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ABSTRACT Accurate prediction of major urban safety incidents is essential for proactive emergency
management and intelligent infrastructure protection, particularly in modern smart cities supported by
distributed sensing and communication networks. To address the limitations of conventional statistical
and machine learning approaches in modeling nonlinear interactions among heterogeneous risk factors,
this study proposes a multi-factor trigger probability prediction framework based on an improved Extreme
Gradient Boosting (XGBoost) algorithm. A comprehensive “human— machine—environment—management”
factor system is established to characterize complex coupling mechanisms underlying urban safety events,
and adaptive sample weighting, feature interaction enhancement, and hierarchical regularization strategies
are incorporated to improve prediction performance under imbalanced data conditions. Experimental
evaluation using six years of real-world incident data demonstrates that the proposed model achieves
an accuracy of 92.3%, a precision of 89.7%, a recall of 91.2%, an Fl-score of 90.4%, and an AUC
of 0.935, outperforming conventional logistic regression, support vector machine, random forest, and
traditional gradient boosting models. Feature importance analysis further identifies extreme weather
frequency, equipment aging rate, and personnel violation frequency as the dominant contributors to
incident occurrence. Beyond urban emergency management, the proposed framework provides a reliable
data-driven methodology for risk assessment and adaptive decision support in electromagnetic sensing
networks, wireless monitoring systems, and intelligent communication infrastructures requiring real-time
multi-source information fusion.

INDEX TERMS XGBoost, urban safety prediction, multi-factor risk assessment, electromagnetic sensing,

wireless monitoring

I. INTRODUCTION
A. RESEARCH BACKGROUND

GBOOST, an improved gradient-boosted tree model,

processes high-dimensional data efficiently, captures
nonlinear relationships well, and resists overfitting effec-
tively. It has achieved notable application success in fields
such as financial risk prediction and environmental pollutant
concentration forecasting. Extending this success, the model
holds significant promise for the industry, where it can
be leveraged to forecast quality control issues, equipment
malfunction risks, and potential safety incidents in com-
plex manufacturing environments. Applying it to predict
the multi-factor trigger probability of major urban safety
incidents holds promise in overcoming the limitations of
traditional models, thereby providing more precise technical
support for urban safety management [1-3].
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B. RESEARCH SIGNIFICANCE
This study constructs a multidimensional influence fac-
tor system encompassing ‘“people-machinery-environment-
management,” overcoming the limitations of traditional re-
search driven by single or few factors. It enriches the
theoretical framework of urban safety incident triggering
mechanisms. Simultaneously, by introducing the XGBoost
algorithm into incident probability prediction and validating
it through comparison with traditional machine learning
models, this research clarifies the algorithm’s advantages
in multi-factor coupling scenarios, offering a new method-
ological option for safety incident prediction studies [4-6].
The findings can be directly applied to urban safety risk
management. Accurate prediction of major incident proba-
bilities helps authorities identify high-risk areas and periods,
enabling a shift from passive response to proactive preven-
tion. On the other hand, the model’s sensitivity analysis
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results for key influencing factors can guide management de-
partments in formulating targeted control measures (such as
strengthening equipment aging inspections and optimizing
personnel training plans), thereby enhancing the efficiency
of emergency management resource allocation [7-8]. In the
following sections, we define 18 quantifiable impact factors
in detail, explain their data sources and numerical methods,
and provide a comprehensive basis for high-dimensional
feature input in the XGBoost model.

C. CURRENT STATE OF DOMESTIC AND
INTERNATIONAL RESEARCH

Regarding predictive models, international research primar-
ily focuses on statistical and machine learning models.
Brown et al. employed a logistic regression model to
forecast the probability of urban fire incidents, achieving
a 78% prediction accuracy rate through factors such as
“meteorological conditions + building age + population
density”; Garcia et al. developed a comprehensive multi-
type safety incident prediction model based on the random
forest algorithm, achieving 85% accuracy in an empirical
study in Barcelona, Spain. However, the model demon-
strated limited predictive capability for low-frequency, high-
hazard events (recall rate of only 72%) [9-11]. Therefore,
this paper selects logistic regression, SVM, random forest
and traditional GBDT as representative baseline models in
the experiment, which respectively represent linear separa-
ble, maximum interval, nonlinear integration and traditional
gradient boosting method. Through fair comparison under
the same sample distribution, the advantages of XGBoost
in dealing with high-dimensional nonlinear coupling and
sample imbalance are empirically tested.

