote the log-transformed entertainment POI and 

dining POI variables, respectively. 
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To further capture the influence of dining and entertainment venues on surrounding 

road spaces, this study calculated the numbers of entertainment POIs and dining POIs 

within the 400–800 m annular buffer outside the target grid and applied the same loga-

rithmic transformation. Let Entj
spill

 and Dinj
spill

 denote the numbers of entertainment and 

dining POIs within the 400–800 m annular buffer around grid j, respectively. Then: 

Xj
ent,spill

 = ln ( 1 + Entj
spill

)  (13) 

Xj
din,spill

 = ln ( 1 + Dinj
spill

)  (14) 

The road condition variables include the road length included in the analysis and the 

proportion of higher-level roads. The road length included in the analysis reflects the scale 

of road space within each grid that can accommodate motor-vehicle travel and the obser-

vation of violation records. The proportion of higher-level roads is calculated as the length 

of expressways, arterial roads, and secondary roads divided by the total road length in-

cluded in the analysis, and is used to represent the road hierarchy. 

Public transport accessibility is measured by the distance from the grid centroid to 

the nearest metro station. The public parking facility variable is measured by the log-

transformed number of public parking facility POIs within each grid. Meteorological var-

iables include rainfall and centered average temperature, and the temporal attribute is 

represented by the weekend variable. The symbols and definitions of the variables are 

shown in Table 2. 

Table 2. Variable definitions and descriptive statistics. 

Category Variable Symbol Description Mean 
Std. 

Dev. 

Dependent 

variable 

Occurrence of 

drunk-driving viola-

tions 

Yjds 
1 if at least one drunk-driving 

violation occurred in the grid 

during the period, 0 otherwise 

0.0004 0.0192 

Key inde-

pendent 

variables 

Log of entertain-

ment POIs 
Xj

ent 

Logarithmic transformation of 

the number of entertainment 

POIs within the grid 

0.2494 0.4652 

Log of dining POIs Xj
din 

Logarithmic transformation of 

the number of dining POIs 

within the grid 

0.8373 0.6836 

Spillover 

variables 

Surrounding enter-

tainment POIs 
Xj

ent,spill
 

Log-transformed number of 

entertainment POIs within the 

400–800 m annular buffer out-

side the grid 

0.6576 0.8761 

Surrounding dining 

POIs 
Xj

din,spill
 

Log-transformed number of 

dining POIs within the 400–

800 m annular buffer outside 

the grid 

1.4832 1.1678 

Control 

variables 

Road length in-

cluded in the analy-

sis 

RLj 

Total length of expressways, 

arterial roads, secondary 

roads, and major branch 

roads within the grid, meas-

ured in km 

0.8672 0.8735 

Proportion of 

higher-level roads 
HRj 

Ratio of the length of express-

ways, arterial roads, and sec-

ondary roads to the total road 

0.4973 0.4398 
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length included in the analy-

sis within the grid 

Distance to the near-

est metro station 
MDj 

Distance from the grid cen-

troid to the nearest metro sta-

tion, measured in km 

4.0783 6.8090 

Public parking facil-

ities 
𝑃j 

Log-transformed number of 

public parking facility POIs 

within the grid 

0.6151 0.6933 

Weekend Wds 
1 for T2/T3 on Friday and all 

day on weekends, 0 otherwise 
0.3847 0.4865 

Rainfall Rds 
1 if cumulative rainfall > 0, 0 

otherwise 
0.2812 0.4496 

Centered average 

temperature 
Tds

c  
Average temperature minus 

the sample mean 
0 9.1314 

2.4.3. Logit Model 

This study adopts a binary Logit model to estimate the occurrence probability of 

drunk-driving violations. Logit models have been widely used in traffic safety and crash 

severity studies to analyze the relationships between influencing factors and event occur-

rence probabilities [28]. Let 𝜋jds = Pr ( Yjds = 1) denote the probability that a drunk-driving 

violation occurs in grid j on date d during period s. The Logit model is specified as: 

log i t(πjds) = ln (
πjds

1  −  πjds
)  = η

jds

(s)
 (15) 

where η
jds 

(s)
 is the linear predictor. Considering that drunk-driving behavior may be gen-

erated by different mechanisms across time periods, T1, T2, and T3 are modeled sepa-

rately. For any period s ∈ {T1, T2, T3}, the linear predictor is specified as: 

η
jds

(s)
 = β

0

(s) + β
1

(s)Xj
ent + β

2

(s)Xj
din + β

3

(s)Xj
ent,spill

 + β
4

(s)Xj
din,spill

 + β
5

(s)RLj + β
6

(s)HRj + β
7

(s)MDj + β
8

(s)Pj + β
9

(s)Wds + β
10

(s)Rds + β
11

(s)Tds
c

 (16) 

where β
0
(s) is the intercept for period s, and β

1
(s) to β

11

(s)  are the parameters to be estimated 

for the explanatory variables in period s. The meanings of the remaining variables are 

provided in Table 2. 

