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Abstract
This study compares the crime prediction performance across 83 regions of fine-tuned pre-
trained models versus models trained from scratch, using different strategies. The fine-tuned 
Lag-Llama model, using a strategy of training of a unique model that can predict any of the 83 
regions was the best for monthly predictions, while the fine-tuned Lag-Llama using the strategy 
of training by groups of time series created with the k-means method was the best for the 
daily predictions. Apparently, the clustering training strategy allows the Lag-Llama to make a 
better fine-tuned for time series with characteristics that make them less predictable, such as 
nonlinearity and variability. Even though the Lag-Llama showed the best results at the general 
level, it is not the best model to make crime predictions for every region. There are models more 
suitable for some regions. Therefore, it is advisable to implement more than one model in a crime 
forecasting system.
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Resumen
Este estudio compara el desempeño en el pronóstico de delitos de 83 regiones del ajuste de 
modelos pre-entrenados con modelos entrenados desde cero, usando diferentes estrategias. 
El modelo Lag-Llama ajustado, utilizando una estrategia de entrenamiento de un modelo único 
que puede predecir cualquiera de las 83 regiones fue el mejor para predicciones mensuales, 
mientras que el Lag-Llama ajustado utilizando la estrategia de entrenamiento por grupos de 
series de tiempo creadas con el método k-medias fue el mejor para las predicciones diarias. 
Aparentemente, la estrategia de entrenamiento de agrupamiento permite que el Lag-Llama haga 
un mejor ajuste para series de tiempo con características que las hacen menos predecibles, 
como la no linealidad y la variabilidad. Si bien el Lag-llama mostró los mejores resultados a nivel 
general, no es el mejor modelo para hacer predicciones de delitos para todas las regiones. Hay 
modelos más adecuados para algunas regiones. Por lo tanto, es aconsejable implementar más 
de un modelo en un sistema de predicción de delitos.

Introduction
Empirical evidence has shown how the strategies derived from crime prediction led to crime 
reduction [1]. The forecast derived from trained models has been used to anticipate the incidence 
of crime, carry out predictive surveillance [2], and determine how to distribute the material and 
monetary resources to combat the crime. The forecasts also could be used to evaluate policy 
strategies, comparing the prediction with the real values. The predictions can be used as the 
counterfactual of an intervention. Considering the benefits that crime forecasting could have on 
crime reduction, it is relevant to research how to improve the predictions. 
The  research on crime forecasting has  been  focused  on the generation of models based 
on statistical and machine learning algorithms that  are trained  using time series of crime 
occurrences. Recently, the area of forecasting has begun to adapt the architecture of powerful 
models created in Natural language Processing like ChatGPT, Llama, and others, to train models 
on many time series [3,4 5].
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Since these models have learned the patterns of many time series, they can be used to make 
predictions of other time series: using the model as it  was created  (it is known as zero-shot 
forecasting) or updating the pre-trained model to new time series (it is known as fine-tuned).
This study analyzes and compares the performance of fine-tuned pre-trained models for time 
series of crime reports versus models trained from scratch. Specifically, the study compares 
the performance of an LSTM encoder-decoder architecture that has given the best results for 
predicting crimes in a previous study [6] with the fine-tuned of two models trained with several 
time series and architectures adapted from large language models. As far as we know, this is 
the first study that uses pre-trained models to make predictions of crime time series.
Crime forecasting often requires the prediction of the number of crimes for multiple areas in a 
region or country. Therefore, it is possible to create a model for each area of interest, create models 
for groups of areas with similar behaviors, or create a single model that can predict an area 
of interest.  This study analyzes which of the three strategies is the best for  the  training  of  a 
forecasting model from scratch and the fine-tuned of a pre-trained model. As far as we know, 
this is the first study that investigates which way of training could be the best option.   
In summary, this study compares the performance between the fine-tuned of pre-trained models 
with models training from scratch for crime forecasting and analyzes the interaction between the 
type of models used with three different strategies for model training.  

