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----------------------------------------************************----------------------------------

Abstract: 
This case study investigates the application of a machine learning algorithm in predicting the soil 

liquefaction susceptibility of Guagua, Pampanga. The random forest was employed in training the 

predictive model using 413 datasets. The variables in the dataset include natural moisture content, D50, 

plasticity index, SPT N-Value, groundwater level, and fines content. Ethical considerations ensured the 

privacy of the data collected from various soil testing centers and DPWH districts in Pampanga. The 

trained model achieved 93% accuracy in predicting soil liquefaction susceptibility after feeding it with the 

datasets. In addition, the feature importance revealed that variables such as D50 and groundwater level 

have a more significant influence on the likelihood of soil liquefaction compared to fines content, SPT N-

Value, PI, and natural moisture content. Based on the model, the locale has 16 barangays that are 

susceptible to soil liquefaction, 3 barangays that are not susceptible to soil liquefaction, and 12 barangays 

with unidentified soil liquefaction susceptibility. The researchers had concluded that Guagua, Pampanga 

has a high probability of experiencing soil liquefaction based on the hazard map generated from a web 

application, equipped with the predictive model trained using a random forest algorithm, developed by the 

researchers. 
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I. INTRODUCTION 

Over the years, earthquake-induced damage has 

been continually heightened by liquefaction. It is 

the loss of contact between soil particles during 

earthquakes. This phenomenon typically occurs in 

saturated, loose, sandy soils where there is not 

enough time for water to drain out of the pores, 

resulting in higher excess pore pressure and causing 

sand particles to float. Furthermore, liquefaction 

causes a variety of ground failures, such as loss of 

bearing capacity, lateral spreading, and flow, 

ultimately resulting in building collapses[1], [2], [3]. 

Thus, there is a need for detailed liquefaction 

analysis in the form of a hazard map that will help 

reduce liquefaction-related incidents in future 

construction projects. Soil liquefaction potential 

depends on the geotechnical properties of the soil 

and the groundwater table level, and can be 

triggered by earthquakes and volcanoes due to 

nearby fault lines. 

 Factors such as soil characteristics and the 

groundwater table level influence the likelihood of 

liquefaction to occur. In geotechnical engineering, 

'soft sediment' describes a land mass or formation 

with high water content[4]. Regions with high soil 

strength generally have low liquefaction 

susceptibility, while areas with low soil strength are 

more prone to liquefaction[5]. In addition to soil 

properties, the groundwater table level contributes 

to the saturation of the soil, affecting the 

liquefaction potential [6]. Finally, soil liquefaction 

is a secondary effect of earthquakes and, in some 

cases, can be induced by heavy rains. 

Liquefaction is a phenomenon experienced 

in different parts of the world. In some cases, the 

effects of soil liquefaction lead to the collapse of 

several structures, resulting in the loss of human 

lives [7]. One notable incident of soil liquefaction 

occurred in San Francisco, California, where an 

earthquake-induced liquefaction caused the 

devastation of the Bay Bridge, an apartment, and an 

entire street of the said city [8]. Another case 

occurred in Palu, Indonesia, where 1,747 homes 

were destroyed in the neighborhood [9]. 

Additionally, a study documenting the effect of 

larger liquefaction events since 1900 listed 

numerous fatalities and economic issues, with death 

counts reaching up to 16 persons [10]. 

 The Philippines is situated in the Pacific 

Ring of Fire, where 91% of the world's earthquakes 

and volcanic activities occur. As previously 

mentioned, liquefaction is a secondary effect of 

earthquakes, making the Philippines also prone to 

soil liquefaction. The provinces of the Philippines 

have recorded significant effects of liquefaction. In 

Dagupan, where the water table is shallow, 

reinforced concrete buildings settled due to 

liquefaction, and severe tilts were observed, 

measuring up to 50–75 cm and 1-2.5 degrees, 

respectively[11]. In Davao Del Sur, located in the 

lower part of the Philippines, the Mindanao; a 

three-story commercial building collapsed due to 

liquefaction triggered by a magnitude 6.9 

earthquake, and three (3) confirmed deaths were 

recorded [12].  

Going deeper, Central Luzon is where most 

seismic and volcanic activities are active. The 

seismic activities in this area are generally caused 

by different faults, namely, the Philippine Fault, Iba 

Fault, West Valley Fault System, East Zambales 

Fault, and other known faults in the locality. With 

that, the Central Luzon, where the province of 

Pampanga is part of, is just as at risk of soil 

liquefaction [13]. According to the Philippine 

Institute of Volcanology and Seismology 

(PHIVOLCS) former director, Renato Solidum Jr., 

the province of Pampanga is vulnerable to strong 

shaking and softer soil due to the deposited lahar in 

different parts of the province after the eruption of 

Mt. Pinatubo in 1991. These areas include Guagua, 

Floridablanca, and the City of Angeles [14]. Due to 

ground subsidence, a tower sank and remained 

tilted up to this day, it is known as the ‘Leaning 

Water Tower of San Fernando, Pampanga [15]. 