2.4.4. Complementary Log-Log Model 

Since grid-level drunk-driving violations are typical low-frequency and sparse 

events during the observation period, this study further adopts a complementary log-log 

(cloglog) model to test the robustness of the Logit model results. The cloglog model is 

commonly used for binary events with low occurrence probabilities and can serve as a 

complementary specification to the Logit model [29]. 

Let 𝜋jds = Pr ( Yjds = 1). The complementary log-log model is expressed as: 

clog log(πjds) = ln[− ln(1 − πjds)] = η
jds

(s)
 (17) 

The equivalent probability form is: 

𝜋jds = 1 −  exp [−exp (η
jds 

(s)
)]  (18) 

where η
jds

(s)
 is consistent with the linear predictor in the baseline Logit model, and the var-

iables are defined in Table 2. By comparing the direction, significance, and period-specific 

differences in the core variables across the two models, the robustness of the baseline con-

clusions can be assessed. 
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2.5. Risk Classification and Spatial Integration 

To clarify the transformation from historical clusters and model-predicted risk to en-

forcement priority classes, the workflow of risk classification and spatial integration is 

illustrated in Figure 2. 

 

Figure 2. Workflow of risk classification and spatial integration. 

3. Results 

3.1. Multicollinearity Test 

To ensure the stability of parameter estimation in the Logit models, this study con-

ducted a variance inflation factor (VIF) test for the explanatory variables before the regres-

sion analysis. The tested variables included entertainment POIs within the grid, dining 

POIs within the grid, entertainment POIs within the surrounding 400–800 m annular 

buffer, dining POIs within the surrounding 400–800 m annular buffer, road length in-

cluded in the analysis, proportion of higher-level roads, distance to the nearest metro sta-

tion, public parking facilities, weekend, rainfall, and centered average temperature. Pre-

vious studies generally suggest that when 0 < VIF < 10, there is no serious multicollinear-

ity among independent variables. The test results show that the maximum VIF value is 

3.046, indicating that no serious multicollinearity existed among the explanatory variables 

and that they could be included in the subsequent time-specific risk models. 

3.2. Temporal and Spatial Distribution Characteristics of Drunk-Driving Violations 

From the temporal distribution, publicly recorded drunk-driving violations in 

Shanghai show a clear nighttime concentration, as shown in Figure 3. The number of 

events increases markedly after 18:00 and enters a high-incidence stage during 20:00–

23:00. After midnight, the event count remains at its highest level around 00:00 and then 

gradually declines after 01:00, but it remains relatively high before 02:00. In contrast, the 
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daytime period from 06:00 to 18:00 has a generally lower number of events, with a partic-

ularly flat distribution between 10:00 and 12:00. This pattern is consistent with evening 

dining, overnight entertainment, and late-night return trips in urban areas. 

 

Figure 3. Hourly distribution of publicly recorded drunk-driving violations. Note: The dashed lines 

indicate the three time periods used in the analysis: T1 (06:00–18:00), T2 (18:00–24:00), and T3 (00:00–

06:00). In the panel construction, T3 was attributed to the previous behavioral date. 

In terms of spatial distribution, Figure 4 shows that publicly recorded drunk-driving 

violation records were not evenly distributed across the study area, but instead exhibited 

a clear pattern of hotspot clustering. Several local high-value areas are observed in the 

study area. Hotspots are mainly concentrated in the central urban area and nearby areas 

with dense road networks and active commercial and entertainment activities. Peripheral 

areas have relatively low overall densities, with only a few scattered high-value nodes. 

This suggests that drunk-driving risk has significant spatial heterogeneity. Its distribution 

is shaped not only by the overall urban activity structure but also by stronger local clus-

tering in key areas. 

 

Figure 4. Kernel density distribution of publicly recorded drunk-driving violations in Shanghai. 
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3.3. Identification Results of High-Risk Clusters 

The ST-DBSCAN clustering shows that publicly recorded drunk-driving violation 

records were not evenly distributed across the study area, but instead exhibited a clear 

pattern of hotspot clustering. Under this parameter setting, 25 high-risk clusters are iden-

tified. Their spatial distribution is shown in Figure 5. 

 

Figure 5. Spatial distribution of high-risk clusters. 

