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Abstract 

This study analyzed the occurrence of robbery and theft in the City of Manila using discrete Bayesian network 

model.    Using a 5-year data of robbery and theft in the City of Manila (with conviction), the results showed that 

February and July emerged as the months with highest probability of crime happening at 10.66 percent and lowest on 

April with 6.80 percent.  In terms of crime happening on a week, the highest probability occurred on the 2nd week with 

28.3 percent and lowest on the 5th week at 6.8 percent.  Most of the crimes happened between 3PM to 6PM with 17 

percent and lowest occurrence between 6AM to 9AM at 7.0 percent.  Male population are more likely to be a victim 

of crime in almost all of the identified locations except for Pandacan where female population has a higher probability 

at 53 percent.  With these information, a patrol priority location table was developed to show the location where the 

crime is more likely to happen in a particular time range of the day.  This information can help the Philippine National 

Police in the police resource deployment. 
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1. Introduction

A crime is an act committed or omitted in violation of a law forbidding or commanding it and for which a punishment 

is imposed upon conviction (Philippine Crime Statistics, June 2013). Crimes are categorized into index and non-index 

crimes to create a standard definition of crime classification. Index crimes involves crimes against persons and crimes 

against property; index crimes are considered to be serious and happens with regularity across cities (Talabong, 2018). 

Non-index crimes are violations of special laws such as local ordinances, etc. The Philippine National Police (PNP) 

focuses on seven types of (index) crimes: (1) murder, (2) homicide, (3) physical injury, (4) rape, (5) robbery, (6) theft, 

(7) carnapping. Robbery and theft tops the list of crimes against property, and will be the focus on this study.

Crime pattern theory stipulates that crime does not occur randomly, it is either planned or opportunistic; the theory 

states that incidents are patterned with respect to time and space, occurring where the activity of the offender and 

victim/target intersect (Bratingham, 2013). The current (assumed) PNP operations on patrolling is statically scheduled, 

routed, and resourced; it can be optimized to contribute on reducing crime index as police visibility results in lower 

estimates of subjective risks of victimization. To establish a good public perception of safety, patrolling can be 

(theoretically) scheduled and routed in line with the probability of crime happening in a given area and time, and in 

harmony with police resources. Since crimes does not occur at random, this study believes that a pattern can be learned 

based from historical data of (recorded) crimes; probabilistic models can be used to represent, and infer from the given 

data. 
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Probabilistic graphical models use a graph-based representation as the basis for compactly encoding a complex 

distribution over a high-dimensional space (Koller & Friedman, 2009). The nodes on probabilistic graph models store 

probabilities from where it is easy to input evidence and output updated information. Direct relationship between 

variables give more information about complicated relationship. A Bayesian network is a directed graphical model 

that is constructed based on two main components: (1) nodes/vertices, and (2) arcs/directed edges. A node can 

represent propositional variable of interest that possess mutually exclusive states of associated probability distribution 

(Jensen & Nielsen, 2007). The probability distribution is in the form of node probability table. Probability theory 

states that the sum of probabilities associated with each state of a variable must be in unity (Ross, 2010). 

 

This study aims to infer marginal/conditional probability of robbery & theft on locations within Manila given the 

evidence of crime happening derived from intrinsic (conditional) probability distribution with respect to month, week 

of month, day of week, and time of day. The study proposes a discrete Bayesian network model for representation, 

and inference from the given crime data. The resulting network is intended (only) to assist PNP on their operations 

such as: patrolling – schedule and route prioritization, and resource management – pre-emptive response strategies.  

 

2. Methodology 

 
The design method for modeling crime instance in a Bayesian network is described in this section. The goal of the 

method is to model factors that determines a crime happening in one Bayesian network. A 5-year data of robbery & 

theft in Manila (with conviction) was used to determine intrinsic probability distribution of factors. Figure 1 represent 

the proposed model (representation) and its joint probability for a robbery & theft incident. 