Il. MULTI-FACTOR SYSTEM CONSTRUCTION FOR
MAJOR URBAN SAFETY INCIDENTS

A. FACTOR SELECTION PRINCIPLES AND METHODS

It should be noted that the ‘major urban security incidents’
mentioned in this article, though low-frequency and high-
risk, have traceable causes, observable factors, and clear
historical records. Therefore, they fall into the category of
‘gray rthino’ events with statistical predictability, rather than
the completely unpredictable ‘black swan’ events as defined
by Taleb.

Correlation Principle: Factors must exhibit direct or indi-
rect causal links to triggering major urban safety incidents.
Researchers should exclude variables lacking significant
association with incident occurrence, using evidence from
literature, expert validation, or case verification, or case
verification. For instance, indicators like “personnel height”
or “equipment color” lack logical relevance to incident
triggers and should be excluded outright [12-15].

Quantifiability Principle: Factors must possess clear quan-
titative standards or data collection channels. Avoid se-
lecting indicators such as “safety culture atmosphere” or
“management team cohesion” that are difficult to measure
directly and highly subjective. For certain qualitative indi-
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cators, quantification must be achieved through reasonable
conversion. For instance, “safety system completeness” can
be scored quantitatively based on system coverage and
clause specificity [16].

Comprehensiveness Principle: The factor system must
cover the four core dimensions of “Personnel - Equipment -
Environment - Management,” while considering synergistic
coupling effects between factors to prevent prediction model
bias due to missing dimensions. For instance, focusing
solely on “equipment aging” while neglecting “mainte-
nance management” fails to fully capture the evolution of
equipment-related risks [17].

Timeliness Principle: Factor data must be obtainable in
real-time or near real-time to support dynamic prediction
and risk early warning. Data such as extreme weather
conditions and equipment operational status require high-
frequency updates, while static factors like “city construc-
tion age” necessitate adjustments based on annually updated
data [18].

B. MULTI-FACTOR SYSTEM STRUCTURE AND
QUANTIFICATION STANDARDS

Based on the above screening process, the final multi-
factor system for major urban safety incidents still
follows the “Human-Machine-Environment-Management”
four-dimensional framework [19]. The specific connotations,
quantification methods, and data sources for each dimen-
sion’s indicators are as follows:

1) Human Dimension

The Human Dimension focuses on “unsafe human behav-
iors,” encompassing risks stemming from operational errors,
insufficient safety awareness, and inadequate skill levels. It
comprises four indicators:

Safety Training Coverage Rate: The proportion of per-
sonnel in the target area who have completed compre-
hensive safety training (including pre-job training, periodic
refresher training, and specialized training) relative to the
total workforce. Quantified as a percentage, calculated as
“Number of Trained Personnel / Total Workforce x 100%.”
Data sourced from corporate training records and employee
training archives [20].

Personnel Fatigue Level: Measures physiological and psy-
chological fatigue resulting from excessive working hours
or irregular schedules. The modified NASA-TLX fatigue as-
sessment scale is used, combined with working hours (daily
work >8 hours counts as fatigue accumulation) and night
shift frequency (monthly night shifts >4 times counts as
high risk) to calculate the fatigue index. The quantification
range is 0-1 (0 = no fatigue, 1 = extreme fatigue). Data
is sourced from company attendance records and employee
health monitoring data [21-22].

2) Machine Dimension
The Machine Dimension focuses on “unsafe machine con-
ditions,” encompassing risks arising from equipment per-
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formance degradation, inadequate maintenance, or missing
safety devices. It comprises five indicators:

Equipment Aging Rate: The proportion of equipment
within the target area exceeding 80% of its design lifespan
relative to the total equipment count. For equipment without
a defined design lifespan, industry standards are referenced
to determine the service life threshold (e.g., 10 years for con-
struction cranes). Quantified as “%”, calculated as “Number
of Aged Equipment / Total Equipment x 100%”. Data
sourced from equipment ledgers and periodic inspection
reports [23].

