STEPS

International Journal of Computing Sciences Research (ISSN print: 2546-0552; ISSN online: 2546-115X)
Vol. 5, No. 1, pp. 519-533

doi: 10.25147/ijcsr.2017.001.1.56

https://stepacademic.net

Short Paper*

Application of Spatiotemporal Analysis and Knowledge
Discovery for Databases in the Bureau of Fire Protection as
Incident Report System: Tool for Improving Fire Services

Francis F. Balahadia
Graduate School-University of the East-Manila
balahadiafrancis@gmail.com
(corresponding author)

Albert A. Vinluan
Graduate School-University of the East-Manila
albert.vinluan@gmail.com

Dennis B. Gonzales
Graduate School-University of the East-Manila

dbgonzales33@gmail.com

Melvin A. Ballera

Technological Institute of the Philippines-Manila

maballera@yahoo.com

Date received: July 22, 2020
Date received in revised form: September 8, 2020
Date accepted: September 16, 2020

Recommended citation:

Recommended citation: Balahadia, F., Vinluan, A., Gonzales, D, and Ballera, M.
(2020). Application of spatiotemporal analysis and knowledge discovery for
databases in the Bureau of Fire Protection as Incident Report System: Tool for
improving fire services. International Journal of Computing Sciences Research, 5(1),
519-533. doi: 10.25147/ijcsr.2017.001.1.56

*Special Issue on Information Technology for Business, Health, Education,
Entertainment, Environment, and Management. Guest Editor: Dr. Francis F. Balahadia,
Laguna Polytechnic State University.

Abstract

Purpose — This study aims to contribute to the fire research by developing a fire report
management system for the BFP that can analyze spatiotemporal attributes of fire and
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apply Knowledge Discovery in Databases (KDD) methods to identify patterns of fire
incidents in the city of Manila.

Method - The proponents applied the Knowledge Discovery in Databases (KDD) methods
for the processing of identifying fire patterns as well as the application of SMOTE, One-
Hot Encoding, and Agile Method as Software developmental model.

Result — The records obtained from the BFP headquarters in Manila had a total of 3,506
cases during the six years from 2011 to 2016. The accuracy of the Decision Tree classifier
model was 95.92%. Using KDD approach, it generated decision rules fire pattern in Manila.
Most fire causes fall under the 'Under Investigation' category while Residential-
Commercial types of establishments in Intramuros were affected. Lastly, the fire occurred
in the mornings, during Sundays when most people are in their homes and the majority of
which took place in the Pandacan district.

Conclusion — The application of KDD in building a predictive model to be integrated into
the system was the major part of this project. The outputs generated by the system can
provide material for use in more accurate fire risk assessments, more efficient allocation
of fire resources and personnel, and more targeted fire awareness and prevention
programs.

Recommendation - Future research in this area may include other factors contributing to
a higher likelihood of fire incidences such as weather conditions and other geographical
attributes of fire-prone locations. Analysis of these and other relevant factors may allow
the BFP to gain further insights into the causes of fire incidents, which will enable the
agency to make the necessary adjustments and changes in their current fire prevention
and risk reduction programs

Practical Implication — This study provides direct implication for the Bureau of Fire
Protection and community through the given insights of the fire activities and the created
model of the system that determine Manila's fire patterns that help identify appropriate
information about fire activities and preventive measures of fire incidents.

Keywords: KDD, Spatiotemporal, fire pattern, fire report, BFP, Decision Tree, Manila

INTRODUCTION

The discovery of fire in prehistoric times has allowed humankind to achieve great
strides in civilization. It can be assumed that it was also at the dawn of the Fire Age when
our ancestors have discovered the destructive power that fire brings with it. In the
modern world, fire incidents —whether caused by natural disasters (such as bush fires) or
human negligence— poses a grave threat to people, properties, and the environment,
resulting in physical, emotional, and economic damages (Yao & Zhang, 2016).
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The Philippines has seen a decline in the number of fire incidents in recent years,
though figures for human casualties and property losses remain high. The Bureau of Fire
Protection (BFP) recorded a total of 14,197 fire incidents nationwide in 2017, considerably
lower than the 19,292 cases recorded in 2016, though the number of civilian deaths (from
285 to 304) and amount of damages (from P3.08B to P7.86B) have both gone up
(Bautista, 2018). The National Capital Region (NCR), with the city of Manila at its heart,
has perennially been the region with the most number of reported fires nationwide, with
4,645 incidents and 105 civilian fatalities in 2017. Fire incidents, though not usually
classified as disasters, remain to be a sizable challenge for the country with the huge
losses they bring about. Velasco (2013), however, notes that unlike natural disasters, fire
incidents can be prevented and the losses can be mitigated through risk reduction.