Recent Studies for Crime Prediction
The research on crime prediction can be divided into classification methods for crime prediction 
and regression methods for crime prediction [7]  The focus of classification is to determine 
if  in an area a crime will occur. For example, [8] created models for the binary classification 
of areas where a crime will occur at a specific time. The areas came from splitting a city into 
cells of the same size. 
On the other hand, the focus of regression is the prediction of a numerical value related to the 
cases of crimes that will occur in a certain  time window  in the future. In regression, we have 
found studies that are intended to predict the crime rate. This is the case of [9], who predict the 
future yearly crime rate of EEUU, and [10] who predict the crime rate of the most common crimes 
in Chicago.  Most studies in the regression task are related to the prediction of the count of crime 
cases instead of the crime rate. This is the emphasis of this manuscript.   
Recent studies on  the prediction of  the count of crime cases  have been using 
different  methods  that  could  be classified  as statistical  methods,  and machine learning 
methods. In relation to the statistical methods, we have found that recent studies used ARIMA 
[e.g 11, 12], auto.ARIMA  [e.g 13], SARIMA [e.g14], and Holt-Winters [e.g 15] to create 
forecasting models. In these studies, the statistical model  was not presented  as the main 
proposal of the manuscript, but as a baseline for machine learning models. 
In relation to machine learning methods, most of the  recent studies created deep learning 
models. For example, [16] proposed a Seq2Seq based encoder-decoder LSTM model to predict 
the subsequent week of total daily crime in Chicago cities. The LSTM encoder encodes the 
time series sequence in one fixed-length context vector. The LSTM decoder takes the context 
vector to produce the output sequence prediction.  [12] were also based on the encoder-
decoder architecture to propose a novel paradigm of Dual-robust Enhanced Spatial-temporal 
Learning Network (DuroNet). The model is robust to outliers and waves because it uses  local 
temporal context information to smooth the deviation of outliers and  self-attention-based  to 
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weaken the effect of irregular waves. Based on the deep spatio-temporal 3D convolutional 
neural networks, [17] created a model to make predictions using crime maps. [11] applied 
a Nonlinear Autoregressive Neural Network to make predictions of non-linear time series.  
Other deep learning models with more simple architectures were suggested, for example, 
a simple LSTM was used by [14, 18, 19]. [15] used simple Neural Networks (ANN) and 
other methods, but additionally compared different techniques based on the extraction of time 
series seasonality before the training of the model and the incorporation of the seasonable effect 
in the predictions.  	
There are studies that combine statistical methods  and machine learning methods for crime 
forecasting.  For example,  [20] created an ensemble model that combines the predictions of 
several trained models like Naïve, Seasonal naïve, Decomposition (STL), Exponential smoothing 
(ETS), Linear model, ARIMA, Neural network, Prophet, FASSTER
 A combination between a statistical model and a deep learning model is proposed by [2].  The 
model is composed of five parallel Exponential smoothing and Bi-LSTM for five types of crime. 
The exponential layer is used to extract smoothing and level components. Finally, concatenated 
results are forwarded to Bi-LSTM for predicting the number of crimes. 

Methodology 

Dataset
Our analysis relied on property crime data spanning  from January 1, 2015, to May 30, 2023, 
compiled by the Costa Rican Judicial Research Department (OIJ). This dataset encompasses 
detailed information regarding the geographical and temporal attributes of each reported crime 
incident.  The crime reports were aggregated into a spatial and temporal unit. The spatial level is 
composed of 83 regions into which Costa Rica is divided (these regions are called cantons). We 
work with two temporal levels: day and month. Therefore, we generated models to make daily 
and monthly forecasts for the 83 regions.

Models 
At the daily level, the models were trained to predict the number of crimes that will occur in the 
next 10 days, and at the monthly level, the models predict the next 6 months.  We used as input 
the crime counts of 16 past months and the values of 30 past days. We worked with the three 
deep learning architectures that are described below.

Lag-Llama
Lag-Llama, proposed by [3] is a decoder-only transformer that receives as input a context-
length window of a time series  . The context window of size C contains prior values of the time 
series  and covariates . Thus, the vector of  is concatenated with the vector of . The covariates 
are composed of date-time features (month, day, week, etc), and descriptive statistics of each 
window.
The input, known as a token, is passed through a shared linear projection layer and then through 
M-masked decoder layers. Finally, the output of the decode stage is the input of the last layer, 
known as the distribution head. This last layer uses a probability distribution as the t-student, to 
predict the parameters ϕ of the forecast distribution of the next time step. This  last  layer 
lets to estimate a range of possible outcomes instead of a punctual deterministic prediction. The 
range of values can be averaged to obtain the punctual forecast, but more importantly, could be 
used to measure the uncertainty of the estimations. 
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The Lag-Llama architecture was trained on 27 time series datasets from different domains. The 
pre-trained model showed a good performance for zero-shot  forecasting, and state-of-the-art 
performance after fine-tuned.   We used the Lag-Llama model uploaded in https://github.com/
time-series-foundation-models/lag-llama