The high-risk clusters are not distributed as continuous large areas but appear as 

multiple discrete local hotspots. Compared with the continuous high-risk pattern revealed 

by kernel density analysis, the high-risk clusters further condensed the overall hotspots 

into smaller-scale explicit clustering areas, allowing the risk of drunk-driving behavior to 

be represented by locatable hotspot clusters. These results help identify explicit clustering 

areas that had already formed in the historical observation records and provide a basis for 

subsequent comparison with model-predicted risk grids and risk classification. 

3.4. Time-Specific Risk Model Results 

To quantify the effects of different variables on the probability of drunk-driving vio-

lations, baseline Logit models are estimated separately for T1, T2, and T3. The regression 

results are shown in Table 3, and the odds ratios (ORs) are shown in Figure 6. 

Table 3. Regression results of the time-specific Logit models. 

Variable 
T1 Coef. 

(S.E.) 
T1 OR 

T2 Coef. 

(S.E.) 
T2 OR 

T3 Coef. 

(S.E.) 
T3 OR 

Entertainment POIs 

within the grid 
−0.489 (0.376) 0.613 

−1.152 *** 

(0.270) 
0.316 

−0.705 *** 

(0.242) 
0.494 

Dining POIs within 

the grid 

−1.135 *** 

(0.250) 
0.321 

−1.684 *** 

(0.198) 
0.186 

−1.313 *** 

(0.216) 
0.269 

Surrounding enter-

tainment POIs 

−0.044 ** 

(0.018) 
0.957 

−0.061 ** 

(0.023) 
0.941 −0.012 (0.015) 0.988 

Surrounding dining 

POIs 

0.016 ** 

(0.006) 
1.016 

0.019 *** 

(0.006) 
1.019 

0.019 *** 

(0.004) 
1.020  
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Road length included 

in the analysis 

0.248 ** 

(0.114) 
1.281 0.071 (0.110) 1.074 0.022 (0.107) 1.022 

Higher-level road ra-

tio 
−0.009 (0.212) 0.991 0.041 (0.131) 1.042 0.078 (0.189) 1.081 

Distance to nearest 

metro station 
0.014 (0.011) 1.014 −0.001 (0.006) 0.999 

−0.021 ** 

(0.009) 
0.980 

Public parking facili-

ties 

−0.454 *** 

(0.164) 
0.635 

−0.305 *** 

(0.104) 
0.737 

−0.234 * 

(0.137) 
0.791 

Weekend 0.236 (0.159) 1.266 0.130 * (0.066) 1.138 
0.283 *** 

(0.080) 
1.327 

Rainfall 0.144 (0.179) 1.155 −0.111 (0.085) 0.895 0.010 (0.108) 1.010 

Centered average tem-

perature 
−0.004 (0.008) 0.996 −0.003 (0.004) 0.997 

−0.009 * 

(0.005) 
0.991 

Constant 
−8.725 *** 

(0.252) 
— 

−6.363 *** 

(0.127) 
— 

−7.095 *** 

(0.184) 
— 

Observations 1,579,967 1,579,967 1,579,967 

Positive events 179 917 648 

Positive rate 0.0001 0.0006 0.0004 

AIC 3536.552 14,693.240 11,069.455 

McFadden Pseudo R2 0.024 0.053 0.031 

Note: *** p < 0.01, ** p < 0.05, * p < 0.10. 

 

Figure 6. Forest plot of Odds Ratios (ORs) for the Logit models. Note: The dashed line represents 

OR = 1. 

The positive sample rates in all three periods were below 0.1%, indicating that pub-

licly recorded drunk-driving violations were clearly low-frequency and sparse at the grid 

scale. In terms of model fit, T2 had a relatively larger number of positive samples and a 
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higher McFadden Pseudo R2, suggesting that risk differences were more pronounced dur-

ing the evening period when dining, entertainment, and departure activities were concen-

trated. 

The POI variables within the grid showed relatively consistent negative associations. 

Dining POIs were significantly and negatively associated with drunk-driving risk in all 

three periods, with OR values of 0.321, 0.186, and 0.269, respectively. Entertainment POIs 

were also significantly negative in T2 and T3, with OR values of 0.316 and 0.494, respec-

tively, but were not significant in T1. These results indicate that publicly recorded drunk-

driving violations were not concentrated within the grids where dining and entertainment 

venues were located. In central urban areas or commercially active districts, dining and 

entertainment facilities often coexist with better public transport accessibility, more de-

veloped road management conditions, and more diverse travel alternatives. Violation rec-

ords may therefore be more likely to be observed on surrounding roads or return routes 

after drivers leave activity venues. The negative coefficients of within-grid POIs thus do 

not indicate a simple inverse relationship between alcohol-related activities and risk; ra-

ther, they suggest a possible spatial mismatch between the locations of activity venues 

and the locations where violation records were observed. 

