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ABSTRACT 

This study aimed to address the issue of the high frequency of traffic accidents in Lima Metropolitana by 

providing a predictive system built using machine learning techniques. A Random Forest (RF) model was 

trained with a set of historical data on previous accidents, relevant climatic variables, and infrastructure 

characteristics. The method used involves basic stages of information capture and preprocessing, 

exhaustive feature engineering to maximize predictive capacity, and implementation in a cloud-based 

architecture. The results obtained show that the proposed model achieved an accuracy of 50.92%, a recall 

of 56.97% and an F1 score of 53.77%, demonstrating high efficiency in the detection of geographical areas 

with a high risk of accident occurrences. Feature importance analysis revealed that variables such as the 

district (37.2%), the time of the accident (10.8%), and the month (9.5%) are the most significant factors in 

the predictions, confirming the importance of spatio-temporal patterns in traffic incidents. This proposed 

system has a scalable and adaptable design that ensures its applicability in urban environments with 

similar characteristics. Such technologies can significantly contribute to the reduction of accidents and the 

improvement in traffic management in the capital of Peru. 

Keywords-cloud architecture; machine learning; random forest; traffic accident prediction 

I. INTRODUCTION  

Traffic accidents in Metropolitan Lima are a serious issue 
with many implications for road safety, public health, and the 
local economy. The magnitude of this challenge is reflected in 
the fact that between 2017 and 2022, more than 50% of road 
accidents throughout the country occurred in the capital, 

reaching 5,449 accidents in 2022. These events had tragic 
consequences, resulting in 930 deaths and 7,817 injuries. 
Among the most reported root causes in the literature are 
contrary or reckless driving, speeding, and driving under the 
influence of alcohol or other substances, among other factors 
that are worsened by poor road infrastructure and road safety 
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education [1]. These incidents not only put the safety of people 
at risk, but also increase traffic congestion, reduce 
transportation efficiency, and lead to high economic and social 
costs for the city. 

Several technological solutions have been proposed to 
mitigate traffic accidents using big data analysis and Machine 
Learning (ML) algorithms. For example, in [2], statistics and 
ML were used to detect areas of risk of accidents in Beijing, 
while in [3], Deep Neural Networks (DNNs) were employed to 
improve accuracy in predicting road accidents in South Korea. 
In Peru, most studies focused on the identification of the 
factors that cause traffic accidents [4], but the implementation 
of technological solutions has received lower importance. In 
addition, most existing solutions remain limited in large urban 
areas, such as Metropolitan Lima, due to their dependence on 
specific technological infrastructure and narrow data scope. 
Many focus only on traffic flow or meteorological factors [5], 
neglecting the behavioral, socioeconomic, and infrastructure 
variables essential for scalable and adaptable implementations. 

Given these weaknesses, this study presents a new approach 
for the prediction of traffic accidents in Metropolitan Lima, 
using multidimensional data and ML algorithms. An ML–
based predictive system was designed to identify high-risk 
geographic areas and temporal patterns of traffic accidents, 
enabling preventive decision-making and urban safety 
management. The proposed solution integrates many classic 
variables (traffic information, weather conditions) with less 
conventional ones, but with relevant predictive capacity 
(inferences of driving behavior, socioeconomic elements of risk 
areas, geolocated data in road infrastructure), to offer more 
accurate and real-time predictions. In addition, its flexible and 
scalable design allows it to operate as a prototype that can be 
replicated in other urban contexts with similar conditions, 
effectively helping to reduce accidents and optimize traffic 
management. 

Several studies have explored predictive models for traffic 
accident analysis using ML and Deep Learning (DL) 
techniques. In [3], deep neural networks achieved high 
accuracy in accident prediction. In [6], Random Forest (RF) 
was the best performer in predicting the severity of accidents in 
the UK, while in [7], ensemble models such as XGBoost were 
combined with SHAP analysis to explain variable effects. In 
[8], high accuracy was achieved using RF with imputation on 
South African data, while in [9], an MDG ensemble model was 
effective under noisy and inconsistent conditions. These studies 
highlight the importance of robust models and careful feature 
selection in accident prediction. 

