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Introduction

Studying crime data has become one of the essential topics in the world due
to its connection with human security. Analyzing this type of data can ef-
fectively prevent future crimes and identify spatial patterns and factors that
facilitate the commission of crimes to control crime-prone areas. Most of the
time, crime data has a spatio-temporal structure that causes the formation
of different spatio-temporal patterns. Therefore, spatio-temporal monitoring
of crime data is essential in identifying factors that cause crime and prevent-
ing crime. An important issue in many cities is related to crime events, and
the spatio-temporal Bayesian approach leads to identifying crime patterns
and hotspots. In Bayesian analysis of spatio-temporal crime data, there is no
closed form for posterior distribution because of its non-Gaussian distribution
and the existence of latent variables. In this case, we face challenges such
as high dimensional parameters, extensive simulation and time-consuming
computation in applying MCMC methods.

Material and Methods

In this paper, we apply INLA to analyze crime data in Colombia. To describe
the above concepts, a three-stage hierarchical model is considered. The ad-
vantages of this method can be the estimation of criminal events at a specific
time and location and exploring unusual patterns in places.

Results and Discussion
The Bayesian analysis of crime data is usually performed as Bayesian infer-
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ence of pure spatial or temporal patterns. However, such spatial or temporal
Bayesian analyses are not suitable for crime data. In this article, in a case
study, Bayesian hierarchical spatio-temporal analysis of crime data in Colom-
bia was discussed using the INLA approach, which considers spatio-temporal
dependence and makes the model more flexible in detecting unusual patterns.
Exploratory data analysis is also discussed, detecting areas with unusual be-
haviour over time. Four different models were fitted to the data, and the
best model that includes spatio-temporal interaction was selected using the
DIC criterion. The research results identify the most important centre of
crime in the Kennedy area of Bogota, as well as the highest crime rate in the
time frame. Then, hierarchical spatio-temporal Bayesian analysis of these
data was done with the /N LA approach.

Conclusion

The advantage of using this Bayesian approach is that it includes the ef-
fects of spatio-temporal correlation in the model and makes the model flex-
ible in detecting areas with abnormal behaviour over time and in different
places. For this purpose, four different models, including side effects and
spatio-temporal combination, were fitted to the crime data. The best model,
including the spatio-temporal interaction effect, was proposed using the de-
viance information criterion. The comprehensive and scientific comparison
of the two Bayesian methods INLA and the MCMC algorithm in terms of
accuracy, speed and even accessibility and convenient use for researchers
requires independent scientific and practical research because, for example,
the various methods of sampling in the MCMC algorithms and sometimes
its different methods in INLA make it difficult to compare accuracy. How
to use parallel calculations in the application of these two methods is also
effective in comparing the speed, and simply comparing the outputs cannot
express the advantage of one method over the other.

Keywords: Integrated nested Laplace approximation, Bayesian statistics,
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