PacthTST
PathTST is a model created by [21] that outperforms other baselines.  A group of n time series 
data  is divided  into  different channels that share  the same Transformer backbone, but the 
forward processes are independent. In each channel, the univariate time series is divided into 
M patches (split the time series into M subseries). If the patch length is equal to P, the length 
of the time series  is equal to L and  there is a stride S (non-overlapping region between two 
consecutive patches), the number of patches is (L-P)/S +2.  The channels fed a Transformer 
encoder with a multi-head attention block, BatchNorm layers, and a feed-forward network with 
residual connections. The encoder output is passed to the last layer that generates the sequence 
prediction. This is a flattened layer with a linear head.
According to the authors, the patching approach offers three key advantages: it preserves 
local semantic details within the embedding, significantly reduces computational and memory 
requirements for attention maps by a quadratic factor while maintaining the same look-back 
window and enables the model to extend its attention span to encompass longer historical 
contexts. For PacthTST we used the model in https://github.com/yuqinie98/PatchTST

Encoder-Decoder LSTM
This is a model  proposed by [6]. The model showed a performance better than SARIMAX 
and other five deep learning models for crime forecasting. The architecture is composed of an 
Encoder LSTM (with recurrent units and a linear activation function) + Decoder LSTM  + time 
distributed layer (output is obtained separately for each time step). The Encoder-Decoder was 
trained from scratch.

Strategy of training 
As we mentioned in the Introduction, three strategies of training were analyzed:

a)	 Individual: In this strategy,  one model was generated  for each of the 83 regions. 
For  PatchTST  the fine-tuned process was applied  for each region independently of 
the other regions. For Lag-Llama,  this strategy was not applied because the fine-tuned 
process requires two or more time series.  

b)	Cluster: In this strategy, we generated three groups of time  series,  according to the 
similarity between the 83 daily time series and the similarity of the 83 monthly time series. 
The method used to group the time series was k means with the Euclidean distance. To 
determine the appropriate number of clusters, the Calinski–Harabasz score values are 
analyzed under different cluster size configurations for monthly and daily time series. The 
results obtained support that one of the most suitable solutions is the selection of three 
clusters.  The number of monthly time series by cluster were: 17, 15, 51, and for the daily 
time series were: 21, 15, 47. The training of the encoder-decoder and the fine-tuned of the 
other two architectures were generated by group. Therefore, 6 models were created for 
each method, 3 models for the daily time series and 3 models for the monthly time series.  
The assumption behind this strategy is that the learning of the models could improve if the 
time series has similar patterns. 
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c)	All: In this strategy, the training and fine-tuned were generated using the 83-time series 
of the daily and monthly time series. Therefore, only two models were generated for each 
method. The assumption here is that the model will learn better from the diversity of 
patterns. 

Experimental procedure
Cross-validation on a rolling basis with three folds was implemented to evaluate the performance 
of the models and the strategies. For each fold, a modified version of the metric Relative Mean 
Absolute Error (RelMAE) was computed. The three RelMAE were averaged for each time series. 
The original (RelMAE) is the division of the Mean Absolute Error of the forecasting model by 
that of a benchmarking method.  Our benchmarking method  is the estimation of the  future 
crime counts using the average of the crime counts of the last six months and the  last  ten 
days. This  is a naïve method that can be used by people who don’t know about forecasting 
methods. Thus, the metric compares the performance of our models with a simple prediction 
that can be used by people who don’t know about forecasting methods. We changed the original 
RelMAE, including the mean absolute error of the naïve prediction in the numerator instead of 
in the denominator, to avoid the non-definition when no crime occurred in the last six months or 
the last ten days.
The formula is the following:

RelMSE_modified = 
𝑀𝑀𝑀𝑀𝑀𝑀_𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛

𝑀𝑀𝑀𝑀𝑀𝑀_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓_𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑜𝑜𝑜𝑜 

When the value of the metric surpasses the threshold of 1, the forecasting model is useful, but 
when it is less than 1, it is better to use a naïve prediction to estimate future crime occurrences. 