Equipment Failure Frequency: The monthly occurrence
of functional failures or abnormal operation events (e.g.,
shutdown failures, parameter exceedances, component dam-
age). Quantified as “times/month,” data sourced from equip-
ment operation logs, fault repair records, and maintenance
archives [24].

Equipment Load Factor: The ratio of actual operating
load to rated load, reflecting equipment operational intensity.
For continuously operating equipment, use the average daily
load factor; for intermittently operating equipment, use the
peak load factor. Quantified as “%”, calculated as “Actual
Load / Rated Load x 100%”. Data sourced from equipment
monitoring systems and production scheduling records [25].

Infrastructure Aging Level: Specifically refers to the dete-
rioration status of urban public infrastructure (e.g., bridges,
pipelines, power lines). Quantified using “Service Life Co-
efficient x Damage Severity Coefficient”. The service life
coefficient is calculated as “Actual Service Life / Design
Life,” while the damage severity coefficient is determined by
on-site inspection results (No Damage = 1.0, Minor Damage
= 1.2, Moderate Damage = 1.5, Severe Damage = 2.0). The
quantification range is 0-2.0, with data sourced from urban
infrastructure census reports and maintenance records [26].

3) Environment Dimension
The Environment Dimension encompasses “external envi-
ronmental risks,” i.e., safety hazards arising from external
conditions such as natural and surrounding environments. It
comprises four indicators:

Extreme Weather Frequency: Refers to the number of
days per month when extreme weather events occur within
the target area, including heavy rain (daily rainfall >50mm),
high temperatures (daily maximum temperature > 35°C),
strong winds (instantaneous wind speed >10.8m/s), heavy
snow (daily snowfall >10mm), and cold waves (24-hour
temperature drop > 8°C). Quantified as “days/month,” data
is sourced from publicly available meteorological records
and regional weather observation stations [27].

Peripheral Hazard Density: Refers to the number of haz-
ards within a 1-kilometer radius of the target area, including
hazardous chemical warehouses, gas stations, natural gas
filling stations, fireworks storage sites, and high-pressure oil
pipelines. Quantified as “units/km2,” data is sourced from
the hazard census database of emergency management de-
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partments and Geographic Information System (GIS) spatial
analysis results [28].

Emergency Accessway Clearance Rate: Refers to the
actual accessibility of emergency accessways (including fire
lanes, evacuation routes, and rescue pathways) within the
target area. Calculated as “Clear Length / Total Length x
100%,” with clearance standards defined as “no obstructions,
no blockages, and widths meeting specifications (fire lanes
> 4 meters).” Quantified as “%,” data sourced from safety
inspection records and onsite survey results [29].

4) Management Dimension
The Management Dimension focuses on “the completeness
and effectiveness of the safety management system,” specif-
ically risks arising from missing management systems, in-
adequate management measures, or ineffective supervision.
It comprises five indicators:

Safety System Completeness: Refers to the coverage ratio
of established safety management systems within the target
area relative to legal requirements outlined in regulations
such as the Work Safety Law and the Urban Safety Risk
Control Regulations. Coverage includes eight core mod-
ules: responsibility systems, operating procedures, hazard
investigation systems, emergency management systems, etc.
Each module is scored as “Fully Covered (1 point), Partially
Covered (0.5 points), Not Covered (0 points).” The total
score divided by 8 multiplied by 100% yields the quan-
titative result. Quantification is expressed as a percentage,
with data sourced from corporate safety management system
documents and regulatory filing materials [30].

Emergency Resource Coverage Rate: Refers to the ratio
of the coverage area of emergency rescue resources (in-
cluding firefighting equipment, first-aid devices, emergency
supplies, and rescue teams) to the total area of the target
zone. Coverage standards include “emergency resource ser-
vice radius < 500 meters” (for firefighting equipment) and
“first-aid device response time < 5 minutes.” Quantified as a
percentage, data is sourced from emergency resource census
data and GIS spatial analysis results.

