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Abstract 
 

 

 

The Balochistan Region is in a seismically active belt that has been exposed to 

many destructive earthquakes in the past in the boundary of Pakistan. In this 

study, Peak Ground Acceleration (PGA) in the Balochistan Region has been 

predicted using Gene Expression Programming (GEP) after comparing its 

efficiency with Artificial Neural Network (ANN) and Adaptive Neuro Fuzzy 

Inference System (ANFIS) within range of 28.070º to 31.000º N latitude to 

66.710º and 69.330º E. This is a simple approach to assess seismic hazard 

assessment using machine learning algorithm. A homogeneous catalogue was 

obtained by collecting data from Pakistan Meteorological Department (PMD) 

which comprises 2021 earthquake events in the past divided into 600 data sets. 

An Expression Tree (ET) of six inputs (longitude, latitude, depth, magnitude, 

seismic energy, and logarithmic seismic moment) and one output (PGA) was run 

on GEP Expo tool 5.0. The most suitable model with a correlation function R2 of 

91% was obtained after several iterations of GEP. All results were statistically 

evaluated and validated from data of United States Geological Survey (USGS) 

and International Seismic Centre (ISC). The present study explicitly provides the 

applicability of GEP to predict Peak Ground Acceleration. 

 

Keywords Balochistan Region – Seismic Hazard Assessment - Peak Ground 

Acceleration (PGA) - Gene Expression Programming (GEP) - Artificial Neural 

Network (ANN) - Adaptive Neuro Fuzzy Inference System (ANFIS) - Pakistan 

Meteorological Department (PMD)- United States Geological Survey (USGS) – 

International Seismic Center (ISC) - GEP Expo tool 5.0.  
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 Seismic Hazard Assessment using Machine Learning 

Algorithms : A novel approach for Balochistan Region. 

 

CHAPTER 1:  INTRODUCTION 
 

 

The major environmental problem which has affected worldwide is natural hazard. 

Statistical data shows that 40% of economic and social disasters are caused by natural hazards 

[1]. Natural hazard can be described as physical activity which has the most influential outcomes 

and leads to significant damage and loss of human lives. Natural hazards can be categorized as 

floods, seismic hazards, landslides, tsunamis, volcanoes, and erosion. These hazards are 

classified based on their origin and outcomes they yield [2]. Pakistan is a seismically active 

region and subjected to severe earthquakes in the past few decades. The geological studies reveal 

that there is an overlap of Indian and Eurasian tectonic plates over the past 30 to 40 million years 

[3]. The seismo-tectonic environment and unplanned urbanization along with population growth 

of the country had previously resulted in seismic hazards [4]. Moreover, the fatalities caused due 

to seismic hazards have a significant rate and need assessment and mitigation measures (Najam, 

2021).  

To overcome this issue several probabilistic seismic hazard assessments (PSHA) have been done 

in the past. Pakistan Building Code had been updated from the past few decades resulting in 

several updated models. These models were programmed using conventional techniques 

including recording of earthquakes using several instruments and by past geodetic surveys. The 

updated seismic assessment till now used Peak Ground Acceleration (PGA) for return period of 

50, 100, 200, 500 and 1000 years. Latest Building Code Of Pakistan (BCP) provides a 

framework of seismic zone mapping where Pakistan is divided into 5 zones (zone 1, 2A, 2B, 3 

and 4) based on Peak Ground Acceleration (PGA) [5] [6].  

This study focuses on using Gene Expression Programming (a machine learning technique) as a 
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new and efficient alternative way Seismic Hazard Assessment. With the advancement in the 

computational methods and their day by day increasing efficiency has led the use of machine 

learning preferable [7]. The replacement of seismic hazard assessment using deterministic 

approach with machine learning for the rapid analysis of daily accumulated and growing volumes 

of seismic data gives more precise results in short span of time [8]. More accurate and precise 

results can be achieved for seismic assessment by using several machine learning techniques. [9]. 