 
 

M = Month 
W = Week of Month 
D = Day of Week 
T = Time of Day 
L = Crime location 
C = Crime 

 
P(M, W, D, T, L , C) = P(M) P(W) P(D | M, W) P(T) P(L | T , D) P(C | L) 

 

Figure 1. Representation of Proposed Model 

 
Each factor in a Bayesian network represents a conditional probability distribution (CPD) that can be derived from 

the given data. Table 1- 6 shows CPD for each factor. Table 6 is derived with respect to the population of the given 

location as shown in Table 7, instead of its intrinsic value as it is more logical to model the probability of a crime 

(rate) happening in a location given its population.  

 
Table 1. CPD for M: Crime happening on a Month (ϕ) 

 
 

 

 

 

 

 

 

 

 
 

 

 

January 0.086168 

February 0.106576 

March 0.074830 

April 0.068027 

May 0.070295 

June 0.083900 

July 0.106576 

August 0.081633 

September 0.072562 

October 0.063492 

November 0.086168 

December 0.099773 
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Table 2. CPD for W: Crime happening on a Week of Month (ϕ) 

 

 

 

 
 

 

 

Table 3. CPD for T: Crime happening on a Time of Day(ϕ) 

 

 

 

 

 

 

 

 
 

Table 4. CPD for D: Crime happening on a Day on a Week of Month (ϕ) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

1st Week 0.185941 

2nd Week 0.283447 

3rd Week 0.226757 

4th Week 0.235828 

5th Week 0.068027 

12 AM – 3 AM 0.095238 

3 AM – 6 AM 0.099773 

6 AM – 9 AM 0.070295 

9 AM – 12 PM 0.156463 

12 PM – 3 PM 0.163265 

3 PM – 6 PM 0.170068 

6 PM – 9 PM 0.136054 

9 PM – 12 AM 0.108844 

 Sunday Monday Tuesday Wednesday … Saturday 

1st Week of January 0.125000 0.000000 0.250000 0.125000 … 0.250000 

2nd Week of January 0.000000 0.000000 0.500000 0.000000 … 0.250000 

3rd Week of January 0.076923 0.076923 0.153846 0.153846 … 0.153846 

4th Week of January 0.090909 0.000000 0.090909 0.272727 … 0.181818 

5th Week of January 0.000000 0.000000 0.000000 0.000000 … 0.000000 

1st Week of February 0.200000 0.000000 0.000000 0.300000 … 0.400000 

2nd Week of February 0.142857 0.214286 0.071429 0.285714 … 0.000000 

3rd Week of February 0.090909 0.000000 0.090909 0.272727 … 0.090909 

4th Week of February 0.083333 0.083333 0.083333 0.416667 … 0.166667 

5th Week of February 0.142857 0.142857 0.142857 0.142857 … 0.142857 

1st Week of March 0.250000 0.250000 0.000000 0.000000 … 0.000000 

2nd Week of March 0.066667 0.133333 0.333333 0.200000 … 0.000000 

3rd Week of March 0.000000 0.200000 0.200000 0.100000 … 0.300000 

4th Week of March 0.250000 0.000000 0.000000 0.250000 … 0.500000 

5th Week of March 0.142857 0.142857 0.142857 0.142857 … 0.142857 

1st Week of April 0.000000 0.000000 0.666667 0.333333 … 0.000000 

2nd Week of April 0.000000 0.083333 0.083333 0.166667 … 0.333333 

3rd Week of April 0.166667 0.166667 0.166667 0.166667 … 0.166667 

… … … … … … … 

5th Week of December 0.125000 0.375000 0.000000 0.125000 … 0.250000 
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Table 5. CPD for L: Crime happening in a Location on a Time of Day (ϕ) 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

Table 6. CPD for C: Crime happening in a Location (ϕ) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

  
Binondo, 

Manila 

Ermita, 

Manila 

Intramuros, 

Manila 

Malate, 

Manila  

 