The Department of Public Works and 

Highways (DPWH) has been long preparing for the 

‘Big One’ by building action centers in the different 

parts of Region III [16]. The ‘Big One’ is one of the 

most anticipated earthquake events that could 
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potentially devastate the Philippines [17]. The ‘Big 

One’ is expected to have a magnitude of at least 7.2, 

and it is characterized as a “Very Destructive” 

Intensity VIII earthquake according to the 

PHIVOLCS Earthquake Intensity Scale [18]. This 

speculated Intensity VIII earthquake can cause 

buildings and infrastructures to settle, topple, and to 

be destroyed. In addition, Intensity VIII earthquakes 

can cause lateral spreading and liquefaction. 

According to the FaultFinder of the 

Department of Science and Technology (DOST) 

[19], the nearest active faults in Guagua, Pampanga 

are the Iba fault and the Valley Fault Systems, the 

distance range from 43-54 km. Since Guagua is 

situated between two active faults, this generally 

means that the city is prone to earthquakes that may 

induce liquefaction. Moreover, Guagua often 

experiences flooding due to its geographic location, 

and that contributes to soil becoming softer. These 

evidences prove the need to procure a liquefaction 

hazard map in Guagua, Pampanga, all for the safety 

and awareness of the residents of the city. 

The study aimed to encompass the gap in 

producing a soil liquefaction susceptibility map 

using a machine learning algorithm. While several 

studies had gathered data for liquefaction hazard 

maps and analyzed it using data analytics, machine 

learning algorithms were not utilized. On the other 

hand, there were multiple studies regarding the 

assessment of soil liquefaction; however, no 

liquefaction hazard maps were being produced. In 

the construction of structures, many civil engineers 

exclude information about soil liquefaction due to 

its low availability. This exclusion can lead to 

incidents where buildings cannot withstand the 

hazard posed by soil liquefaction. Therefore, the 

researchers intended to produce a hazard map using 

a machine learning algorithm, random forest, 

incorporated in a web application for the 

Municipality of Guagua, Pampanga. 

II. METHODS 

In this chapter, the methodological 

framework was discussed along with the research 

design, system design, research locale, research 

instrument, and the data collection methods that 

were used for data analysis.  

A. Research Locale 

The study was conducted in Guagua, Pampanga, 

where the municipality has a land area of 48.67 

square kilometers. Guagua was formerly named 

"Wawa,” which means river mouth, and is located 

along a river [20]. This municipality consists of 31 

barangays in total, and based on the 2020 census, it 

has a total population of 128, 893 [21]. The study 

mainly focused on the possible occurrence of soil 

liquefaction in the 31 barangays of Guagua, 

Pampanga. Given that the said area is located along 

a river, it is also composed of fine sand, silty loam, 

and hydrosol, and it is alluvial. Alluvial soil type 

has weak and shallow profiles, and it is considered 

immature soil since it is incomplete in its soil 

profile [20]. Since the municipality is ranked first 

and has a fast-growing economy, it is vital to have a 

hazard map for the said locale [22]. 

B. Research Instrument 

To obtain the preliminary data, the researchers 

prepared a formal letter requesting for standard 

penetration test and borehole test data that was 

addressed to the DPWH 2nd District Engineering 

Office, the DPWH Regional Office, and the Unified 

Geotest Laboratory. Also, the letter was signed by 

the thesis coordinator, adviser, and also by the 

chairperson. Following the approval from the said 

office personnel, the collected data was recorded 

through Microsoft Excel. 

C. DataCollectionMethod 
A request letter to conduct the study was prepared 

and signed by the research coordinator, adviser, and 

also by the chairperson, and the researchers for the 

collection of data from the DPWH 2nd District 

Engineering Office, the DPWH Regional Office, 

and the Unified Geotest Laboratory concerning the 

standard penetration tests and borehole tests.  

The study was conducted in Guagua, Pampanga, 

in reason that the area shows huge potential for 

liquefaction. Upon the acceptance of the request 

letter, the data collected was tabulated and 



International Journal of Scientific Research and Engineering Development-– Volume 7 Issue 3, May-June 2024 

 Available at www.ijsred.com 

ISSN : 2581-7175                             ©IJSRED: All Rights are Reserved Page 1583 

organized through Microsoft Excel. The recorded 

data was interpreted using the Random Forest 

Algorithm. 

D. Data Analysis 

The following statistical method was used by the 

researchers to analyze the data that was gathered 

from the DPWH 2nd District Engineering Office, 

the DPWH Regional Office, and the Unified 

Geotest Laboratory: 

1) Machine Learning:Machine learning algorithms use 

data to create predictions by constructing 

mathematical models from multiple datasets that 

include data from training, validating, and test sets. 

Factors such as training, validation, and test 

datasets are crucial for developing reliable and 

accurate models [23]. The evaluation for 

liquefaction potential can branch out to multiple 

problems. Researchers utilized many machine 

learning approaches for the liquefaction potential 

assessments to overcome the aforementioned issue.  