Different from within-grid POIs, the 400–800 m annular POI variables reveal the re-

lationship between surrounding activity spaces and road risk. Surrounding dining POIs 

were significantly positive in all three periods, with OR values of 1.016, 1.019, and 1.020, 

respectively, indicating that road spaces around dining-intensive areas were more likely 

to record drunk-driving violations. This finding is consistent with the travel process of 

drunk driving: violation records do not necessarily occur within the grid containing din-

ing facilities, but may appear on adjacent road spaces after vehicles leave dining venues. 

Surrounding entertainment POIs were significantly negative in T1 and T2 and insignifi-

cant in T3, suggesting stronger temporal variation in the surrounding associations of en-

tertainment venues. Compared with dining facilities, entertainment venues may involve 

more dispersed activity times, longer and more variable stay durations, and different de-

parture patterns, so their surrounding road risk did not show a stable positive spillover 

pattern. 

Among the road condition variables, road length included in the analysis was signif-

icantly positive in T1, with an OR of 1.281, while it remained positive but insignificant in 

T2 and T3. This result suggests that, during the daytime period, drunk-driving violation 

records were more likely to be observed in grids with a larger scale of major road space, 

possibly because daytime road movements and enforcement observation opportunities 

are more dependent on the size of the road space. The proportion of higher-level roads 

was not significant in any of the three periods, indicating that after controlling for road 

length, POIs, public transport, parking facilities, temporal attributes, and meteorological 

factors, road hierarchy itself had limited independent explanatory power for drunk-driv-

ing risk. By incorporating both road length and road hierarchy, the model controls for 

road exposure and road composition at the grid scale, thereby avoiding an interpretation 

of risk distribution based solely on activity facilities. 

Public transport accessibility and parking facilities showed different directional pat-

terns. The distance to the nearest metro station was significantly negative only in T3, with 

an OR of 0.980, indicating that post-midnight drunk-driving risk tended to appear in grids 

closer to metro stations. Areas surrounding metro stations are often also urban nodes with 

concentrated commercial activities, nighttime activities, and transport flows. The post-

midnight concentration of risk may therefore be related to higher activity intensity and 

departure travel demand in these areas. Public parking facilities were negative in all three 

periods; the effect was significant in T1 and T2 and significant at the 10% level in T3, with 

https://doi.org/10.3390/su18147299


Sustainability 2026, 18, 7299 16 of 27 
 

https://doi.org/10.3390/su18147299 

OR values of 0.635, 0.737, and 0.791, respectively. This indicates that grids with more park-

ing facilities generally showed lower drunk-driving risk after controlling for other factors. 

This result may be related to better transport service provision, road order, and spatial 

management in areas with more complete parking facilities, and may also reflect the com-

bined influence of parking facilities and more mature urban functional areas. 

In addition, the robustness test using the complementary log-log model shows that, 

after replacing the link function, the directions and significance levels of the core variables 

remain generally consistent. This suggests that the results of the main model are robust. 

3.5. Spatial Distribution of Time-Specific Risk and Enforcement Priority Classification 

Based on the predicted results of the time-specific Logit models, this study further 

calculated the predicted probability of drunk-driving violations for each grid under dif-

ferent temporal scenarios and mapped the spatial distribution of time-specific risk. The 

predicted probability represents the probability that at least one publicly recorded drunk-

driving violation is observed in a grid-date-period unit. To reveal local differences in risk 

distribution under different temporal scenarios, Figures 7–10 classify the predicted prob-

abilities in each scenario using the natural breaks method. 

 

Figure 7. Spatial distribution of predicted drunk-driving violation probability in T1. Note: The pre-

dicted probabilities in each scenario were classified separately using the natural breaks method. The 

color classes indicate relative probability levels within each scenario, while the numerical legend 

ranges allow comparison of probability levels across scenarios. 
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Figure 8. Spatial distribution of predicted drunk-driving violation probability in T2. Note: The pre-

dicted probabilities in each scenario were classified separately using the natural breaks method. The 

color classes indicate relative probability levels within each scenario, while the numerical legend 

ranges allow comparison of probability levels across scenarios. 

 

Figure 9. Spatial distribution of predicted drunk-driving violation probability in T3. Note: The pre-

dicted probabilities in each scenario were classified separately using the natural breaks method. The 

color classes indicate relative probability levels within each scenario, while the numerical legend 

ranges allow comparison of probability levels across scenarios. 
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(a) T2. 

 
(b) T3. 