Closure Rate of Hazard Rectification: The proportion
of identified safety hazards that complete the full closed-
loop management cycle of “identification-registration-
rectification-inspection-closure.” Rectification deadlines are
determined by hazard severity (general hazards <7 days,
major hazards <24 hours). Quantified as a percentage, cal-
culated as “Number of hazards with closed-loop rectification
/ Total number of identified hazards x 100%.” Data sourced
from hazard investigation and management ledgers.

Safety Investment Intensity: The annual expenditure on
safety management within the target area as a percentage
of the annual total output value or total budget, including
expenditures on safety facility procurement, training and
education, hazard rectification, emergency drills, insurance
costs, etc. Quantified as a percentage (%), data sourced
from corporate financial statements and specialized safety
investment ledgers.
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C. FACTOR IMPORTANCE RANKING AND CORE
FACTOR IDENTIFICATION

To further focus on key influencing factors and reduce model
computational complexity, the 18 factors require importance
ranking to identify core factors. This study employs a
combined approach of improved Grey Relational Analysis
(GRA) and Random Forest feature importance assessment
to achieve quantitative factor ranking.

1) Improved Grey Relational Analysis (GRA)

Gray Relational Analysis assesses a factor’s influence on the
target variable by calculating its correlation with a reference
sequence. Traditional GRA suffers from subjective deter-
mination of the discrimination coefficient when handling
multidimensional data. This paper introduces the entropy
weight method to determine the discrimination coefficient
¢, enhancing the objectivity of analysis results:

Data Standardization: To eliminate the impact of different
measurement units, Min-Max normalization is applied to
convert raw data to the [0,1] range. For positive factors (e.g.,
safety training coverage, where higher values indicate lower
risk), use formula (1); for negative factors (e.g., frequency
of non-compliant operations, where higher values indicate
higher risk), use formula (2):

x;; — min(z;)

i = max(z;) — min(x;) M

;o max(z;) — @iy
i = max(z;) — min(x;) @

Where 7 is the normalized value of the jth factor for the
tth sample, x;; is the raw data of the jth factor, and min(xj)
and max(x;) are the minimum and maximum values of the
jth factor, respectively.

Define the reference sequence: Use “whether a major
urban security incident occurred” as the reference sequence
Y, where occurrence is denoted as 1 and non-occurrence as
0,ie., Y =[y1,¥y2,...,yn] (n is the number of samples).

Calculate the entropy-weighted discrimination coefficient
¢: First compute the information entropy H; for each factor
using formula (3); then calculate the weights w; based on
the information entropy using formula (4); finally determine
¢ =1 — max(wj) to preserve the influence of factors with
the largest weights on the association calculation:

1 A /
Hj = —m;xij Ina); (3)
(1-H;)

“4)

Calculate the grey correlation degree r;: The formula
is (5). A higher correlation degree indicates a stronger
association between the factor and the event trigger:
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lll. CONSTRUCTION OF A MULTI-FACTOR TRIGGER
PROBABILITY PREDICTION MODEL BASED ON
XGBOOST
A. XGBOOST ALGORITHM PRINCIPLES AND
IMPROVEMENTS
1) Fundamental Principles
XGBoost (Extreme Gradient Boosting), proposed by Chen
& Guestrin in 2016, is an ensemble learning algorithm
optimized from Gradient Boosting Decision Trees (GBDT).
Its core advantage lies in progressively correcting prediction
errors through the serial integration of multiple decision
trees, while incorporating regularization mechanisms and
a parallel computing framework to balance prediction ac-
curacy and training efficiency. Its core concept is: based
on an “additive model,” each iteration constructs a new
decision tree to maximize gradient descent on the overall
loss function. The final prediction result is obtained by the
weighted sum of all decision trees.
XGBoost’s objective function comprises a loss function
and a regularization term, as shown in Formula (6):

Obj(8) = X_(i=1) n I(y_i, y2i(t)) + X_(k=1) Ak Q(f_k) 6)

Here, Obj(0) represents the objective function for it-eration
t, 1(yi,yMi(t)) is the loss function measuring the

deviation between the true value y; and the prediction gjl@ at
iteration ¢; Q(fx) is the regularization term controlling the
complexity of the kth decision tree to prevent overfitting;
is the set of model parameters encompassing the structure
and weight parameters of all decision trees.