The field of prediction of serious accidents and traffic 
analysis on motorways has been another research area that has 
attracted attention. In [10], big data were used with XGBoost 
and a Bayesian neural network to measure the risk of severe 
accidents on Turkish highways, achieving an accuracy of 30%. 
In [11], a risk assessment model used decision trees, taking 
average speed and weather conditions as variables, thus being 
able to perform a spatio-temporal risk analysis. In [12], more 
than one million records from the UK were processed and 
analyzed with classification models, achieving 85% accuracy 
and highlighting the power of preprocessing and data encoding. 

In [13], statistical and supervised models were used to predict 
accidents on highways, in which the volume of traffic and its 
deviation were taken as variables, highlighting a statistical 
correlation. These studies underline the importance of high-
speed scenarios, hybrid models, and the exploration of large 
amounts of data in high-risk road areas. 

Previous studies have also investigated how climatic factors 
and environmental conditions directly affect road safety. The 
study in [14] quantified the pavement friction threshold below 
which the risk of an accident increases using regression models 
with sensor data. The MSGSGCN model [15] was based on 
graph neural networks to predict the speed of irregular road 
networks, offering 4% improvement over previous established 
models. These works show how the environment and climate 
cannot be neglected in predictive models, since incorporating 
them can significantly improve accuracy, especially in extreme 
conditions. 

Many advances have also been made in real-time 
monitoring and automatic detection of road incidents using  
Artificial Intelligence (AI). In [16], the STVDAE model used 
spatiotemporal autoencoders, achieving significant detection 
speed improvements on high-traffic urban avenues. In [17], an 
automatic system combined classification and prediction of 
incident duration using RF and Gradient Boosted Trees (GBT), 
reducing RMSE by up to 45.6% in the prediction of resolution 
time. The integration of real-time data and the use of optimized 
models allows for improved incident response, which is crucial 
for effective smart traffic management. 

Several regional studies have also applied similar 
approaches in Europe and Australia [18-20], confirming the 
growing interest in adapting ML techniques to local traffic 
conditions. 

II. SYSTEM DESIGN 

A. Architecture 

The proposed system for the prediction of traffic accidents 
in Lima, Peru, follows an integrated architecture based on 
cloud services, real-time data processing, and frontend 
technologies accessible to the end user. Figure 1 provides a 
high-level view of how the system works. The architecture 
includes the following components:  

 Frontend: A web application allows users, both private 
entities and the general public, to access the platform from 
their browsers. Users can view the prediction results on 
traffic accident risk areas, generate reports, and query on 
previous incidents. Access is through an API that connects 
the frontend to the other components of the system. 

 AWS Services (Amazon Web Services): The platform uses 
AWS Lambda for data processing and Amazon SageMaker 
to train and run the predictive model. These services allow 
for scaling the infrastructure without having to worry about 
servers, adjusting the execution of agile high-performance 
solutions. Integration with other AWS services, such as 
Amazon S3 for data storage and API Gateway for 
communication between modules, allows processing large 
amounts of data efficiently. 
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Fig. 1.  Flowchart diagram. 

 Predictive Model: The predictive model was trained with 
historical accident records, meteorological data, and 
infrastructure characteristics of Lima highways. This model 
is loaded into Amazon SageMaker, where ML algorithms 
are used to perform traffic accident prediction calculations. 
The architecture allows the processing of information in 
real time and sending alerts in a predictive way. 

 Data Sources: Data is extracted from various sources, such 
as public datasets, for example, the records of the National 
Road Safety Observatory (ONSV), data from the Ministry 
of Transport and Communications (MTC), and historical 
meteorological data. This data is recorded and managed 
through cloud database services, allowing for fast and 
secure access. 

B. Methodology 

1) Dataset 

Various datasets relevant to the analysis of accident patterns 
and prevention in Metropolitan Lima were used. One of the 
main sources was the National Road Safety Observatory 
(ONSV) dataset (2008–2023) [21], which contains detailed 
information on fatal accidents, including geographic location, 
type of event, and consequences. Additional data on 
participants—both individuals and vehicles in fatal accidents—
were incorporated for the period 2021–2023, along with data 
on road network conditions provided by the Ministry of 
Transport and Communications (MTC, 2022) [22]. Historical 
meteorological records for Lima (2000–2014) were also used 
to assess the impact of weather conditions on accident 
occurrence [23]. In addition, contextual variables, such as 

rainfall, holidays, and time of day, were included to enrich the 
dataset and capture temporal and environmental factors that 
influence the probability of accidents. The data preparation 
process was carried out using a systematic cleaning and 
transformation method. In the first instance, the data was 
filtered to include only records from Lima, since the model 
focuses on this geographical region. As part of the data 
improvement process, additional variables were created from 
the available temporal information, and holiday dates were 
included using a list of known dates. A key aspect in data 
preprocessing was the generation of a balanced dataset by 
synthetically generating examples of "no accidents." This 
strategy is essential for the model to correctly learn to 
recognize the elements that help the occurrence of accidents. 
To achieve this, an intelligent algorithm was used, which 
modifies the characteristics of real accident cases by 
prioritizing the variables with the greatest statistical relevance 
to ensure the accuracy of the artificially generated cases using 
the k-Nearest-Neighbors (KNN) algorithm. 