Figure 10. Spatial distribution of predicted drunk-driving violation probability under weekend sce-

narios: (a) T2; (b) T3. Note: The predicted probabilities in each scenario were classified separately 

using the natural breaks method. The color classes indicate relative probability levels within each 

scenario, while the numerical legend ranges allow comparison of probability levels across scenarios. 

Overall, the spatial distributions of risk differed markedly across T1, T2, and T3. Dur-

ing T1, the overall predicted probability was relatively low, ranging from 0.000000 to 

0.001429. As shown in Figure 7, only a small number of high-value grids appeared, and 
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they were spatially scattered. These high-value grids were mainly located in non-central 

urban areas and around several major road nodes, without forming continuous high-

value belts. This pattern is consistent with the daytime routine travel characteristics of T1, 

indicating that drunk-driving violation risk during the daytime was generally low and 

was spatially expressed mainly as scattered high-value nodes along local road spaces. 

After entering T2, with the beginning of nighttime dining and entertainment activi-

ties, the predicted probability increased markedly, and the risk range expanded to 

0.000000–0.003353, as shown in Figure 8. Compared with T1, T2 had a substantially larger 

number of higher-risk grids, and the spatial distribution became more continuous. High-

risk areas highly overlapped with core commercial districts, dining streets, and surround-

ing major road networks, and extended in belt-like patterns along several east–west and 

north–south major roads. This period corresponds to the stage when evening dining, en-

tertainment, and departure activities are relatively active. The spatial risk pattern there-

fore shifted from scattered daytime nodes to patch-like and corridor-like distributions 

shaped jointly by nighttime activity spaces and road traffic spaces. 

The risk distribution in T3 differed from that in T2. The predicted probability in T3 

ranged from 0.000001 to 0.001798, which was generally lower than that in T2, and the 

spatial structure of high-risk grids changed to some extent, as shown in Figure 9. Com-

pared with T2, high-value areas in T3 were more concentrated around the central urban 

area and several key road nodes, while some risk grids extended toward the central urban 

area along road spaces connecting the central and peripheral areas. This indicates that, 

compared with the evening dining period, post-midnight drunk-driving violation risk did 

not diffuse uniformly across the whole city, but was more likely to remain near return 

routes and traffic transfer nodes after nighttime activities ended. 

A further comparison between weekend and weekday scenarios shows that week-

ends generally increased the risk levels in T2 and T3, as shown in Figure 10. Under the T2 

weekend scenario, the predicted probability range increased to 0.000000–0.003815, repre-

senting the highest probability range among the five scenarios. Compared with the T2 

baseline scenario, the weekend scenario did not change the basic spatial locations of high-

value areas but increased the risk levels in the central urban area, peripheral commercial 

nodes, and along several major roads, causing more grids to enter higher probability in-

tervals. Under the T3 weekend scenario, the predicted probability ranged from 0.000001 

to 0.002385, which was higher than that under the T3 baseline scenario. High-value areas 

remained concentrated around the central urban road spaces, while several peripheral 

nodes also showed increased risk. Overall, the weekend effect mainly amplified existing 

nighttime risk spaces rather than generating a completely different spatial pattern. 

On the basis of the spatial distribution of predicted risk, this study further integrated 

model-predicted high-risk grids with historical spatio-temporal high-risk clusters identi-

fied by ST-DBSCAN to form an enforcement-oriented priority classification. The high-risk 

clusters reflect the actual aggregation characteristics of drunk-driving events in both spa-

tial and temporal dimensions, while the time-specific grid regression results reflect the 

theoretically predicted risk of drunk-driving violations under specific temporal scenarios. 

Integrating these two types of results allows both predicted risk areas and historically 

clustered locations to be considered within the same spatial units. Figure 11 presents the 

enforcement priority classification results for T1, T2, and T3. 
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(a) T1. 

 
(b) T2. 
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(c) T3. 

Figure 11. Enforcement priority classification based on risk fusion: (a) T1; (b) T2; (c) T3. 

The enforcement priority classification for T1 was dominated by Background areas, 

as shown in Figure 11a. In this period, only 2 grids were classified as Priority areas, cor-

responding to 2.4128 km of road length but containing 14 observed violation records. 

There were 45 Warning grids, corresponding to 54.2885 km of road length and containing 

73 observed violation records. By contrast, the Background areas included 8798 grids and 

11,383.0289 km of road length, but contained 92 observed violation records. This result 

indicates that although the overall T1 risk was relatively low, the small number of grids 

where predicted risk overlapped with historical clusters still showed a high concentration 

of events and can serve as key reference areas for limited daytime enforcement deploy-

ment. 