… 

Tondo, 

Manila 

12 AM - 3 AM Sunday 0.000000 0.166667 0.000000 0.000000 … 0.333333 

3 AM - 6 AM Sunday 0.000000 0.000000 0.000000 0.500000 … 0.250000 

6 AM - 9 AM Sunday 0.000000 0.000000 0.000000 0.000000 … 0.000000 

9 AM - 12 PM Sunday 0.000000 0.285714 0.000000 0.285714 … 0.000000 

12 PM - 3 PM Sunday 0.000000 0.000000 0.000000 0.125000 … 0.625000 

3 PM - 6 PM Sunday 0.000000 0.100000 0.100000 0.000000 … 0.300000 

6 PM - 9 PM Sunday 0.000000 0.200000 0.000000 0.100000 … 0.100000 

9 PM - 12 AM Sunday 0.000000 0.142857 0.000000 0.142857 … 0.142857 

12 AM - 3 AM Monday 0.000000 0.500000 0.000000 0.000000 … 0.000000 

3 AM - 6 AM Monday 0.000000 0.000000 0.000000 0.000000 … 0.100000 

6 AM - 9 AM Monday 0.000000 0.000000 0.500000 0.000000 … 0.000000 

9 AM - 12 PM Monday 0.000000 0.285714 0.000000 0.000000 … 0.000000 

12 PM - 3 PM Monday 0.000000 0.125000 0.000000 0.000000 … 0.500000 

3 PM - 6 PM Monday 0.000000 0.333333 0.000000 0.166667 … 0.000000 

6 PM - 9 PM Monday 0.142857 0.000000 0.000000 0.000000 … 0.285714 

9 PM - 12 AM Monday 0.000000 0.000000 0.000000 0.400000 … 0.200000 

12 AM - 3 AM Tuesday 0.000000 0.250000 0.000000 0.000000 … 0.000000 

3 AM - 6 AM Tuesday 0.000000 0.000000 0.000000 0.000000 … 0.400000 

… … … … … … … … 

9 PM - 12 AM Saturday 0.000000 0.375000 0.000000 0.125000 … 0.000000 

 

 

 

 
Robbery &  

Theft 

No Robbery & 

Theft 

Binondo, Manila 0.000539 0.999461 

Ermita, Manila 0.006652 0.993348 

Intramuros, Manila 0.000842 0.999158 

Malate, Manila  0.000525 0.999475 

Paco, Manila 0.000188 0.999812 

Pandacan, Manila 0.000487 0.999513 

Port Area, Manila 0.000075 0.999925 

Quiapo, Manila 0.000864 0.999136 

Sampaloc, Manila 0.000084 0.999916 

San Andres, Manila 0.000103 0.999897 

Sta. Ana, Manila 0.000084 0.999916 

Sta. Cruz, Manila 0.000699 0.999301 

Sta. Mesa, Manila 0.000045 0.999955 

Tondo, Manila 0.000146 0.999854 
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Table 7. Population in a given location 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 
 

The model structure should allow the distribution to be used effectively for inference. A python implementation 

(leveraging on existing python package: pgmpy) of variable elimination will be used to compute for probability in 

Equation 1 of a crime happening at a location given the evidence of day, and time. The equation 1 below shows the 

variable elimination for marginal/conditional probability of L given T, D. 

 
P(L | T , D) = ΣMΣWΣC P(M) P(W) P(D | M, W) P(T) P(L | T , D) P(C | L)   (1) 

 
The probability distribution of robbery and theft happening on a location is plotted in a line graph as seen on Figure 

2, having time ranges of: '12AM-3AM', '3AM-6AM', '6AM-9AM', '9AM-12PM', '12PM-3PM', '3PM-6PM', '6PM-

9PM', '9PM-12AM' respectively. 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 2. Line Graph (grouped) 

 
The likelihood of victim’s gender can be inferred by counting the instance of a gender for every crime committed 

within our data (intrinsic). The results were determined in Figure 3 considering crime total count. 