There are only a few studies that apply machine 

learning models and techniques to predict the 

probability of liquefaction. 

2) Random Forest Algorithm:The random forest (RF) is 

a type of algorithm that creates numerous predictors 

through ensemble learning that is based on 

statistical theory, which can tackle classification 

and regression using classification trees and 

regression trees, respectively [24]. The advantage of 

utilizing random forest lies in its simplified 

hyperparameter selection and its ability to address 

overfitting issues. This method was proven 

effective in various geotechnical engineering issues. 

However, few studies discussed the application of 

random forest models in liquefaction 

assessment[25]. 

3) Input and Output Variable:As shown in Table I: 

Input and Output Variables, seven (7) variables 

were considered in this study. The considered 

variables were N-Value (number of blow counts), 

PI (plasticity index), w (natural water content), D50 

(average grain size), GWL (groundwater level), and 

FC (fines content) which were inputted variables to 

be used in determining the susceptibility of a certain 

area to liquefaction. And the last variable, soil 

liquefaction, was the target or output variable of the 

study. 
TABLE I. 

INPUT AND OUTPUT VARIABLES 

4) Programming (Backend):Python is one of the multi-

purpose, open-source, and advancing programming 

languages, and can be used both in web and 

software applications. Furthermore, python 

programming can be used in Data manipulation and 

visualization, Statistics, Mathematics, and Machine 

Learning, and in many more applications [26]. The 

term data analytics is described as the process of 

analyzing numerous data sets to make predictions 

and decision-making with sufficient accuracy and 

precision. As this study focused on predictions and 

regression, the researchers used the Sci-kit Learn as 

a library for Python programming as this library is 

best suited for regression analysis, classification, 

and model clustering [27]. Also, the researchers 

utilized JavaScript Object Notation (JSON), a file 

format suitable for human-readable language. JSON 

is mostly used in web applications, fitting for the 

objective of this study. Lastly, the researchers used 

the Flask API, just like JSON and Python, it is also 

an ideal choice for web applications [28]. 

5) Mapping (Frontend):The researchers utilized 

GeoJSON for the mapping of the locale, Guagua, 

Pampanga. The researchers used the GeoJSON to 

Abbreviation Description Units 

N-Value 
Standard Penetration Test 

N-Value 
-- 

PI Plasticity Index Percent (%) 

ω Natural Water Content Percent (%) 

��� Mean Particle Size mm 

FC Fines Content Percent (%) 

GWL Ground Water Level m 

Liq Liquefaction -- 
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get the coordinates of each barangay of Guagua, 

Pampanga to easily map out the soil liquefaction 

susceptibility of Guagua, Pampanga. The GeoJSON 

is powered by Mapbox, the coordinates were 

downloaded from their website and were 

incorporated into the web application developed by 

the researchers with the help of a programmer

In addition, Google Maps will be integrated into the 

web application programming interface (API) as the 

main source for printing the result of susceptibility 

mapping. Also, Bootstrap was used alongside 

GeoJSON and Google Maps as one of the frontends 

of the web application. Bootstrap is a frontend 

framework designed to be an open source for web 

applications that is capable of providing responsive

templates that can automatically adapt display in 

response to the source code. All these three 

comprise the frontend of the web application of the 

researchers. 

6) Performance Indicator:The confusion matrix is a 

classification model used in binary problems

are only two classes, in this case, soil liquefaction 

susceptible and not susceptible [30]. ]. In this study, 

0 and 1 were used to represent “not susceptible” to 

liquefaction and “susceptible” to liquefaction 

accordingly. The confusion matrix has four possible 

predictions as shown in the 2 by 2 contingency 

table in Figure 1. The green diagonals represent the 

correct predictions and the red diagonals represent 

the incorrect predictions. 

These are the possible outcomes of the machine 

learning model: 

True Negative (TN): Correct predictions of 

not susceptible to soil liquefaction.

False Negative (FN): Incorrect predictions 

of not susceptible to soil liquefaction.

False Positive (FP): Incorrect predictions of 

susceptible to soil liquefaction. 

True Positive (TP): Correct predictio

susceptible to soil liquefaction. 
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Fig. 1 Confusion Matrix of the Study

Accuracy 
 Accuracy is the ratio of all of the correct 

predictions to all of the predictions made. In 

simpler terms, accuracy shows how often the model 

makes correct predictions [31]. The accuracy can be 

calculated by Equation 1. 

�������	 

��  ��

��  ��  ��
(Eq. 1) 

Precision 
 Precision is the ratio of all correct positive 

or negative predictions to all of the positive or 

negative predictions made by the model. Simply, 

this means that precision determines how often the 

model is correct when predicting a chosen class 

[31]. The precision can be calculated by the 

Equations 2 (Positive) and 3 (Negative).