The enforcement priority classification changed markedly in T2, as shown in Figure 

11b. The number of Priority grids increased to 47, corresponding to 29.6601 km of road 

length and containing 360 observed violation records. The number of Warning grids in-

creased to 2573, corresponding to 4602.0989 km of road length and containing 268 ob-

served violation records. Compared with T1, T2 showed not only a substantial increase in 

Priority grids but also a large expansion of Warning areas within the central urban area 

and surrounding major road spaces. This indicates that nighttime risk formed a spatial 

structure consisting of highly concentrated enforcement grids and broader warning grids. 

The enforcement priority classification for T3 is shown in Figure 11c. In this period, 

22 grids were classified as Priority areas, corresponding to 5.6332 km of road length and 

containing 97 observed violation records. There were 453 Warning grids, corresponding 

to 794.0102 km of road length and containing 357 observed violation records. The Back-

ground areas included 8370 grids and 10,618.1183 km of road length, containing 224 ob-

served violation records. Compared with T2, the number of Priority grids in T3 decreased, 

but they remained concentrated around key road nodes. The Warning areas showed a 

more evident diffusion pattern, indicating that during the post-midnight return period, 

risk still extended along road spaces beyond local hotspots. 
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Taken together, Figures 7–11 show clear temporal and spatial heterogeneity in 

drunk-driving violation risk. T1 was characterized by low predicted probabilities and 

scattered high-value grids; T2 showed a marked increase in risk level and a more contin-

uous high-value spatial pattern; and T3 exhibited post-midnight concentration around the 

central urban area and key road nodes. Weekend scenarios further increased the predicted 

probabilities in T2 and T3, strengthening nighttime and post-midnight risk within existing 

high-value areas. The risk fusion results further show that Warning areas covered broader 

potential risk spaces and should be considered in future enforcement deployment. By in-

tegrating model-predicted probabilities, historical clustering information, and road-space 

statistics, the classification results provide a spatial basis for time-specific and area-specific 

drunk-driving risk governance. 

4. Discussion 

4.1. Interpretation of the Formation Mechanism of Drunk-Driving Violation Risk 

The results indicate that publicly recorded drunk-driving violations in Shanghai ex-

hibit clear activity-chain characteristics and road-space dependence. Drunk-driving vio-

lations do not necessarily occur at the locations where drinking activities take place. In-

stead, they are often observed on departure roads, short-distance transfer routes, and 

post-midnight return trips after dining and entertainment activities. Therefore, the spatial 

distribution of drunk-driving violation risk is not a simple mapping of alcohol-related 

venues, but is jointly shaped by activity venues, road networks, transport nodes, and tem-

poral contexts. 

The difference between within-grid POIs and surrounding POIs further supports this 

interpretation. The model results show that dining and entertainment POIs within the 

grid were mostly negatively associated with drunk-driving risk, whereas dining POIs 

within the 400–800 m annular buffer showed significant positive associations across all 

three periods. This suggests that drunk-driving violation risk was not concentrated within 

the grids where dining and entertainment venues were located, but was more likely to 

emerge in the road spaces surrounding these venues. In central urban areas and commer-

cially active districts, dining and entertainment facilities often coexist with higher public 

transport accessibility, more developed road management conditions, and more diverse 

travel alternatives. As a result, the observed locations of violation records may shift to-

ward peripheral roads and return routes outside the activity venues. The effect of alcohol-

related activity spaces on risk is therefore better understood from the relationship between 

venues and roads, rather than from venue density alone. 

Temporal factors further strengthen this spatial mismatch mechanism. The risk levels 

in T2 and T3 were clearly higher than those in T1, and the weekend variable also showed 

stronger effects during the evening and post-midnight periods. This indicates that drunk-

driving violation risk is closely related to nighttime dining and entertainment activities, 

departure trips, and post-midnight return processes. T2 corresponds to evening activities 

and the initial departure stage, during which risk is more likely to concentrate in activity 

spaces and surrounding roads. T3 corresponds more closely to return trips after nighttime 

activities, with risk continuing around key road nodes and transport transition spaces. 

These results suggest that drunk-driving violation risk is highly dependent on temporal 

context. Nighttime and weekends do not merely change traffic volume; they also alter the 

combination of alcohol-related activities and motor-vehicle travel. 

Road and transport facility variables further show that drunk-driving violation risk 

is expressed through road space. Road length included in the analysis was significantly 

positive in T1, indicating that the scale of road space can affect the likelihood that violation 

records are observed. The distance to the nearest metro station was significantly negative 

in T3, suggesting that post-midnight risk is more likely to appear near urban nodes where 
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commercial activities, nighttime activities, and transport flows are relatively concentrated. 