The final dataset was divided into three final subsets: 
training (80%), validation (10%), and testing (10%). The split 
was performed using a stratified random procedure, ensuring 
that the proportion of accident and non-accident cases remained 
consistent across all subsets. The first was used to train the 
model on the overall patterns, the second to improve it and 
avoid overfitting, and the third to test the model's performance 
against new data. Likewise, a cross-validation technique was 
carried out to ensure a more reliable evaluation and reinforce 
the prediction functionality of the model. The datasets used in 
this study are publicly available from official Peruvian 
institutions. Accident data can be obtained from ONSV [21], 
road network information from MTC [22], and historical 
climate data from SENAMHI [23]. Due to data protection 
regulations, the dataset generated in this study cannot be 
redistributed. 

2) Model 

The predictive system for traffic accidents in Metropolitan 
Lima is based on the RF algorithm, selected because of its 
ability to handle heterogeneous data naturally and recognize 
nonlinear relationships between different predictor variables. 
Its suitability lies in its ability to integrate both categorical and 
numerical variables, its resistance to overfitting, and its ability 
to determine the relative importance of each feature in the 
prediction [24, 25]. The model architecture is divided into two 
fundamental modules: a data preprocessor and an accident 
predictor. The former coordinates the vital tasks of loading, 
cleaning, transforming, and balancing data, while the latter 
oversees training, comprehensive assessment, and efficient 
implementation of the predictive model. A chain of sequential 
and modular methods was implemented to perform data 
cleaning and transformations. Among the most significant 
transformations performed, the following should be 
highlighted: 

 Geographic filtering, restricting the analysis to data specific 
to Lima Metropolitana. 

 Comprehensive cleaning of both categorical and numerical 
variables, addressing missing values and inconsistencies. 
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 Extraction of relevant temporal characteristics, such as day 
of the week, month, and period of day. 

 Coding of categorical variables using appropriate 
techniques for inclusion in the model. 

 Synthetic generation of "non-accident" cases to balance the 
dataset and improve predictive capacity. 

 Normalization of column names, ensuring compatibility 
with database systems. 

Subsequently, a strict segmentation was defined between 
the training (80%), validation (10%), and test (10%) sets, 
applying stratified cross-validation to ensure an appropriate 
evaluation and avoid overfitting. For the selection of features, 
the most representative variables were used through an analysis 
of importance. The variables were: variables related to the area 
or place of incidence, and variables related to the date and time. 
These variables were decisive in improving the accuracy of the 
model during testing. On the other hand, the accident predictor 
incorporates essential functionalities for the development and 
validation of the model, including: 

 Preparing the datasets, one for training and one for testing. 

 Application of advanced balancing techniques, such as 
SMOTE (Synthetic Minority Over-sampling Technique), to 
address class imbalance. 

 Optimized training of the RF model, using adjusted 
parameters to maximize its performance. 

 Evaluating model performance across multiple metrics. 

 Detailed analysis of feature importance, providing valuable 
information on the most influential factors in accident 
prediction. 

 Serialization of the trained model to facilitate its subsequent 
implementation and use in the production environment. 

The proposed system and its modules were developed using 
the Python programming language, taking advantage of the 

efficiency of specialized libraries such as Scikit-learn, which 
was fundamental in the implementation of the RF model. 
Pandas was used for efficient data manipulation and analysis, 
and various visualization tools, such as Matplotlib and Seaborn, 
were used for a clear and efficient interpretation of the results 
obtained. To complement the model, a web platform was 
designed to act as the interface for interaction with the end 
user. This web application was deployed in the cloud, in 
particular, AWS. Using AWS cloud services relieved us from 
secondary tasks such as database management, focusing on the 
development of a web application that allows data loading, 
consulting predictions, generating reports, and analyzing 
statistics from a single platform. The web system contains the 
following modules: 

 Dashboard: Provides interactive visualizations that show 
the evolution of accidents by period, district, and 
environmental conditions. 