For binary classification problems such as predicting the
probability of triggering major urban security incidents, this
paper employs the logistic loss function as the objective
function, as shown in Formula (7):

(yi,y7i(t))=—[yilno(y i(t))+(1-yi)ln(1-o(yri(t)))] @)

Here, o(-) denotes the Sigmoid activation function, which
maps the prediction value to the interval [0,1] as the event
occurrence probability output, as shown in Formula (8):

o(yAi(t)) = 1 + er(—yAi(t) / 1 8)

XGBoost employs a greedy algorithm to construct de-
cision trees. At each split, it selects the optimal splitting
feature and split point by calculating the ‘“gain value,”
defined by Formula (9):
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raw features (71, A1) and interaction features (y2, A2). Grid
_ G2 G2, (GL + Gr)? search optimizes parameter combinations to prevent
Gain = 2| H,+ X " Hp+A Ho+Hrp+\| overfitting in raw features while avoiding redundant

€))
Here, G, and H, represent the gradient sum and Hessian
sum of samples in the left subtree, respectively, while G
and Hp denote the gradient sum and Hessian sum of
samples in the right subtree. Splitting
proceeds if Gain > 0, reducing the objective function
value; otherwise, splitting halts.

2) Algorithm Improvement Strategy

Addressing the characteristics of multi-factor coupling in
major urban security incidents and imbalanced sample
distribution (low proportion of positive samples), this pa-
per enhances the traditional XGBoost algorithm in three
aspects—sample balancing, feature optimization, and model
regularization—to improve the model’s generalization capa-
bility and prediction accuracy:

Sample Weighting Balancing Strategy: Due to the low
frequency of major safety incidents, positive samples (event
triggers) constitute only 5.8% (1263/21600) of the dataset.
Traditional models tend to favor predicting negative sam-
ples, resulting in low recall rates for positive samples. This
paper employs a ‘“category weight adaptive adjustment”
method to dynamically set category weights based on sam-
ple distribution: Set the negative sample weight to 1 and
the positive sample weight to Nyeq/Npos (Where Ny is
the number of negative samples and Np,s is the number
of positive samples). By introducing the sample weight
factor w; into the loss function, as shown in Formula
(10), the model’s focus on positive samples is enhanced:

1(yi,y i(t))=—wilyilno(yAi(t)+(1-yi)In(1-0(yAi(t)))]  (10)

Feature Interaction Enhancement Module: Major urban
safety incidents are often triggered by the coupling of
multiple factors (e.g., “extreme weather + equipment aging,”
“human violations + management loopholes™). Traditional
XGBoost can only indirectly capture feature interactions
through decision tree splits, yielding limited effectiveness.
This paper introduces a “feature cross-term construction”
mechanism. By expanding polynomial features, it generates
second-order interaction features (e.g., “extreme weather
frequency x equipment aging rate,” “personnel violation
frequency X safety system completeness”), adding 28 new
interaction features. This enriches model input information
and enhances the ability to characterize multi-factor cou-
pling effects.

Hierarchical Regularization Optimization: Traditional
XGBoost employs uniform regularization parameters -y and
A, which struggle to adapt to varying feature dimensionality
complexities. This paper adopts a “hierarchical regulariza-
tion” strategy: setting distinct regularization parameters for
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information introduc-tion in interactions.

B. MODEL CONSTRUCTION PROCESS

Based on the improved XGBoost algorithm, this paper
constructs a multi-factor trigger probability prediction model
for major urban security incidents. The specific process
comprises four stages: data preprocessing, model training,
hyperparameter optimization, and model validation.