The City Headquarters of the BFP in Manila collect fire incident reports from the 16
fire stations located in the city monthly. The agency keeps these records mainly for
reporting purposes. The data, however, can be made more useful if important
information can be extracted from them for analysis. The results of such analysis may
provide clues such as patterns of fire incidence that can be considered when planning fire
prevention and risk reduction strategies. Such analysis can be facilitated by the use of
specialized software and applications. Incidentally, extraction and analysis of information
from databases is an area that information technology (IT) professionals have focused
their recent research efforts on.

In 2018 the University of the Philippines in Cebu started a fire hazard mapping and
fire spread modeling project called FireCheck (Bongcac, 2019; Nazario, 2019). The
FireCheck Project team has developed a mobile application that shows three-dimensional
(3D) community maps where information necessary for pre-fire response planning, such
as building properties and road attributes, can be displayed (Nazario, 2019). Whether the
project employs data of fire incidents from the BFP in its fire risk assessment and
evaluation process has not been reported, however.

In other countries, researchers employ spatiotemporal analysis methods to
extract patterns from data of fire incidents, the results of which are used in creating fire
prediction models (Bringula & Balahadia, 2018). Asgary, Ghaffari, and Levy (2010) noted
that studies were successful in providing insights about spatiotemporal patterns of fire
incidents, which were useful in planning fire prevention and response management (e.g.,
Spatenkova & Virrantaus, 2013; Balahadia & Trillanes,2017; Balahadia, et al., 2019; Yao &
Zhang, 2016; Wang, et al., 2011). Other studies of fire incidents using prediction and data
mining approach were Karouni, et al., (2014), Raghuwanshi (2016), Wang, et al. (2017),
Stojanova, et al. (2006), and Zhang & Jiang (2012).

Also, Algassim & Daeid (2014) and, locally, Bringula & Balahadia (2018) conducted
spatiotemporal analyses of fire causes. Apart from the previously mentioned study that

involved one of the authors, there is little research in the Philippines that uses a similar
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approach. Without backing from such research, fire prevention programs in the country
may not have a solid grounding from which to base policies and programs that address
the hazards that fire incidents cause.

This study aims to bridge this gap in local fire research by developing a fire report
management system for the BFP that employs data mining and Knowledge Discovery in
Databases (KDD) methods to analyze fire incidents data for spatiotemporal patterns that
are instrumental in the prediction of levels of fire risk, efficient allocation of fire
prevention resources, and effective planning and policy formulation for fire prevention
programs.

This paper consists of Section 2- Methodologies, Section 3- Proposed System, and
Section 4-Conclusions and Recommendation.
MATERIALS AND METHODS
Knowledge Discovery in Databases (KDD)
Figure 1 presents the Knowledge Discovery in Databases (KDD) consists of five major

phases, namely: Selection, Preprocessing, Transformation, Data Mining, and Evaluation
(Cheng & Wang, 2006).

Data Interpretation /
(Selectlon (Preprocessmg) (Transformatmn) Mining Evaluation

“FAENS Y

Transformed
Target Data

Preprocessed Patterns
Data Data

Knowledge

Figure 1. Knowledge Discovery for Databases Process
Data Selection

This study used data from fire incidents in Manila, the capital and the second-
largest city of the Philippines. With a population of 1.78 million in 2016 and 42,857
individuals per square kilometer, it is one of the world's most densely populated
cities. A large numbers of its population, in particular the urban poor, live in
makeshift houses built with light materials that account for the rapid spread of fire
during fire incidents.
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The data were obtained from fire incident reports provided by the city
headquarters of the BFP in Manila. There were 3,506 cases recorded from January 1,
2011 to December 31, 2016. The entries in the reports contained information on the
time, date, location, cause, alarm level, cost of damages, and establishment
involved in the fire incidents shown in Table 1. The reporting format was
standardized throughout the 14 municipalities comprising the capital city. The
reports were imported into spreadsheet software and the records were kept for
future reference.