��������� 

��

�����
� 100

��������� 

��

�����
� 100

 

Recall 
 Recall shows the true predictions made for 

all of the positive or negative datasets. In other 

words, it is the ratio of true predictions to a target 

dataset [31]. Recall can be calculated as shown in 

Equations 4 (Positive) and 5 (Negative). 

������ 

��

�����
� 100%

������ 

��

�����
� 100%
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all of the positive or negative datasets. In other 

words, it is the ratio of true predictions to a target 

. Recall can be calculated as shown in 

Equations 4 (Positive) and 5 (Negative).  
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F1-score 
 The F1-score can be understood as the 

balanced average of precision and recall as 

presented in Equation 6. This can be calculated as 

the same as calculating harmonic mean. The closer 

the value of f1-score to 1 implies that the model has 

high precision and recall [32]. 

�1 
 2 �
�"#$%&%'(	�)#$*++

�"#$%&%'(�)#$*++
  (Eq. 6) 

 

As previously mentioned, the gathered data 

was split into two parts: the training data and the 

test data. The data was cut into a 75% to 25% ratio, 

with 75% of the data being the training data and the 

remaining 25% of the data being used as the test 

data [33]. To determine the performance of the 

machine learning model, the test data was used as 

inputs in the web application and its score will be 

measured. Four performance metrics were utilized 

in the study, namely: F1 score, accuracy, precision, 

and recall. These four performance metrics 

evaluated the score of the machine learning model 

trained using the random forest algorithm using the 

test data. These performance metrics are commonly 

used for binary classification problems, hence, they 

were useful in predicting if a soil is susceptible to 

liquefaction or not. 

The feature importance, in the context of 

machine learning, indicates how each variables 

contributes to the ability of the machine learning 

model to make correct and incorrect predictions[34]. 

Feature importance is generally used in decision 

tree algorithms such as gradient boosting, and the 

algorithm used in this study, random forest. Since 

feature importance measures the degree on how 

each variable contributes to the predictions, it also 

has the function to rank the variables presented in 

this study. The ranking starts with the best splitting 

factor to the least important variable. 

III. RESULTS AND DISCUSSION 

This chapter consists of the data analysis, 

results, and discussion of the findings. Additionally, 

the results of the study are based on the problem 

statements and research objectives that focus on 

producing a Soil Liquefaction Susceptibility Map in 

Guagua, Pampanga. 

 

A. Results 

After the collection of SPT data, the researchers 

proceeded in organizing and sorting the SPT data 

into datasets. The summary of data is presented 

below, as shown in Table II. Table II shows the 

detailed statistical description of the datasets with a 

count of 413. The SPT N-value ranges from 1 to 

39.5, the plasticity index varies between 0 to 

45.49%, the natural moisture content ranges 

between 0 to 95.3%, the average grain size 

measures from 0 to 2 mm, the fines content varies 

between 0 to 97.77%, and the groundwater level 

measures at depth of 0.5 m to 36 m below natural 

grade line. Furthermore, the variation and 

distribution of each variable containing 413 data is 

also shown in Figure 2. 

 
TABLE II 

THE SUMMARY OF THE SPT DATASETS 

 

  
N 

IP 

(%) 

ω 

(%) 

D50 

(mm) 

FC 

(%) 

Gwl 

(m) 
Liq 

Coun

t 

413.0

0 

413.0

0 

413.0

0 

413.0

0 

413.0

0 

413.0

0 

413.0

0 

Mea

n 

12.37 5.54 21.46 0.37 33.57 6.12 0.82 

STD 9.07  11.14 10.24 0.33 25.77 5.15 0.38 

Min 1.00 0.00 2.73 0.14 1.07 0.50 0.00 

25% 5.33 0.00 15.04 0.17 16.00 3.00 1.00 

50% 9.50 0.00 18.43 0.20 25.62 5.00 1.00 

75% 18.00 6.00 24.87 0.40 40.88 9.00 1.00 

Max 39.50 45.49 95.30 2.00 97.77 36.00 1.00 
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Boxplots indicating the distribution of the features

Fig. 2 The Distribution of each Variable 

The first objective of this study was to train 

a machine learning model using random forest 

algorithm. To achieve this, the collected datasets 

were fed to the machine learning model and the 

results of the training were analyzed by the 

researchers. In order to prove that the researchers 

developed a working model, the confusion matrix, 

the performance indicators, the cross-validation, 

and the feature importances are to be discussed 

below. 

 

 

 

 

 

 

Confusion Matrix 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 3  Confusion Matrix Result 

The confusion matrix of results, presented in 

Figure 3, compares the true labels—from the 

original dataset—to the predicted labels—

predictions generated by the model. From the figure, 

it can be seen that the model generated 84 true 

positive (TP) predictions, simply, this means that 

the model correctly predicted 84 datasets that are 

actually susceptible to liquefaction. However, the 

model made 4 false negative (FN) predictions, 

meaning, 4 incorrect predictions were made on 

datasets that are actually susceptible to liquefaction. 