 

Location Population 

Binondo, Manila 12985 

Ermita, Manila 10523 

Intramuros, Manila 5935 

Malate, Manila  78132 

Paco, Manila 69300 

Pandacan, Manila 82194 

Port Area, Manila 66742 

Quiapo, Manila 23138 

Sampaloc, Manila 395111 

San Andres, Manila 116998 

Sta. Ana, Manila 178769 

Sta. Cruz, Manila 118779 

Sta. Mesa, Manila 110073 

Tondo, Manila 631363 
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Figure 3. Bar Graph: victim gender 

3. Results and Discussion 

 

The prioritization of PNP operations on patrolling within Manila can be inferred from the line charts as summarized 

in Table 8 below. The corresponding location that peaks the line graph at a given time range is the location of interest 

for that time range and day to be prioritized for patrolling.  

 

The recommended locations for patrol route or police resource deployment (pre-emptive) are represented through a 

table with time range as columns, and days of week as index. 

 
Table 8. Patrol Priority Locations 

 

 

 

 

 

 

 

 

 

 

 

 

 

The likelihood of victim’s gender can be inferred in Table 9 as shown below. Overall, the male population are more 

likely to be a victim of robbery and/or theft as observed in Figure 3. It would be more interesting to know the 

distribution of male and female per location, and profession (classification), to gain more insights of the population’s 

(extrinsic) probabilities of being a victim of crime. 

 
Table 9. Victim’s gender Likelihood per Location 

Location Female Male 

Binondo, Manila 0.29 0.71 

Ermita, Manila 0.37 0.63 

Intramuros, Manila 0.40 0.60 

Malate, Manila  0.22 0.78 

Paco, Manila 0.46 0.54 

Pandacan, Manila 0.53 0.48 

Port Area, Manila 0.20 0.80 

Quiapo, Manila 0.50 0.50 

Sampaloc, Manila 0.48 0.52 

San Andres, Manila 0.50 0.50 

Sta. Ana, Manila 0.33 0.67 
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4. Conclusion 

 
Given the assumptions on PNP operations regarding static patrolling and on-demand police resource deployment; this 

study would be relevant to optimize patrolling routes within Manila and enable pre-emptive police response on crimes 

(robbery/theft). The proposed model can be updated with concurrent conditional probability distributions of its factors 

to ensure relevance. This proof-of-concept may be operationalized to be evaluated, calibrated, and secure timely 

updating of CPDs; it is always better to have more quality data to be confident on a Bayesian network inference. 

 

The data that was used for the Bayesian network are crime records for robbery & theft with conviction; this provided 

enough information to generate inference. This study could be a benchmark on queries that would involve not only 

crime records with conviction, but also with reported crimes that did not make it until conviction due to some legal or 

moral (or other) factors. Some crimes are not filed by victims, some are arranged by the offender with the victim 

before formal crime report, and some are just false report, etc.  

 

More sophisticated Bayesian network are expected to handle different cases given the right data for representation, 

inferring, and learning. Data strategies should be implemented on future studies or operationalization, especially on 

what periods should be covered/considered for factor’s CPDs; we may consider monthly, quarterly, or yearly data 

coverage for CPDs. 

 

As stipulated from Crime Pattern Theory, crimes do not occur randomly but rather with pattern, it may relate 

geographically, socially, etc. (Bratingham, 2013). This study was able to infer a robbery and/or theft happening within 

Manila (location) given time; the model was able to infer a weekly pattern for robbery and/or theft incident . For future 

studies, if given more (quality) data, the researchers may be able to model crime (not limited to robbery & theft) 

incident with more factors. The researchers may be able to infer unusual crime pattern (geographic, social, etc.), and 

infer seasonality, trend, etc. It would be interesting to pin down a syndicate (or other offenders) using a Bayesian 

network as part of PNP intelligence tool. 
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