Results
Table 1 shows the performance of the model based on the median of RelMAE in the test sample. 
We computed the median instead of the mean because there are outliers that affect the mean. 
There are only 83 time series, and a single outlier can have a significant influence on the mean. 
Table 1 shows that the Lag-Llama  model  independently of the  strategy of  training  got the 
best performance for the daily and monthly time series. This result proves that fine-tuned can 
be useful for crime forecasting. Regarding the strategy of training, the medians indicate that the 
best strategy  is  the  training of  the models using the crime reports for all regions. This  finding 
suggests that deep learning architectures could learn better from the variability between regions 
than focusing on learning the specific behavior of each region. On the hand, Table 2 shows the 
performance, for the combination of type of model and strategy. According to the results, at the 
monthly level, the Lag-Llama with the strategy of all-training performs better than other models. 
At the daily level the best options are the Lag-Llama with the strategy of all-training and Lag-
Llama with the strategy of training by cluster. 
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Table 1. Median of the RelMAE in test, by model and strategy of training.

Type Daily Monthly
Model

Lag-Llama 1.07 1.10
encDec 1.01 1.04
patch 1.01 1.04

Strategy
All (A) 1.03 1.11

Cluster (C) 1.02 1.05
Individual (I) 1.01 1.00

Table 2. Median of the RelMAE in test, combining model and strategy of training.

Model Daily Monthly
encDec_A 0.99 1.42
encDec_C 1.02 1.35
encDec_I 1.01 1.21
patch_A 1.02 1.36
patch_C 1.01 1.33
patch_I 1.02 1.31

Lag-Llama_A 1.07 1.44
Lag-Llama_C 1.07 1.38

Note: C: cluster strategy, A: All strategy, I=Individual

Table 2 does not show the number of time series (regions)  that  are  best predicted  for each 
model. Meanwhile, Table 3 presents that information in the column named Best, and the number 
of time series (regions) in which the model is the best by a difference  larger than 0.03  in the 
metric RelMAE. The values in Table 3 show that Lag-Llama_A model offers the best performance 
across a larger number of time series. This result confirms the findings of Table 2 about which 
model is the best at the monthly level. At the daily level, the results complement the findings in 
Table 2 and allow us to conclude that Lag-Llama_C offers the best performance.
Table 3 shows, for each model, how many time series achieved their best performance with that 
model and how many achieved a best performance with a RelMAE at least 0.03 units higher 
than that of the second-best model. This table allows for analyzing whether there is a model 
that predominantly outperforms the others across the majority of the time series.  The findings in 
Table 3 suggest that there is not a unique model that can be the best predictor for each region; 
therefore, it  is relevant to consider the implementation of more than one model to improve the 
performance of the predictions in multiple regions. For this reason, Table 4 compares the RelMae 
using the best model for each region versus the implementation of the three best models. It 
also shows how many regions would have an acceptable RelMae value (greater than 1) with 
both alternatives. In this way, Table 4 illustrates the suitability of implementing all the models 
or selecting a subset of them for a crime prediction system. Based on the results, we consider 
that the best option is the implementation of the best three models because the performance is 
similar to the best possible alternative (implement all models), and it reduces complexity in the 
implementation.
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Table 3. Number of time series that are best predicted for each model. 

Model
Daily Monthly

Best Best>0.03 Best Best>0.03
Lag-Llama_C 37 21 13 13
Lag-Llama_A 14 6 24 22

encDec_I 7 4 5 3
encDec_C 6 1 5 4

patch_I 6 2 3 2
patch_A 5 0 9 4

encDec_A 4 0 17 12
patch_C 4 0 7 1

Note: C: cluster strategy, A: All strategy, I=individual

Table 4. Performance of a forecasting system based on different alternatives of models.

Alternative
Daily Monthly

RelMAE>1.0 median  RelMAE RelMAE>1.0 median RelMAE
Best_three _models 70 1.11 70 1.28

Best_model_for_all_regions 75 1.14 76 1.29

We estimated the median of five features of the daily and monthly time series according to the 
model that was the best predictor. The objective was to find factors associated with the fact that 
a model gave the best performance for a group of time series. We computed the median instead 
of the mean because there are outliers that affect the mean. The features estimated were: 

•	 Trend. Measure the strength of the trend based on [22]. The score is between 0 and 1, 
being 1 the strongest strength. 

•	 Non-linearity. Measure the non-linearity of the time series, based on [23]. Higher values 
represent more non-linearity. 

•	 Coefficient of variation. Measure the variability of the time series. Higher values represent 
more heterogeneity. 