On the other hand, the machine learning model was 

able to produce 13 true negative (TN) predictions 

and 3 false positive (FP) predictions, 13 correct 

predictions and 3 incorrect predictions were made 

in datasets that were not susceptible to liquefaction.  

The result is summarized below: 

TP = 84 

FN = 4 

TN = 13 

FP = 3 

Accuracy 

�������	 

��  ��

��  ��  ��  ��	
� 100% 
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�������	 

84  13

84  13  3  4
� 100% 

�������	 
 93.26923% 
 

The accuracy of the machine learning model 

is calculated as the ratio of the sum of all correct 

predictions to the sum of all predictions made by 

the model as shown in Equation 1. The model 

garnered an accuracy of 93% which implies that the 

model has a high chance to make accurate 

predictions on determining the susceptibility to soil 

liquefaction. 

 

Positive Predictions 

The high metrics score of positive 

predictions on precision (96.55172%), recall 

(95.45455%), and f1-score (96%) correspond to a 

high true positive rate as shown below in the 

equations. The computations of precision, recall, 

and f1-score of positive predictions (susceptible to 

soil liquefaction) are presented below in a 

consecutive manner. 

Precision 

��������� 

��

��  ��
� 100% 

��������� 

84

84  3
� 100% 

��������� 
 96.55172% 

Recall 

������ 

��

��  ��
� 100% 

������ 

84

84  4
� 100% 

������ 
 95.45455% 

 

F1-score 

�1 
 2 �
���������	 � ������

���������  ������
 

�1 
 2 �
96.55172% � 95.45455%

96.55172%  95.45455%
 

�1 
 96% 

 

Negative Predictions 

 Upon investigation, the model has shown an 

inability to make accurate predictions for those 

barangays that are not susceptible to liquefaction. 

This was suggested by the overall score of negative 

predictions shown below in the equations. For 

precision, the score is 76.47059%. For recall, it 

scored an 81.25%. And for the f1-score, it garnered 

a 78.78788%. The computation of precision, recall, 

and f1-score of negative predictions (no soil 

liquefaction) are presented below in a consecutive 

manner. 

 

Precision 

��������� 

��

��  ��
� 100% 

��������� 

13

13  4
� 100 

��������� 
 76.47059% 

 

 

Recall 

������ 

��

��  ��
� 100% 

������ 

13

13  3
� 100% 

������ 
 81.25% 
 

F1-score 

�1 
 2 �
���������	 � ������

���������  ������
 

�1 
 2 �
76.47059% � 81.25%

76.47059%  81.25%
 

�1 
 78.78788% 

 

Flask Extensions, Session Handling, and 

Cross-Origin Resource Sharing (CORS) are widely 

utilized in programming to solve common server-

related challenges. Additionally, it enhances 

security and storage for user-specified data across 
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multiple requests. The programming was done on a 

laptop with Intel(R) Core(TM) i3-8130U CPU @ 

2.20GHz, 2208, and 8 GB RAM in an x64

PC. The dataset examined in the study is trained 

with 10-fold cross-validation. Figure 4 presents the 

accuracy of these cross-validation res

categorized based on various parameters.

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4Accuracy of Cross-Validation 

 

TABLE III 

TEN OF THE BEST COMBINATIONS 
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programming was done on a 

8130U CPU @ 

2.20GHz, 2208, and 8 GB RAM in an x64-based 

PC. The dataset examined in the study is trained 

validation. Figure 4 presents the 

validation results, 

categorized based on various parameters. 

 

 

 

 

 

 

 

 

 

Fig. 5 Classification Report

 

Moreover, 4��  is identified as the first 

splitting attribute, as shown in Figure 6, 

emphasizing 4�� (average grain size) as the most 

important feature in the dataset. As mentioned,  

had the most significant impact on the liquefaction 

prediction in the case of the 

algorithm, with the groundwater level ranking 

second in feature importance. Lastly, fines content, 

natural moisture content, plasticity index, and 

standard penetration test value follow consecutively. 

The relative importance of each feature f

predicting soil liquefaction susceptibility is given in 

Figure 6. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6 Feature Importance
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No data Prone to Liquefaction Not Prone to Liquefaction

  

 

As for the second objective, this study 

aimed to produce a soil liquefaction susceptibility 

map of Guagua, Pampanga given the data collected 

from various stakeholders. The researchers were 

able to collect 26 SPT data conducted in Guagua, 

Pampanga that represents 19 barangays. After 

inputting the datasets into the working web 

application, it was found that 16 out of 31 

barangays in Guagua, Pampanga were susceptible 

to soil liquefaction. In addition, 3 out of the 31 

barangays were found safe against soil liquefaction. 

Lastly, there were no SPT data collected in the 

remaining 12 barangays of Guagua, Pampanga. The 

summary of data on soil liquefaction of barangays 

in Guagua, Pampanga is shown in Figure 7. The 

results of the second objective can also be 

summarized in Table 4. Even though 413 datasets 

where fed to the machine learning model, only 74 

were utilized to map out the soil liquefaction 

susceptibilty of Guagua, Pampanga. 