Table 1. The Fire Incident Attributes

Attribute Description
Time Time of the day when the fire incident occurs
Days of the Week A day when a fire occurs
Months A month when a fire occurs
Year Year when a fire occurs
Location Location or address of the fire incident
Causes Causes of the fire incident
Establishment Involved Type of establishment involved in the fire
Alert Level Fire level alert of the fire occurrence
Amount of Damages The determined amount of fire damages

Data Preprocessing

The spreadsheet containing the fire incident records were examined and
formatted to ensure a consistent layout. The entries had columns for date, time,
location, cause of the fire, alarm level, amount of damages, number of fatalities, and
establishment involved. Additional columns were created for geographical
coordinates of fire locations, which were manually geocoded based on the date of
the incident. Incomplete or unidentified addresses or locations were either looked up
on the Internet or verified by residents from the barangays affected. The causes of
fire incidents were categorized into groups and the other attributes such as time,
day, month, year, and district were coded accordingly.

A focus group discussion with the Operations and Arson Department of the BFP
was held to discuss unclear entries in the fire reports, as well as to gain an
understanding of the nature of fire incidents, the protocols that the fire agency
follow when responding to such incidents, and how reporting is done. Additional
documents were also checked to fill gaps in a few records. After the review, a master
list of all fire incident reports was compiled in one spreadsheet file using Microsoft
Excel.
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Data preprocessing was done with SMOTE using WEKA and One-Hot Encoding to
identify features of the datasets that affect the results of the evaluation. SMOTE,
which stands for synthetic minority oversampling strategy, is a method for adjusting
an imbalanced dataset to create an adjusted dataset. This technique is a useful
approach to enhance arbitrary oversampling by appropriating the cases for the
dominant part class and the minority class similarly. One-Hot Encoding, on the other
hand, is a process in which categorical variables are converted into a form that
machine learning (ML) algorithms can use for better prediction results.

Data transformation

A final transformation was done on the dataset before performing data mining
and knowledge discovery by formatting all textual attributes to lowercase form,
removing commas and periods in the numerical figures, and, most importantly, by
applying the Microsoft Excel function of converting categorical data to numerical
data for the application of One-Hot Encoding. This procedure was necessary because
classifiers in the Python sckitlearn package are case-sensitive and treat each word as
different from one another, even if they have similar meanings. These
transformations are crucial in knowledge extraction to avoid compromising the
reliability of the results. Lastly, each data model’s results were verified using Python’s
Testing and Training Validation feature.

Data Mining

The output of several classifiers, which were supervised machine learning
algorithms, were tested and evaluated to find the most accurate predictive model for
producing new knowledge or identifying patterns from the fire incidents dataset. The
classifiers used were: KNN, Logistic Regressions, Naive Bayes, SVM, MLP, and Decision
Tree.

Interpretation/evaluation
Interpretation of the mined data was performed to extract knowledge by
visualizing the patterns and the data models generated and, when necessary, by

iteratively reviewing the previous steps of the process.

Table 2. The Result of Testing and Training Evaluation
Classifiers | Accuracy | f-measure precision

KNN 0.940217 | .94358974 | .9583333
Naive Bayes 0.883152 | .9178744 .87962963
MLP 0.903583 | .9023198 .90111876

Decision Tree | 0.959896 | .98492462 | 0.980000
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The dataset was divided into two parts, the training set, and the testing set.
Entries in the dataset were first grouped according to the fire alert level, then 30%
were randomly selected from each alert level. These entries comprised the training
set while the remaining 70% was used as the testing set which was also done from the
previous study (Balahadia, et al., 2019). Several data analysis algorithms were tested
to determine the best classifier model based on accuracy, f-measure, and precision, as
shown in Table 2.

Visualization

The selected classifiers were evaluated in terms of accuracy in classifying given
labels. The classifier with the highest accuracy was then further evaluated in terms of
precision and recall through a Confusion Matrix table. The output produced by the
best classifier was shown to the BFP personnel for review and consideration, and
recommendations were provided for specific areas of fire prevention and risk
reduction programs that can be improved based on the results of the previous
analyses.

Spatiotemporal Analysis

Spatial attributes and temporal attributes of the fire incidents datasets were
arranged in order and numbered separately. These spatiotemporal characteristics were
then loaded into the system developed by the researchers for visualization through
mapping. Geographical coordinates for locations of fire incidents were produced using
Geocode software and plotted on a map of Manila using Google Maps API. These
procedures allowed for the identification of fire-prone areas and the frequency of fire
incidents based on the previous six-year records of fire incidents in the city, which should
be useful in planning preemptive fire incident response and prevention strategies.