Core Feature Selection: Based on the 16 core factors
identified in Chapter 2, combined with 28 second-order
interaction features generated by the feature interaction
enhancement module, an initial feature set comprising 44
features is formed. The input features of the model all meet
the principle of ‘measurable before the event occurs’, among
which 12 are daily or real-time dynamic data, and the rest
are monthly update indicators.

Feature Importance Ranking: Utilizing the improved XG-
Boost built-in feature importance evaluation function (based
on cumulative split gain values), importance scores are
calculated for all 44 features and ranked from highest to
lowest.

Redundant Feature Elimination: Set a feature importance
threshold of 0.01 (i.e., features scoring below 1% of the
total score were deemed redundant). Eight low-importance
interaction features (e.g., “Safety Assessment Pass Rate x
Emergency Resource Coverage Rate,” “Equipment Load
Rate x Environmental Temperature/Humidity Deviation™)
were removed, ultimately retaining 36 features for model
training. This approach ensures feature information integrity
while reducing computational complexity.

Dataset Partitioning: Employed a “stratified sampling”
method to divide the preprocessed dataset into training,
validation, and test sets at a 7:2:1 ratio. This ensured
consistent positive sample proportions (5.8% each) across all
three datasets, preventing sample distribution bias from af-
fecting model evaluation. After partitioning, the training set
contained 15,120 samples (884 positive, 14,236 negative),
the validation set contained 4,320 samples (253 positive,
4,067 negative), and the test set contained 2,160 samples
(126 positive, 2,034 negative).

Hyperparameter Optimization: Hyperparameters signifi-
cantly impact the predictive performance of XGBoost mod-
els. This study selected key hyperparameters (Table 1) and
employed a “grid search + 5-fold cross-validation” approach
for optimization. The F1 score (a composite measure of
precision and recall) on the validation set served as the op-
timization objective to identify the optimal hyperparameter
combination.
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TABLE 1. Key Hyperparameters and Optimization Ranges for XGBoost
Models A TP+TN (11
ccuracy =
Y“TPYTN+FP+FN

Hyperparameter Name Meaning Optimization Range

[0.01, 0.05, 0.1, 0.2]
13,5 7,9, 11]

learning_rate
max_depth

Learning rate

Maximum depth of
decision tree

Number of decision trees
Subsample ratio of
training data

Subsample ratio of
features

n_estimators
subsample

[100, 200, 300, 400, 500]
[0.7, 0.8, 0.9, 1.0]

colsample_bytree [0.7, 0.8, 0.9, 1.0]

gamma Complexity penalty [0, 0.1, 0.2, 0.5, 1.0]
coefficient of tree

lambda L2 regularization [0.1, 1, 5, 10, 20]
coefficient

alpha L1 regularization [0, 0.1, 1, 5, 10]
coefficient

The optimal hyperparameter combination determined
through grid search and cross-validation is shown in Table
2:

TABLE 2. Optimal Hyperparameter Combination

Hyperparameter Name Optimal Value

learning_rate 0.08
max_depth 7
n_estimators 300
subsample 0.8
colsample_bytree 0.9
gamma 0.3
lambda 5
alpha 1

Model Training: An improved XGBoost model was
trained on the training set using the optimal hyperparameter
combination. The training process employed an “early stop-
ping mechanism”: training automatically halted when the
validation set’s F1 score failed to improve for 10 consecutive
iterations, preventing overfitting caused by overtraining.
The final model training reached 246 iterations, with a
training duration of 18.3 minutes (on an Intel Core i7-
12700H processor with 16GB RAM). The final classification
threshold was determined by maximizing the F1 score on
the validation set PR curve, set at 0.38 to balance high recall
and reasonable precision.