TABLE IV 

SUSCEPTIBILITY TO SOIL LIQUEFACTION OF BARANGAYS IN GUAGUA, 

PAMPANGA 

Barangay 
Susceptibility to 

soil liquefaction 

Number of 

datasets 

Datasets 

in 

percent 

Ascomo Not susceptible 3 4.05% 

Bancal Not susceptible 3 4.05% 

Jose Abad 

Santos 
Unidentified 0 0.00% 

Lambac Susceptible 2 2.70% 

Magsaysay Susceptible 3 4.05% 

Maquiapo Susceptible 3 4.05% 

Natividad Susceptible 9 12.16% 

Plaza Burgos Unidentified 0 0.00% 

Pulungmasle Susceptible 9 12.16% 

Rizal Susceptible 3 4.05% 

San Antonio Susceptible 3 4.05% 

San Agustin Susceptible 3 4.05% 

San Isidro Susceptible 5 6.76% 

San Jose Unidentified 0 0.00% 

San Juan Not susceptible 3 4.05% 

San Juan 

Bautista 
Unidentified 0 0.00% 

San Juan 

Nepomuceno 
Unidentified 0 0.00% 

San Matias Susceptible 2 2.70% 

San Miguel Susceptible 3 4.05% 

San Nicolas 

1st 
Unidentified 0 0.00% 

San Nicolas 

2nd 
Susceptible 6 8.11% 

Fig. 7 Data on Barangays of Guagua, Pampanga 
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San Pablo Unidentified 0 0.00% 

San Pedro Unidentified 0 0.00% 

San Rafael Susceptible 3 4.05% 

San Roque Unidentified 0 0.00% 

San Vicente Susceptible 5 6.76% 

Santa 

Filomena 
Unidentified 0 0.00% 

Santa Ines Susceptible 3 4.05% 

Santa Ursula Susceptible 3 4.05% 

Santo Cristo Unidentified 0 0.00% 

Sto. Nino Unidentified 0 0.00% 

 

Notably, most of the the barangay has at 

least two datasets. Ascomo, Bancal, Magsaysay, 

Maquaipo, Rizal, San Anonio, San Agustin, San 

Juan, San Miguel, San Rafael, Santa Ines, and Santa 

Ursula were the barangays that comprise 4.05% 

each in generating the hazard map. On the on other 

hand, there were two barangays that have 12.16% 

datasets, Natividad and Pulungmasle. Some 

barangays had only 2.70% in terms of datasets used 

in genrating the hazard map which are San Matias 

and Lambac. Also, barangays like San Isidro and 

San Vicente had datasets that amounted to 6.76 in 

terms of percent. Lastly, the lone barangay that had 

8.11% is the barangay of San Nicoles 2nd. 

Unfortunaly, due to lack data, there were 11 

barangays that had 0%, hence, the barangays that 

have an unidentified soil liquefaction susceptibility. 

Finally, the last objective of this study was 

to develop a working web application that prints 

and determines the soil liquefaction potential of a 

certain area. In this section, the different features of 

the web application developed by the researchers 

with the help of a web developer are discussed in 

the succeeding paragraphs. The features include the 

Login Page, Navigation Bar, Dashboard Page, 

Administrator Page, Barangay Page, About Page, 

and Landing Page. However, the only feature that is 

accessible to the public is the landing page. On the 

other hand, all features were made to be accessible 

only by the administrators to maintain the security 

and the legitimacy of the hazard map. 

B.  Discussion 

 There is no existing web application to 

predict the susceptibility to liquefaction of a certain 

area up to this day. The researchers developed a 

web application that uses a machine learning 

algorithm to predict soil liquefaction in a barangay, 

based on crucial data. This web application accepts 

6 input variables to determine the susceptibility to 

liquefaction of a barangay.  The input variables 

include standard penetration test value (N-Value), 

natural moisture content (ω), plasticity index (PI), 

fines content (FC), average grain size (D50), and 

groundwater level (GWL). After inputting these 

variables, the model will determine the 

susceptibility by displaying “Yes” or “No”. Finally, 

once the name of the barangay and its liquefaction 

susceptibility are saved, this web app can print the 

hazard map of Guagua, Pampanga. 

 The model used in the web application 

achieved a high accuracy level in predicting 

liquefaction susceptibility. This is after subjecting 

the model to rigorous training using the Random 

Forest algorithm. Based on the classification report, 

the model attained a relatively high score for 

different performance indicators on accurately 

predicting the liquefaction susceptibility of a certain 

barangay. According to the results presented, it can 

be implied that the model is fitting to be used in 

assessing the liquefaction potential of a barangay. 

This indicates that the model can forecast soil 

liquefaction susceptibility in an accurate manner.  

Also, this implies that there is only a small room for 

error when making predictions with those datasets 

that are susceptible to soil liquefaction. However, it 

is advised to still be cautious at all times and not to 

completely rely on the model’s ability to make 

accurate predictions. Furthermore, the model scored 

80% on average for datasets without liquefaction 

which is on the low side compared to those with 

liquefaction. This simply means that the model has 

trouble recognizing datasets that are not susceptible 

to liquefaction and displays them as susceptible. 