Software Development Model

The Agile Model was employed in the development of the fire report management
system for the BFP. It banks on teamwork, constant user feedback, continuous
improvement, and the ability to adapt to changing movements for the success of a
project.

The process consisted of several phases:

Phase 1: Gathering data from the BFP and reviewing the literature on fire incident
patterns and spatiotemporal analysis.

Phase 2: All gathered data were reviewed and evaluated to formulate plans,
objectives, target clients, and concepts of the system.

Phase 3: After data evaluation, all requirements needed in the study were
collected. Specialized software applications such as Python, WEKA, Java, and
Adobe Photoshop for the design of the website were used.
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Phase 4: The flow of the application was analyzed, its layout was designed and,
finally, the model for forecasting and training the data was produced.

Phase 5: After the development stage, the application was tested to check for
errors or bugs and to verify if the classifiers/algorithm were properly working so
that the appropriate solutions can be applied.

Phase 6: Testing and evaluation methods were applied to assess the performance
of the system.

Phase 7: After the evaluation, the researcher set forth a plan to improve the
maintenance of the application accordingly, followed by the implementation of
such improvements.

RESULTS AND DISCUSSION
Developed System

The fire report management system is a web-based application that allows access to
historical fire incident reports from the BFP. It is made up of five main modules: (1)
Announcement and Posting Module; (2) Fire Report Module; (3) Mapping Module; (4)
Fire Pattern Module; and (5) Account and Setting Module. The users (BFP Admin, BFP
Stations Personnel, and Community) have different levels of authority in accessing the
system.

Announcement and Posting Module

This module allows community users and BFP Stations Personnel to view all
announcements and activities posted by the BFP Admin. It also displays News, Updates,
BFP Activities and Programs, Gallery, and Do’s and Don’ts during Fire Occurrences. Its
main purpose is to spread awareness and educate the community about fire occurrences.

Fire Report Module

BFP Stations Personnel were provided with user accounts to enable them to
transmit fire incident reports through the system. All the reports are saved in a database
for easy retrieval. Descriptive analytics and spatiotemporal analysis of all fire reports
generated by the BFP Admin are applied in this module, from which a summary of fire
incident reports from all 16 BFP fire stations in Manila is displayed through graphs and
tables.

Mapping Module

The historical data stored in the database can be used to plot locations of fire
incidents on a map through the use of geographical coordinates. Clicking a marker on the
map will show details about the fire incidents in that location. The map also provides

information about the degree of fire concentration (low, moderate, or high) in every
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municipality/district of Manila, as shown in Figure 2. This will inform the community of
areas,

fire-prone
or fire hot
in the city.

Figure 2. Fire Mapping Hotspot

Fire Pattern Module

spots,

This module will generate the knowledge discovered during the data mining process
of the KDD. The classifier and developed model will identify the alert level of fire in a
specific location in Manila, generate an output showing patterns of fire incidents, current
fire prevention activities in the area, and provide recommendations, as shown in Figure 3.
Also, this module allows the user to generate a dataset based on what on attributes
chosen in the combo boxes through the Generate Recommendations section, as shown

in Figure 4.
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Crowd management
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Figure 3. Fire Pattern Recommendation

View Reports
Reports
TIME DATE MONTH YEAR DAY DISTRICT CAUSE ESTABLISHMENT ALERTLEVEL
1AM 1-Jan-11 JANUARY 2011 Saturday Sampaloc Electrical connection Vehicle 1st Alarm
1PM 4-Jan-11 JANUARY 2011 Tuesday Sampaloc Cigarette Butt Rubbish 1st Alarm
1PM 29-Jan-11 JANUARY 2011 Saturday Sampaloc Under Investigation Residential 3rd Alarm
1PM 2-Feb-11 FEBRUARY 201 Wednesday Sampaloc Candle Residential 1st Alarm
12PM 3-Feb-11 FEBRUARY 20M Thursday Sampaloc Candle Residential 1st Alarm
&PM 12-Feb-11 FEBRUARY 20M Saturday Sampaloc Electrical Appliances (kettle, stove, ref, flat ir Residential 1st Alarm
1PM 13-Feb-11 FEBRUARY 2011 Sunday Sampaloc Under Investigation Residential 3rd Alarm
8PM 13-Feb-11 FEBRUARY 2011 Tuesday Sampaloc Electrical connection Vehicle 1st Alarm
8PM 17-Feb-11 FEBRUARY 2011 Thursday Sampaloc Electrical connection Electrical 1st Alarm
10AM  21-Feb-11 FEBRUARY 20M Monday Sampaloc LPG Leak, Gas, Keresone, Charcoal Stove Residential 1st Alarm
&PM 21-Feb-11 FEBRUARY 20M Monday Sampaloc Electrical connection Electrical 1st Alarm
8PM 21-Feb-11 FEBRUARY 2011 Monday Sampaloc Electrical connection Electrical 1st Alarm
1AM 24-Feb-11 FEBRUARY 2011 Thursday Sampaloc Electrical connection Residential Poikrefi By 7= 000webhost