The negative association of public parking facilities may reflect the combined influence of 

parking supply, road order, and spatial management conditions in areas with more de-

veloped facilities. Compared with a single road hierarchy variable, the combination of 

activity spaces, road exposure, and transport node conditions provides a more convincing 

explanation for the spatial differences in drunk-driving violation risk. 

Overall, nighttime dining and entertainment activities provide the behavioral back-

ground for risk generation, while road networks and transport nodes constitute the spatial 

carriers through which risk becomes visible. Weekends and post-midnight periods further 

strengthen the temporal concentration of risk. The historical high-risk clusters identified 

by ST-DBSCAN reflect explicit hotspots that have already formed, whereas model-pre-

dicted risk reveals potential risk areas shaped by multiple spatial factors. The integration 

of these two results indicates that drunk-driving violation risk is characterized not only 

by historical clustering, but also by spatial predictability driven by urban activities and 

road environments. 

4.2. Implications for Risk-Based Governance 

The risk identification results provide a spatial basis for shifting drunk-driving gov-

ernance from experience-based response to risk anticipation. Traditional drunk-driving 

enforcement often relies on existing violation records, experience with key road sections, 

and temporary special enforcement campaigns. Such approaches can respond directly to 

exposed high-incidence areas, but their ability to identify potential risk spaces and tem-

poral differences is relatively limited. By integrating historical spatio-temporal clustering 

results with model-predicted risk, this study helps identify both explicit hotspots where 

events have already clustered and potential risk areas with higher predicted probabilities, 

thereby providing a more refined basis for allocating enforcement resources across differ-

ent time periods and priority levels. 

From the perspective of enforcement priority, Priority areas show both higher pre-

dicted risk and historical event clustering. Although the number of such grids is limited, 

the concentration of observed violation records is high, making them suitable as core areas 

for targeted enforcement and routine monitoring. These areas can be used to determine 

relatively stable enforcement deployment locations. This is especially evident during T2, 

when evening dining, entertainment, and departure activities are concentrated; the 

stronger overlap between Priority grids and observed violation records indicates that key 

nighttime areas are highly identifiable. In contrast, Warning areas cover a broader spatial 

range and reflect a single high-risk signal from either model-predicted risk or historical 

clustering. These areas should not be regarded in the same way as fixed checkpoints, but 

they can serve as key areas for mobile patrols, temporary inspections, and coordinated 

control of surrounding road spaces, helping to reduce spatial omissions caused by reliance 

on historical hotspots alone. 

The time-specific results further suggest that drunk-driving governance should not 

adopt a uniform spatial strategy throughout the day. During T1, the overall risk level is 

relatively low, and governance efforts should focus more on a small number of local nodes 

overlapping with historical clusters, so as to avoid excessive dispersion of enforcement 

resources in low-risk periods. During T2, the risk level increases markedly, and both Pri-

ority and Warning areas expand substantially. This indicates that the evening period is 

the core window for risk governance, requiring greater attention to roads surrounding 

dining and entertainment activity spaces, roads extending from commercial nodes, and 

major departure routes. During T3, the number of Priority grids decreases compared with 

T2, but Warning areas still show spatial extension, suggesting that governance during the 

post-midnight return stage should consider both key nodes and connecting road spaces. 
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Compared with enforcement based solely on fixed points, post-midnight governance is 

better suited to flexible patrols that combine road corridors, transport transition nodes, 

and surrounding activity areas. 

The weekend scenario results show that temporal context is an important factor in 

drunk-driving risk governance. Weekends did not completely change the basic locations 

of high-risk spaces but further increased the probability levels of existing risk areas during 

evening and post-midnight periods. This means that weekend governance does not re-

quire the delineation of an entirely different spatial range. Instead, it should increase en-

forcement intensity and coverage frequency in existing key and warning areas. In areas 

where dining and entertainment activities are concentrated, weekend nighttime enforce-

ment can be more targeted by considering parking facilities, metro stations, commercial 

district exits, and major road intersections. 

Drunk-driving governance should also shift from the control of individual venues to 

the management of surrounding road spaces. The model results show that risk was not 

necessarily concentrated within the grids where dining and entertainment venues were 

located but was more likely to emerge on surrounding roads and return routes after vehi-

cles left these venues. Therefore, governance should not be limited to bars, dining streets, 

or entertainment facility locations themselves. It should also cover peripheral roads, park-

ing entrances and exits, roads connecting commercial areas, and nighttime return corri-

dors. Combining venue information with road space, transport nodes, and temporal con-

text can improve the match between enforcement deployment and the locations where 

risk actually appears. 