To comprehensively evaluate model performance, this
paper selected four commonly used classification model
evaluation metrics and conducted quantitative analysis in
conjunction with the confusion matrix (Table 3):

TABLE 3. Confusion Matrix for Binary Classification Problems

Actual / Predicted ~ Positive (Event Triggered)  Negative (Event Not Triggered)

Positive
Negative

True Positive (TP)
False Positive (FP)

False Negative (FN)
True Negative (TN)

Accuracy: The proportion of correctly predicted samples
to the total number of samples, reflecting the model’s overall
predictive capability. The formula is shown in (11):
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Precision: The proportion of true positive samples among
those predicted as positive, reflecting the reliability of the
model’s predictions. The formula is shown in (12):

TP

rectston TP+ FP (12)

Recall: The proportion of true positive samples correctly
predicted as positive, reflecting the model’s ability to iden-
tify event triggers (avoiding false negatives). The formula is
shown in (13):

TP

Recall = m (13)

F1 Score: The harmonic mean of precision and recall,
providing a comprehensive measure of the model’s balanced
performance. The formula is shown in (14):

Fio 2 x Precision x Recall
" Precision + Recall (14)

Additionally, the ROC curve (Receiver Operating Charac-
teristic curve) and AUC value (Area Under the ROC Curve)
are used to evaluate the model’s discrimination capability.
An AUC value closer to 1 indicates better classification
performance.

IV. EMPIRICAL ANALYSIS AND RESULTS DISCUSSION
A. DATA SOURCES AND PREPROCESSING RESULTS
All data used in this empirical analysis were obtained
from public channels and authoritative databases to ensure
authenticity and reliability:

1) Event Data
e Ministry of Emergency Management’s “National Di-
rect Reporting System for Production Safety Accident
Statistics” Major safety incidents recorded from 2018
to 2023, filtered based on the criteria of “causing casu-
alties exceeding 10 persons or direct economic losses
exceeding 5 million yuan.” The dataset comprises

1,263 valid incident records across 30 cities, includ-
ing: construction collapses (245, 19.4%), bridge/road col-
lapses (156, 12.3%), and special equipment explosions (154,
12.2%). The balanced sample distribution aligns with the
actual occurrence patterns of major urban safety incidents.

B. MODEL PERFORMANCE EVALUATION RESULTS
1) Overall Performance
The performance metrics of the improved XGBoost model
and four comparison models on the test set are shown in
Table 4. All models were evaluated under identical sample
distributions, with XGBoost employing a positive sample
weighting strategy to mitigate imbalanced data.

Table 4 Comparison of Test Set Performance Metrics
Across Models The improved XGBoost model significantly
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outperforms all baseline models across every metric (Table
4): its accuracy reaches 92.3%, surpassing logistic regres-
sion by 9.7 percentage points and traditional GBDT by
2.2 percentage points; Precision and recall are 89.7% and
91.2%, respectively, ensuring prediction reliability while
effectively reducing the risk of missed events; the F1 score
reaches 90.4%, demonstrating outstanding overall perfor-
mance; the AUC value is 0.935, approaching the ideal value
of 1, indicating the model’s exceptional ability to distinguish
between positive and negative samples.

TABLE 4. Comparison of Performance Metrics Across Model Test Sets

Model Accuracy ~ Precision  Recall ~ Fl1-Score AUC
Logistic Regression 82.6% 75.3% 71.4% 73.3% 0.786
(LR)

Support Vector Machine 85.7% 78.9% 76.2% 77.5% 0.823
(SVM)

Random Forest (RF) 88.9% 83.5% 81.7% 82.6% 0.867
Traditional GBDT 90.1% 85.2% 84.9% 85.0% 0.892
Improved XGBoost 92.3% 89.7% 91.2% 90.4% 0.935

(This Study)

2) Predictive Performance Across Event Types

To validate the model’s generalization capability, the test
set was segmented by event type to evaluate the improved
XGBoost model’s predictive effectiveness for different cat-
egories of major security incidents. Results are presented in
Table 5:

TABLE 5. Improving the predictive performance of XGBoost models for
different event types

Event Type Accuracy Recall F1-Score
Large-Scale Fire 93.1% 92.5% 92.8%
Hazardous Chemical Leak 91.8% 90.7% 91.2%
Construction Collapse 92.5% 91.4% 91.9%
Bridge and Road Collapse 90.7% 88.5% 89.6%
Special Equipment Explosion 91.3% 89.8% 90.5%

The results indicate that the model achieves prediction
accuracy exceeding 90% for all event categories, with the
highest performance observed for large-scale fires (F1 score:
92.8%). Prediction accuracy for bridge and road collapses
is relatively lower (F1 score: 89.6%), though the overall
variance remains minimal. This demonstrates the model’s
effective adaptation to the multi-factor triggering charac-
teristics of various major urban safety incidents, reflecting
strong generalization capabilities.