Figure 4. Fire pattern Dataset Results
Account and Setting Module

System access for BFP station personnel is authorized through this module upon the
approval of the BFP administrator. Additionally, the admin can add, edit, and update all
the announcements, news, galleries, activities, and programs of the BFP in the system
through this module.

KDD Pre-Processing ( SMOTE)

The SMOTE technique was employed in preprocessing the dataset for KDD.
SMOTE is a powerful oversampling method used in machine learning with imbalanced
high-dimensional data. In processing the dataset the focus was on the following
attributes: alert levels 1/2/3, verification, as per request, and not indicated, which all
contained the needed number to perform the data preprocessing before building the
model.

Trial and error of smoothing were done until a balanced dataset was reached with
SMOTE (200%) as presented in Figure 5. The given classes of Fire Alert 1, 2, 3, and another
low (not indicated, verification, as per request) with 459 cases per alert gave a better
performance in balancing the dataset.
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Name: Target Type: Nominal
Missing: O (O%5) Dristinct: <4 Unigue: O (O%5)

No. | Label | Count | Weight |
1 3Brd Alarm 459 459.0
2 1st Alarm 459 459.0
3 2nd Alarm 459 459.0
<1 Otherlow 459 459.0
Class: Target (Nom) v] L wWisualize All

459 459 459 459

Srd Alarm [45 9]

Figure 5. SMOTE Results of Fire Incidents Alarm
KDD Pre-Processing ( One-Hot-Encoding)

A preprocessing technique called One-Hot Encoding was adopted to transform
textual data into numerical data that machines can understand. The technique was
applied to data from the BFP fire incident records for the following attributes: time of the
day (in 12-hour format), date, month, year, day, district, type of causes, type of
establishment, alert level, and amount of damages, as presented in Table 3. From the
original 10 features, a total of 123 features were generated through this technique.

Table 3. Fire Records Dataset as One-Hot Encoding

Jan | Feb | Mar | April | May | June | July | Aug | Sept | Oct | Nov | Dec
1 0 0 0 4] 0 ] 0 Q 0 1 0
1 0 0 0 0 0] 1 0 0 0 0 1
1 0 0 0 0 0 Q 0 0 0 0 1
1 ] 0 0 0 0 1 0 0 0 ] 0
1 0 Q 0 0 0 0 0 0 0 0 0
1 ] 1 0 1 0 Q 0 0 0 1 0
1 ] 0 0 0 0 4] 0 0 0 ] 0
1 0 0 0 0 0 Q 0 0 0 0 0
1 ] 1 0 0 0 0 0 1 0 0 0
1 ] 0 0 1 0 0 0 1 0 1 1
1 ] 0 0 0 0 Q 0 1 0 ] 0
1 ] 0 0 0 0 0 0 0 0 0 0
1 (] 1 0 0 0 0 0 0 0 ] 0
1 ] 0 0 0 0 0 0 0 0 1 0
1 0 0 0 0 0 0 0 0 0 0 0
1 (] 1 0 0 0 0 0 0 0 ] 0
1 ] 0 0 0 1 0 0 0 0 0 0
1 0 0 0 0 0] 0 0 0 0 0 0
1 0 Q 0 0 1 0 0 Q 0 0 0
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Knowledge Discovery for Database (KDD) Data Mining

Extensive preprocessing of data produced a merged dataset consisting of 1836
entries (number of fire incidents). The merged dataset was divided into two parts, the
training set, and the testing set, using Python. The entries were categorized according to
the fire alert level, 30% of which were randomly selected and used as the training set,
while the rest comprised the testing set. After data validation, a series of experiments
were performed to identify the most appropriate data mining model. The Decision Tree
(DT) model turned out to be the best classifier, with 95.9% accuracy.