Even though this causes others to be more cautious, 

this reason does not outweigh the fact that the 

model makes inaccurate predictions on the no 
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liquefaction side. However, this issue can be solved 

by adding more no liquefaction datasets.  

The model has been developed using the 

413 provided datasets, and parameters were derived 

through cross-validation. Ten of the best 

combinations derived from the cross-validation of 

the dataset are given in Table 4. The parameters 

obtained from the Random Forest algorithm will be 

applied to the complete dataset and incorporated 

into the web application developed in the study. 

Moreover, the model obtained the best accuracy 

rate shown in Figure 6. For precision, 76% of the 

no liquefaction datasets were accurately predicted 

and 97% of datasets with liquefaction were 

accurately predicted. As for recall, out of all the 

datasets, only 81% were predicted by the model for 

no liquefaction and 95% for susceptible to 

liquefaction. Lastly, for f1-score, the model scored 

79% for no liquefaction and 96% for susceptible to 

liquefaction. Overall, the result obtained when the 

datasets were trained with the algorithm reached an 

accuracy of 93%. All of these were supported by 

104 training datasets. Performance evaluations were 

made according to the average test accuracy score.  

According to the results given, it can be seen that 

the predictive model gave a high accuracy rate with 

93% in the training set and approximately 96% in 

the dataset. This suggests that the model is well-

suited for predicting soil liquefaction susceptibility.  

Based on a research that utilized random 

forest in evaluating soil liquefaction, but using 

different parameters—specifically, the shear wave 

velocity—the random forest model trained achieved 

above 90% accuracy in predicting datasets with 

actual soil liquefaction. Furthermore, their model 

also scored less than 80% with those datasets with 

non-liquefied soils. This further proves that the 

accuracy of the model used in generating the soil 

liquefaction hazard map for the Municipality of 

Guagua, Pampanga was appropriate and adequate 

On the other hand, another study that used random 

forest algorithm and variables such as friction ratio, 

peak horizontal acceleration, vertical effective 

stress, cone penetration resistance, and frictional 

resistance, the model was found to be accurate in 

predicting both liquefied and non-liquefied soil 

cases and achieved an accuracy rate of 98.4% [35]. 

This means that the model trained is less accurate 

compared to this study that utilized other input 

variables. However, this can also be interpreted that 

the model has rooms for improvements. As long as 

there is more time and data, generating a more 

accurate soil liquefaction hazard map will not be 

impossible. It is also worth to mention that since 

this study utilized the random forest algorithm, 

meaning, the model's decisions were based on 

numerous decision trees. Therefore, no flowchart-

based criteria will be produced. 

Guagua, Pampanga has soft soil due to its 

geographical location and the lahar deposited by Mt. 

Pinatubo in 1991. As such, the researchers 

developed a web application that can print the 

hazard map of Guagua, Pampanga concerning soil 

liquefaction. In Figure 19, it can be seen that most 

areas of Guagua, Pampanga are highlighted with 

the color red. This means that most of the 

barangays in Guagua are susceptible to liquefaction. 

Based on the collected data, only Ascomo, San Juan, 

and San Isidro are the barangays that are not 

susceptible to liquefaction. However, since the 

model has an issue in predicting the liquefaction of 

the barangay that has no liquefaction, San Isidro 

was reflected as red. Out of the 26 datasets for 19 

barangays, 25 were predicted accurately, this gives 

the researchers 96.15% accuracy, almost the same 

as the accuracy score of the predictive model.  

 

 

 

 

 

 

 

 



International Journal of Scientific Research and Engineering Development

©IJSRED: All Rights are Reserved

 

 

 

 

 

 

 

 

 

Legend: 
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Prone to Liquefaction 

Not Prone to Liquefaction 

Fig. 8  The Soil Liquefaction Hazard Map of Guagua, Pampanga

Furthermore, according to the 

HazardHunterPH, a joint project with several 

government institutions in the lead DOST, the 

municipality of Guagua, Pampanga in general is 

highly susceptible to soil liquefaction which is also 

the general conclusion of this study

HazardHunterPH also provides a soil liquefaction 

hazard map, however, this web application is not 

dynamic. The hazard map generated from the 

HazardHunterPH was printed in 2010. Unlike the 

web application of this study, the web application is 

synchronized with the administrators i

ensures an up-to-date hazard map. In addition, 

GeoAnalyticsPH is an innovative web application 

that allows users to generate informative maps and 

analytics using data from the GeoRiskPH database. 