 Data Module: Allows for accessing, filtering, uploading, or 
exporting historical accident records, with options for 
debugging and continuous updating. 

 Prediction Module: Specific variables (time, weather, type 
of road, etc.) can be entered to obtain an immediate 
prediction of the risk of accidents in a given area. 

 Reports and Statistics: Offers the ability to download PDF 
or Excel reports on risk analysis by location or date. 

 Configuration and Administration: Manage user access, 
define roles, update the predictive model, and manage data 
security. 

3) Training 

The predictive model was trained using a systematic 
protocol aimed at optimizing performance. The preprocessed 
data were initially divided into training (1953 samples) and test 
(489 samples) sets using a stratified partition that preserved the 
relationship of accidents and non-accidents in both sets. 

 

 

Fig. 2.  Interface of the predictive system. 
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Continuous numerical variables were standardized using 
the z-score transformation to smooth the convergence of the 
algorithm. To prevent temporal bias, the chronological 
distribution of records was maintained in the data splits, 
preventing seasonal or evolutionary patterns from inducing 
information leaks between sets. In addition, to reduce the 
impact of hypothetical local imbalances, SMOTE was applied 
specifically to the training set, obtaining 977 instances per 
class. Finally, automatic validations were carried out to ensure 
the referential integrity of the data, especially for 
interdependent variables such as the time period of the day or 
the location-district. This approach ensured an unbiased 
evaluation of the final performance on the intact test set, 
simultaneously allowing fine-tuning of the model through the 
validation set and cross-validation. 

The RF algorithm was implemented using the scikit-learn 
library, complemented by imbalanced-learn for balancing. 
Hyperparameter optimization followed a two-stage 
methodology. First, a broad exploration was performed using a 
coarse-grained grid search that covered a large space of 
possible configurations, including variations in key parameters 
such as n_estimators (50, 100, 200, 300), max_depth (10, 15, 
20, None), min_samples_split (2, 5, 10, 15), min_samples_leaf 
(1, 2, 4, 5), max_features ('sqrt',  'log2', 0.3, 0.5), bootstrap 
(True, False) and criterion ('gini', 'entropy'). Once the 
promising region of the hyperparameter space was identified, 
the search was refined using fine-grained analysis around the 
preliminary optimal values. The final selection of 
hyperparameters was based on the optimization of the weighted 
F1-score, a metric that provides a balance between precision 
and accuracy, considering both classes. The resulting 
configuration comprised n_estimators: 200, max_depth: 15, 
min_samples_split: 5, min_samples_leaf: 2, max_features: 
'sqrt', bootstrap: True, criterion: 'gini', class_weight: 'balanced', 
and random_state: 42 to ensure reproducibility. 

During model training, several monitoring mechanisms 
were activated to control the process. Performance-based early 
stopping was established based on the validation set, stopping 
training when no improvement was seen in 50 consecutive 
trees. In addition, learning curve visualizations represented the 
change in error as a function of the size of the training set to 
diagnose bias-variance regimes. A stability analysis was also 
performed to test the consistency of predictions and the 
relevance of features between different cross-validation folds to 
verify the model's metrics. 

After training, the model was serialized and saved as a .pkl 
file, while its associated metrics were saved in a .json file. 
These files can be dynamically loaded by the system using 
specific scripts, which facilitates their reuse at later stages and 
their inclusion in the prediction flow in production. 

4) Evaluation and Statistical Analysis 

The classification model was evaluated using multiple 
complementary metrics, as shown in Table I, to capture 
different aspects of its performance. Precision measures the 
proportion of positive predictions that are correct, sensitivity or 
recall assesses the model's ability to correctly identify all 
positive cases, and specificity measures how well the model 

can identify negative cases. The F1-score represents the 
harmonic mean between accuracy and recall, providing a 
metric useful when seeking a balance between the correct 
identification of positive cases and the minimization of false 
alarms. The area under the ROC curve (AUC-ROC) assesses 
the model's discriminative capacity based on its performance 
across all possible decision thresholds. In addition, to avoid 
randomness problems, a 5-fold stratified cross-validation was 
used to evaluate the behavior of the model against different 
partitions of the dataset and obtain more reliable estimates of 
the real performance of the model. 