From the perspective of sustainable traffic safety governance, the risk classification 

results can support more efficient allocation of enforcement resources. Concentrating lim-

ited police resources in Priority areas and implementing flexible patrols in Warning areas 

can improve risk coverage without simply expanding the enforcement area. At the same 

time, identifying Background areas helps avoid excessive resource input in low-risk 

spaces, making the governance strategy more consistent with refined and evidence-based 

urban traffic management. For megacities, this risk governance framework based on 

multi-source data and model prediction can not only improve the efficiency of drunk-

driving violation control, but also support nighttime traffic safety, road order mainte-

nance, and the development of a sustainable travel environment. 

5. Conclusions 

Taking publicly recorded drunk-driving violations in Shanghai as the research object, 

this study integrated multi-source data, including drunk-driving violation records, dining 

and entertainment POIs, 400–800 m annular POIs, road networks, metro stations, public 

parking facilities, meteorological conditions, and temporal attributes. Based on these data, 

an analytical framework was developed that combines spatio-temporal cluster identifica-

tion, time-specific risk modeling, and risk-fusion classification. ST-DBSCAN was first 

used to identify spatio-temporal clusters of drunk-driving violations that had already 

formed in the public records. Then, using 400 m × 400 m grids as the basic spatial units, 

binary Logit models were constructed for T1, T2, and T3, and a cloglog model was used 

for robustness testing. On this basis, model-predicted risk was further integrated with 

historical spatio-temporal clustering results to generate a classified risk identification re-

sult for drunk-driving risk governance. 

The results show that the risk of publicly recorded drunk-driving violations in 

Shanghai exhibits clear temporal differences and spatial heterogeneity. During T1, the 

overall risk level was relatively low, with only a limited number of high-value grids, 

mainly appearing as scattered distributions around local road nodes. During T2, the risk 
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level increased markedly, high-value areas became more continuous, and the spatial pat-

tern was closely related to evening dining and entertainment activities as well as major 

road spaces. During T3, the overall risk level was lower than that in T2, but risk remained 

concentrated around the central urban area, key road nodes, and post-midnight return 

corridors. Weekend scenarios further increased the predicted probabilities in T2 and T3, 

mainly by strengthening existing nighttime risk spaces rather than generating a com-

pletely different spatial pattern. The risk-fusion results show that Priority areas were lim-

ited in number but had a high concentration of observed violation records, whereas Warn-

ing areas covered broader potential risk spaces. This indicates that historical clustering 

hotspots and model-predicted risk play complementary roles in identifying drunk-driv-

ing violation risk. 

The model results further reveal the formation mechanism of drunk-driving viola-

tion risk. Dining and entertainment POIs within the grid were mostly negatively associ-

ated with risk, whereas dining POIs within the 400–800 m annular buffer showed signifi-

cant positive associations across all three periods. This indicates that drunk-driving vio-

lation risk was not simply concentrated within the grids where alcohol-related venues 

were located, but was more likely to appear on surrounding roads, departure routes, and 

post-midnight return spaces. Road length, metro accessibility, public parking facilities, 

and the weekend attribute also showed varying temporal differences, suggesting that 

drunk-driving violation risk is jointly influenced by activity spaces, road exposure, 

transport node conditions, and temporal context. The cloglog robustness test produced 

results generally consistent with the main model, further supporting the stability of the 

time-specific Logit model results. 

In terms of application value, the multi-source data fusion framework proposed in 

this study can provide a more refined spatial basis for drunk-driving risk governance in 

megacities. By distinguishing Priority, Warning, and Background areas, risk governance 

can gradually shift from relying solely on historical violation records and experience-

based judgment toward hierarchical identification based on predicted risk and historical 

clustering characteristics. This framework can improve risk coverage in key periods and 

key areas without simply expanding the enforcement range, thereby providing methodo-

logical support for nighttime traffic safety, road order maintenance, and the development 

of a sustainable travel environment. 

This study still has several limitations. First, the drunk-driving violation data were 

derived from public records and may be affected by enforcement intensity and inspection 

frequency. Second, due to data availability constraints, this study did not incorporate en-

forcement exposure and traffic exposure variables such as checkpoint deployment, real-

time traffic flow, and nighttime travel intensity. Future research could incorporate more 

specific traffic operation and enforcement data to further improve the explanatory power 

of risk estimation. Third, this study used regular grids as the units for risk estimation and 

governance zoning. Although road length and road hierarchy variables were included to 

strengthen the correspondence between grid-level risk and road space, future studies 

could further conduct multi-scale validation by incorporating road-segment networks, 

network distance, and actual travel paths. Finally, with the accumulation of data over 

longer time periods, future research could further examine seasonal changes, annual sta-

bility, and the effects of policy interventions on drunk-driving violation risk, thereby en-

hancing the applicability of the model in long-term traffic safety governance. 
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