•	 Percentage of zeros in the time series. 

•	 Mean of crime reports. Measure the number of cases by period of time. 
The results in tables 5 and 6 show some relevant findings. At the daily level, two characteristics 
show different values between models: the proportion of zeros and the coefficient of variation. 
For example, the Lag-Llama with the strategy of cluster training tends to be more adequate for 
time series with a higher proportion of zeros and higher variability. The PatchTST model with 
the individual and cluster strategy got the best results with time series that have less proportion 
of  zeros and variability.  At the monthly level, the features trend, non-linearity, and  mean 
are  factors descriptively associated with the performance of the time series. Lag-Llama with 
the cluster strategy and Encoder-Decoder with the strategy of all-training perform better with 
more non-linear time series  that have  a higher number of cases per month. The Encoder-
Decoder with the individual strategy, performs better in time series with less non-linear tendency 
and  stronger  trends. Similarly, the PatchTST models can be associated with less non-linear 
time series, but with a weaker trend than the Encoder-Decoder. 
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Table 5. Median of five features according to the model that was the best predictor for the daily time series

Method trend zeros nonlinear CV mean
encDec_I 0.22 0.42 0.01 120.89 1.04
encDec_C 0.24 0.24 0.05 96.07 1.82
encDec_A 0.25 0.26 0.04 90.64 1.68

patch_I 0.24 0.16 0.05 80.62 2.66
patch_C 0.26 0.16 0.07 81.72 2.53
patch_A 0.20 0.40 0.02 113.42 1.07

Lag-Llama_C 0.17 0.67 0.01 167.33 0.43
Lag-Llama_A 0.21 0.32 0.01 104.15 1.36

Table 6. Median of five features according to the model that was  the best predictor for the monthly time series

Method trend zeros nonlinear CV mean
encDec_I 0.56 0.00 0.15 31.92 26.77
encDec_C 0.42 0.00 0.34 35.88 26.33
encDec_A 0.57 0.00 0.41 29.33 49.28

patch_I 0.35 0.00 0.18 30.32 24.58
patch_C 0.31 0.00 0.19 35.55 13.51
patch_A 0.42 0.00 0.21 31.43 24.05

Lag-Llama_C 0.49 0.00 0.40 30.72 59.69
Lag-Llama_A 0.49 0.00 0.25 34.09 26.57

Conclusion 
The results underscore the significance of embracing architectures derived from language 
models that have already been trained with numerous time series in order to investigate criminal 
behavior. In this study, we took advantage of the learning acquired by the Lag Llama models to 
create predictors of the crime at a daily and monthly level in 83 regions of Costa Rica. Regarding 
the training strategy, the results suggest that the two strategies that produced the best results 
were the strategy of training models with all the time series and the strategy of training by groups 
of time series based on their similarity. The first strategy mentioned was the best with Lag Llama 
for the monthly prediction. This  finding suggests that deep learning architectures could learn 
better from the variability between regions than focusing on  learning  the specific behavior of 
each  region. The strategy of training by groups of time series based on their similarity was 
the best for the daily prediction. The clustering training strategy allows the Lag Llama to make 
better fine-tuned for time series with characteristics that make them less predictable, such as 
nonlinearity and variability. 
Even though the Lag-Llama showed the best results at the general level, it is not the best model 
to make crime predictions for any region. There are models more suitable for some regions. 
Therefore, it is advisable to implement more than one model, but not many models because 
we will end up with a more complex forecasting system to implement and update. Our analysis 
suggests three alternatives for daily forecasts and three alternatives for monthly forecasts. 
Similarly, crime forecast practitioners should not focus on choosing a single model based on 
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statistics such as the mean or median of the test performance metric. It would be optimal to 
improve the capacity of a forecasting system for the analysis of how much is gained in the 
performance by implementing one or more additional models.
Future studies in the field of crime forecasting should investigate the performance of other pre-
trained models that have emerged and will continue to emerge, for example, [5] and [24]. It is 
important to continue analyzing when and how the strategy of training by a cluster of time series 
is better than the strategy of training with an all-time series of interest. Finally, a pre-trained 
model with a time series of crime reports should be generated in the short term in order to prove 
its performance with zero-shot forecasting and fine-tuned. Studies with this approach have been 
developed in other areas like the forecasting of macroeconomic variables [25], however, in the 
area of crime forecasting, there is no research as far as we know.
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