TABLE I.  EVALUATION METRICS 

# Metric Description Formula 

1 Precision 

Proportion of correct predictions 

among all predictions. Evaluate 

the overall accuracy of the model. 

�� +  ��

�� + �� + �� + ��
 

2 Recall 

Proportion of true positives 

among all real positive cases. 

Important in accident detection. 

��

�� + ��
 

3 F1-score 

Harmonic mean between 

accuracy and recall, useful in 

unbalanced class scenarios. 
2 ×

�	
��
��� ∗ �
����

�	
��
��� + �
����
 

4 Specificity 

Proportion of true negatives 

among all real negative cases. 

Assesses the ability to avoid false 

positives. 

��

�� + ��
 

 

III. RESULTS 

Table II presents the quantitative results, which indicate a 
moderate performance of the model in the test set, with a slight 
tendency to favor sensitivity (greater ability to identify real 
accidents) at the expense of precision (higher proportion of 
false positives). 

TABLE II.  MODEL EVALUATION METRICS ON THE TEST 
SET 

# Metric Value Standard deviation 

1 Precision 0.5092 0.5112 

2 Recall 0.5697 0.0510 

3 F1-score 0.5377 0.0292 

4 Specificity 0.5112 0.0171 

 
The confusion matrix in Figure 3 provides a detailed view 

of the behavior of the model. The model correctly classified 
111 cases as non-accidents (true negatives) and 139 cases as 
accidents (true positives). In addition, 134 cases were 
incorrectly classified as accidents while they were not (false 
positives), and 105 real accidents were not detected by the 
model (false negatives). This distribution of errors indicates a 
slight bias towards positive classification, which can be 
explained by the inherent complexity of predicting the 
occurrence of accidents based on the available contextual 
variables. The ROC curve in Figure 4 visualizes the model's 
discrimination ability across different thresholds. These results 
are in line with the evaluation on the test set, showing that the 
model has stable performance across various data subsets. It 
should be noted that although the model shows some potential 
in accident prediction, its overall performance, particularly in 
terms of accuracy and AUC-ROC, still needs improvement. 
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Fig. 3.  Confusion matrix. 

 

Fig. 4.  ROC curve. 

 

Fig. 5.  Most relevant variables. 

The feature importance analysis in Figure 5 indicates that 
the variable "DISTRICT" is by far the most significant 
predictor (37.2% of relative importance), followed by "TIME 
OF THE ACCIDENT" (10.8%) and "MONTH" (9.5%). This 
suggests that the spatiotemporal distribution of accidents shows 
significant patterns. Temporal context variables (hour, month, 
day of the week) together account for approximately 31% of 
the total predictive significance, reflecting the role of temporal 
patterns in the occurrence of accidents.  

To better understand the behavior of the model under 
different classification criteria, Figure 6 shows a systematic 
analysis of the impact of the decision threshold on the main 
metrics. The threshold analysis reveals a characteristic pattern 
in which accuracy and recall present inversely proportional 
behaviors as the threshold varies. With low thresholds (≤0.3), 
the model maximizes recall (98.3-100%) at the expense of 
modest accuracy (~50%). As the threshold increases, the 
accuracy tends to improve initially, peaking at around 0.5, and 
then deteriorating significantly with thresholds above 0.6. The 
F1 score, which represents the balance between accuracy and 
recall, reaches its maximum value (~0.66) with thresholds 
between 0.1 and 0.3, suggesting that a lower threshold setting 
could optimize the balance between the two metrics. This 
finding has relevant practical implications, as it allows the 
model to be adjusted according to the specific requirements of 
the application: privileging the detection of all possible 
accidents (high recall) or minimizing false alarms (high 
accuracy). 

 

 

Fig. 6.  Metric vs decision threshold. 

IV. DISCUSSION 

A strong influence of geographical and temporal factors on 
the occurrence of accidents can be determined, which is 
consistent with previous findings, such as in [11], which also 
addressed the importance of spatiotemporal factors in accident 
risk. Although in the context of highways, the study in [13] 
also supports the existence of a statistical correlation between 
traffic volume and its respective temporal deviation with the 
occurrence of accidents, which supports the existence of 
temporal patterns in this study. On the other hand, after 
evaluating the results, a moderate performance can be 
evidenced, which highlights the potential and, at the same time, 
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the limitations of the prediction model in a complex urban 
reality such as Metropolitan Lima.  