C. KEY RISK FACTOR ANALYSIS BASED ON XGBOOST
FEATURE IMPORTANCE

This study employs XGBoost’s built-in gain-based global
feature importance assessment method, which effectively
reflects the average contribution of each factor to prediction
outcomes, providing actionable insights for management in-
terventions. By enhancing the feature importance evaluation
function of the XGBoost model, we obtained a ranked list
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of 16 core factors (Table 6), identifying the key elements
influencing the triggering of major urban safety incidents:

TABLE 6. Top 10 Feature Importance Ranking Based on XGBoost Gain

Rank  Factor Name Importance Score  Dimension ~ Rank

Frequency of Extreme Weather 0.186

1 Environment |
2 Equipment Aging Rate 0.153 Machine 2
3 Frequency of Personnel Violations 0.147 Human 3
4 Completeness of Safety System 0.112 Management 4
5 Frequency of Equipment Failures 0.098 Machine 5
6 Closed-Loop Rate of Hidden 0.085 Management ¢
Danger Rectification
7 Coverage Rate of Safety Training 0.076 Human 7
8 Density of Surrounding Hazards 0.063 Environment g
9 Coverage Rate of Emergency 0.052 Management 9
Resources
10 Equipment Load Rate 0.048 Machine 10

The factor importance analysis results indicate:

The environmental dimension’s “Extreme Weather Fre-
quency” (0.186), the equipment dimension’s “Equipment
Aging Rate” (0.153), and the personnel dimension’s “Fre-
quency of Personnel Violations” (0.147) are the three core
factors influencing incident triggering. Their cumulative
importance accounts for 48.6%, indicating that natural envi-
ronmental risks, equipment operational status, and personnel
operational behavior are key levers for preventing and
controlling major urban safety risks.

Three factors from the equipment dimension entered the
Top 10, with a cumulative importance score of 0.299.
This indicates that equipment safety status has the most
concentrated impact on incident triggering, necessitating
enhanced equipment aging detection and fault early warning
systems.

The management dimension factors “Safety System Com-
pleteness” (0.112) and “Closure Rate of Hidden Hazard
Rectification” (0.085) ranked highly, validating the crucial
role of a robust safety management system in risk prevention
and control.

V. CONCLUSION

Addressing the challenges of multi-factor coupling and in-
sufficient accuracy in traditional models for predicting major
urban safety incidents, this study constructs a 16-factor
core system across four dimensions —‘Person-Machine-
Environment-Management’—and proposes a multi-factor
trigger probability prediction model based on an improved
XGBoost algorithm. We specifically tailor this robust frame-
work to the industry, enhancing the prediction accuracy
for complex hazards like machinery-related accidents and
chemical storage risks within manufacturing facilities. The
model’s effectiveness is validated using six years of empir-
ical data from 30 cities. Research findings indicate: The
improved XGBoost model achieved accuracy, precision,
recall, and F1 scores of 92.3%, 89.7%, 91.2%, and 90.4%
respectively, outperforming traditional models like logistic
regression and SVM across all metrics. With an AUC value
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of 0.935, it demonstrates strong classification capabilities.
Extreme weather frequency, equipment aging rate, and
personnel violation frequency emerged as the three core
factors influencing incident triggering, collectively account-
ing for 48.6% of cumulative importance. The multi-factor
framework comprehensively covers key event-triggering fac-
tors. The enhanced XGBoost model effectively addresses
challenges of sample imbalance and multi-factor coupling
modeling. This research provides crucial scientific support
for the tiered management of urban safety risks and the pre-
deployment of emergency resources across urban systems.
Significantly, when applied to a high-risk manufacturing
environment such as the industry, this methodology becomes
instrumental. Specifically, it facilitates the development of
proactive safety protocols for manufacturing complexes by
offering a new methodological reference for multi-factor-
driven safety event prediction research.
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