Several IF-THEN-ELSE tables containing decision rules were created to facilitate
interpretation of the Decision Tree (DT) results. These rules are shown in Tables 4, 5, and
6. Alert Level 1 covers cases with a low amount of damages, mostly falling under the
category 'Under Investigation'. The rules for Alert Level 2 illustrate different scenarios
that applied mostly for incidents that affected residential-commercial types of
establishments in the district of Intramuros. The DT rules for Alert Level 3, which indicate
a high alert level, involve a high amount of damages. Fire incidents categorized as Alert
Level 3 mostly occurred in the mornings, during Sundays when most people are in their
homes, and a large number of which happened in the district of Pandacan.

If Then
Rule 1. Amount < 350 and Verification 15t Alert
Rule 2. Amount < 350 and Verification and Under Investigation 15t Alert
Rule 3. Amount < 900 and Verification and Under Investigation 15t Alert
and Arson
Rule 4. Amount < 900 and Verification and Under Investigation 1t Alert
and March
Rule 5. Amount < 900 and San Miguel and Amount <300000 Not 15t Alarm
Table 4. Decision Tree as IF-THEN-ELSE for 15t Alert
Table 5. Decision Tree as IF-THEN-ELSE for 2™ Alert
If Then
Rule 1. Amount < 4000 and Under Investigation and March 2" alert
Rule 2. Amount < 4000 and Under Investigation and May and Friday 2" alert

Rule 3. Amount < 4000 and Under Investigation <and Recom and June | 2™ alert

Rule 4. Amount < 4000 and Under Investigation and Recom and June | 2™ alert
and 12 AM

Rule 5. Amount < 12500 and 7 AM and Vehicle and day 4 2" alert
Rule 6.7 AM and Vehicle and Amount <75000 2" alert
Rule 7. Amount < 12500 and 4 AM and Intramuros 2" alert
Rule 8. Amount < 12500 and 4 AM and Intramuros and 8 AM 2" alert

Rule 9. Amount < 12500 and 4 AM and January 2" alert
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Rule 10. Amount < 12500 and 4 AM and January and Day 8 \ 2" alert

Table 6. Decision Tree as IF-THEN-ELSE for 3™ Alert

If Then
Amount <250000 and Under Investigation and Sunday 3 alert
Amount <250000 and Under Investigation and Sunday 3" alert
Amount <250000 and Under Investigation and Sunday and 8 AM and 3 alert
March
Amount <250000 and Under Investigation and Sunday and 7 AM 3 alert
Amount <250000 and Under Investigation and Amount < 9000 and 3 alert
Pandacan
Amount <250000 and Under Investigation and Amount < 9000 and 3 alert
Candle and 6 AM
Amount 175000 and 6 PM and Residential 3 alert
Amount 175000 and 6 PM and March and Friday 3 alert
Amount 175000 and 6 PM and March and Day 11 3 alert
Amount 175000 and 4 AM and Aircon/AirCooler and Day 8 3 alert
4 AM and Amount <350000 3 alert
4 AM and Amount <350000 and December 3 alert

CONCLUSION AND RECOMMENDATIONS

Data from fire incident reports exhibited spatiotemporal patterns that, when
analyzed using methods like the KDD, produced information that was potentially useful in
planning and designing fire prevention and risk reduction strategies. The fire reports
management system developed for the BFP headquarters in Manila employed this
technique in creating a fire risk model from actual historical sources of information. The
integration of data mining and knowledge discovery tools in such a system offers a
comprehensive database of information that allows the creation of specific and more
targeted solutions to issues related to fire incidents. These include the timely
identification of fire risks and threats in any specific location in the city, formulation of
more effective fire prevention measures based on the identified causes of fire incidents,
more efficient routing of fire personnel and equipment especially in high-risk areas, and
more effective evaluation of existing policies and strategies for reducing fire-associated
deaths, damages, and property losses.

Future research in this area may include other factors contributing to a higher
likelihood of fire incidences such as weather conditions and other geographical attributes
of fire-prone locations. Analysis of these and other relevant factors may allow the BFP to
gain further insights into the causes of fire incidents, which will enable the agency to
make the necessary adjustments and changes in their current fire prevention and risk
reduction programs.
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IMPLICATIONS

This study provides direct implication for the Bureau of Fire Protection and
community through the given insights of the fire activities and the created model of the
system that determine Manila's fire patterns that help identify appropriate information
about fire activities and preventive measures of fire incidents. The information
dissemination activities of the BFP will be improved with the help of the developed
system and its mapping features. The proponents recommend that the system be
implemented, conduct training, and seminars regarding the utilization of the fire report
system, which may lead to increasing the effective crafting of useful strategies and fire
prevention programs.
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