Comparing the proposed model's results with the literature, 
important differences in performance can be observed. In [3], 
94% accuracy was achieved using DNN, while in [8], 97% 
accuracy was achieved using RF on South African data. 
However, such comparisons should take into account 
discrepancies in geographical contexts, the size of the datasets, 
and the complexity of the variables. In studies with more 
comparable performance, similarities with a study for the UK 
[6] can be noted. The study in [6] noted that RF was the best 
classifier, although it did not report the overall accuracy. 
Similar results were achieved in [7], with an accuracy of 
73.63% using XGBoost and SHAP explanations, which 
suggests that the complexity of the accident prediction problem 
lies in the inherent difficulty of achieving high performance 
regardless of the proposed algorithm. 

Disparities in performance can be attributed to differences 
in methodology and context. First, the quality and availability 
of the data are markedly different throughout the studies. For 
example, while the study in [12] processed more than one 
million traffic accident records from the UK, achieving an 
accuracy of 85%, this work used a smaller dataset (with 2422 
final samples), which may partly explain its lower 
performance. Secondly, the social, economic, and cultural 
context of the city of Lima has its own characteristics that may 
not be well reflected in models whose training or studies are 
carried out in countries with more orderly and classic road 
infrastructures. An important difference with respect to similar 
research lies in the differences presented by the Lima context. 
Although, as noted in [16, 17], complementing the model with 
real-time data could improve predictive capacity, this requires a 
data collection infrastructure that currently does not exist in 
Metropolitan Lima, which represents a challenge for future 
developments. 

In practical terms, the proposed predictive system can be 
used as a decision-support tool for public institutions 
responsible for mobility and road safety. The system's 
predictions could help identify critical accident hotspots and 
high-risk time intervals, allowing authorities to plan evidence-
based interventions such as traffic-flow adjustments, 
infrastructure improvements, or targeted driver-awareness 
programs. By integrating these predictive insights into 
operational decision-making, the model goes beyond 
theoretical analysis and directly contributes to proactive road 
management. In the long term, this system could be integrated 
into intelligent transportation platforms at the municipal level, 
providing continuous feedback and helping to reduce accident 
rates in dense urban environments such as Metropolitan Lima.  

This research advances the current state of knowledge by 
bridging the gap between high-performance predictive 
modeling and its contextual implementation in developing 
urban areas. Previous works have demonstrated accuracy 
improvements through algorithmic optimization, yet few have 
translated these models into scalable architectures that can be 
operationalized by public institutions. The integration of cloud 
services, multidimensional data, and interpretable ML models 
presented here extends previous approaches by offering a cost-

effective, replicable framework that can be continuously 
updated with new local information. In this way, this study 
contributes not only to predictive accuracy but also to the 
democratization of AI-driven solutions for road safety 
management. 

Therefore, although the model developed has limitations 
compared to studies in developed countries, the results are 
promising considering the data constraints and the specific 
context of Metropolitan Lima. The identified spatiotemporal 
patterns provide solid foundations for the design of targeted 
public policies, and the architecture developed sets a 
benchmark for the application of AI in the prediction and 
prevention of accidents. 

V. CONCLUSION 

This study demonstrates the feasibility of building a 
predictive system for traffic accidents in urban environments 
such as Metropolitan Lima, using ML and cloud technologies 
to increase road safety. The proposed model, which is based on 
the RF algorithm, helped identify fundamental patterns in 
accidents, first highlighting the role of time and location. 
Although the model presents moderate results, it has laid 
relevant foundations in applying AI to the prediction and 
prevention of incidents. The existence of different challenges 
of a technical and methodological nature has been highlighted, 
which can be specified in the need to seek new sources of 
information (traffic flow in real time, driver information, 
updated status of the infrastructure), and/or take into account 
certain qualitative or subjective information that can become 
fundamental for the prediction of accidents. To improve results, 
future work should investigate other ML algorithms, superior 
feature engineering, richer spatiotemporal analysis, or, for 
example, segmentation by type of accident.  

In conclusion, this work can be considered an important 
first step in AI methods applied to the prediction and 
prevention of traffic accidents in Metropolitan Lima. Prediction 
of events such as traffic accidents requires a holistic, 
multidisciplinary, and multivariate vision, which combines data 
analysis with knowledge of the context for the prevention of 
events and incidents such as accidents. 
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