This includes information about hazards, exposure

and location. Users can gain a better understanding 

of data by visualising it with maps, charts, and 

graphs, allowing them to plan ahead of time for 

natural disasters [37]. In the same way, the web 

application of this study offers the same features, 

however due to limited data the researchers were 

not able to show a detailed information regarding 

liquefaction. 
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Furthermore, according to the 

HazardHunterPH, a joint project with several 

the lead DOST, the 

municipality of Guagua, Pampanga in general is 

highly susceptible to soil liquefaction which is also 

the general conclusion of this study[36]. The 

ides a soil liquefaction 

hazard map, however, this web application is not 

dynamic. The hazard map generated from the 

HazardHunterPH was printed in 2010. Unlike the 

web application of this study, the web application is 

synchronized with the administrators input which 

date hazard map. In addition, 

GeoAnalyticsPH is an innovative web application 

that allows users to generate informative maps and 

analytics using data from the GeoRiskPH database. 

This includes information about hazards, exposure, 

and location. Users can gain a better understanding 

of data by visualising it with maps, charts, and 

graphs, allowing them to plan ahead of time for 

In the same way, the web 

application of this study offers the same features, 

however due to limited data the researchers were 

not able to show a detailed information regarding 

IV. CONCLUSIONS

          In this study, the soil liquefaction hazard map 

of Guagua, Pampanga was created through a web 

application that was incorporated with a predictive 

model trained using random forest

machine learning algorithm. As per the 

objectives, the predictive model was developed 

using 413 collected soil liquefaction datasets from 

various testing centers and DPWH districts in 

Pampanga. The model was trained using random 

forest algorithm and achieved an accuracy 

of 93%. Consequently, the model was incorporated 

into a web application that was developed using 

Joblib and SQLAlchemy, both of which are Python

based libraries. This web application allows users to 

easily input their geotechnical data and receive an 

accurate estimate of the susceptibility of soil 

liquefaction, thus providing the soil liquefaction 

hazard map of Guagua, Pampanga, as shown in 

Figure 19. From the results, it can be concluded that 

machine learning algorithms can be utilized to 

assess soil liquefaction potentia

there are available datasets for the models to train 

with. In addition, the result of this contributes to 

other geotechnical and earthquake engineering 

research studies. 

 

         The hazard map, generated from the results of 

this study, will serve as a tool to facilitate better 

planning and minimize the risk of soil liquefaction 

in Guagua, Pampanga. With the current data that 

the researchers collected, 16 out of 19 barangays 

were found to be susceptible to soil liquefaction. 

This represents the 84.21% of the collected data of 

barangays in Guagua, Pampanga and 51.61% of all 

of the barangays in Guagua, Pampanga. On the 

other hand, 3 of the 19 collected data of barangays 

in Guagua, Pampanga were found to be safe against 

soil liquefaction. This represents 15.79% and 9.68% 

of collected barangays and all barangays, 

respectively, in Guagua, Pamanga. However, the 

liquefaction susceptibility of 12 barangays in 

Guagua, Pampanga remain unidentified which 

represents 38.71% of the barangays in Guagua, 

Pampanga. With that, it can be concluded that the 

Municipality of Guagua, Pampanga has high 
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CONCLUSIONS 

In this study, the soil liquefaction hazard map 

of Guagua, Pampanga was created through a web 

application that was incorporated with a predictive 

model trained using random forest—a kind of 

machine learning algorithm. As per the study’s 

objectives, the predictive model was developed 

using 413 collected soil liquefaction datasets from 

various testing centers and DPWH districts in 

Pampanga. The model was trained using random 

forest algorithm and achieved an accuracy 

ntly, the model was incorporated 

into a web application that was developed using 

Joblib and SQLAlchemy, both of which are Python-

based libraries. This web application allows users to 

easily input their geotechnical data and receive an 

the susceptibility of soil 

liquefaction, thus providing the soil liquefaction 

hazard map of Guagua, Pampanga, as shown in 

Figure 19. From the results, it can be concluded that 

machine learning algorithms can be utilized to 

assess soil liquefaction potential, provided that 

there are available datasets for the models to train 

with. In addition, the result of this contributes to 

other geotechnical and earthquake engineering 

The hazard map, generated from the results of 

ill serve as a tool to facilitate better 

planning and minimize the risk of soil liquefaction 

in Guagua, Pampanga. With the current data that 

the researchers collected, 16 out of 19 barangays 

were found to be susceptible to soil liquefaction. 

s the 84.21% of the collected data of 

barangays in Guagua, Pampanga and 51.61% of all 

of the barangays in Guagua, Pampanga. On the 

other hand, 3 of the 19 collected data of barangays 

in Guagua, Pampanga were found to be safe against 

represents 15.79% and 9.68% 

of collected barangays and all barangays, 

respectively, in Guagua, Pamanga. However, the 

liquefaction susceptibility of 12 barangays in 

Guagua, Pampanga remain unidentified which 

represents 38.71% of the barangays in Guagua, 

mpanga. With that, it can be concluded that the 

Municipality of Guagua, Pampanga has high 
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probability of experiencing soil liquefaction. Lastly, 

the hazard map produced by this study should not 

be utilized for site specific investigation but can be 

used in risk management and emergency planning 

and investigation. 
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