This study focuses on seismic hazard assessment using gene expression programming because 

this technique of machine learning has not been used in this domain in Pakistan before. Although 

some studies had been done in the past related to assessment of geophysical data but not 

specifically used for seismic hazard assessment. [10] [11] 

All the research in the past on seismic hazard assessment for Pakistan were executed using 

spatially smoothed gridded technique along with conventional area sources approach which 

require time and are far apart from realistic seismic hazards. [12]. Although Probabilistic Seismic 

Hazard Assessment (PSHA) is a simple technique and provides useful outcomes for engineering 

design, but it is based on conventional methods which are time consuming and slow. 

Modification in PSHA or alternative techniques should be used for better risk mitigation. [13] . 

Gene Expression programming when used for seismic hazard assessment may prove to be more 

efficient and less time consuming. 

 

Gene Expression Programming is a technique of machine learning used in this research. A 

mathematical model is a pre-requisite to evaluate the performance of proposed tasks in scientific 

research. With advancement in technology, the traditional approaches for assessment of different 

phenomena have been replaced by computational methods. [14] Gene Expression Programming 

(GEP) is considered as an effective tool in this regard. Optimized parameters of GEP give 

accurate results. GEP is a more advanced form of Genetic Programming (GP), a subset of 

machine learning that produces models which depend on genetic evaluation. GEP is a new 

technique and the evolution of computer programs that strongly considers the character linear 
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chromosomes comprising of genes arranged as head and a tail. The chromosomes play role of 

genomes that are subjected to rearrangement by means of mutation, transposition, root 

transposition, gene transposition, gene recombination, one- and two-point recombination. The 

chromosomes encode expression trees, which are the targets to be studied [15]. The production 

of these separate entities (genome and expression trees) with distinct functions permits the 

algorithm to yield high efficiency, which greatly surpasses existing adaptive techniques. Based 

on neural network and regression techniques, GEP is an effective and more precise optimization 

technique. A problem-independent solution based on the Darwinian reproduction principle 

emerged from the computer program. 

GEP is an efficient method due to linear fixed width of genetic programming. Furthermore, GEP 

is the simplest mechanism that further enables the evolution of complicated and non-linear 

programmes due to multi-genic behavior because of the genetic process on the chromosome 

level. Five sets make up the entire GEP: Function, Terminal, Fitness Measure, Parameters, and 

Criteria sets. In GEP, each specimen is set as a genome, which is a fixed-length linear string. 

Additionally, genetic operators are utilized to modify chromosomes during the reproduction 

stage. 

The process continues by first collecting data randomly, then the best fitness of population is 

chosen based on error criteria and outliers are identified. Further, the best combination is selected 

because of mutation, crossover and direct cross-over. This process is also termed as “learning”. 

After running several cycles model having high precision is created by reaching maximum 

iterations [16]. Genetic programming is actually a modelling technique working on Darwinian 

evolutionary theory which is used to produce a best fitted model for the concerned study by a 

predefined structure. 

The chronology of the processes undergoing GEP modelling proceed in the following manner :- 

1. Based on recorded data (population) number of chromosomes are produced randomly. 

2. The chromosomes formed in the first step then generate mathematical equations. 
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3. Each chromosome is then used to check suitability with targeted function. This is an iterative 

process. 

4. To create modified individuals from other chromosomes genetic operators are applied which are 

the GEP algorithm. 

5. Now more chromosomes are created by several iterations for several generations and  model is 

formed with most efficient producing results. 

 

1.1 Problem Statement 
 

Probabilistic Seismic Hazard Assessment (PSHA) for seismically active regions 

of Pakistan using smooth gridded approach and other conventional techniques is a time 

consuming process which is less precise and should be replaced with Machine learning 

Techniques like GEP which may have more precise results like European and Gulf 

countries. [10] [12] [7]  

1.2 Aim and Objectives 

 

• To propose empirical relation between depth, time, longitude, latitude, Magnitude 

and Peak Ground Acceleration (PGA)  for upcoming seismic wave in Balochistan 

Region of Pakistan while using GEP for seismic hazard assessment.  

• To compare the efficiency of seismic hazard assessment using GEP with other 

machine learning algorithms. 

• To provide aid by finding Peak Ground Acceleration (PGA) of upcoming earthquake 

to overcome disasters or worst case scenarios. 

 

1.3 Scope 
 

The goal of this study is to propose a correlation for seismicity which would help 

in controlling post-earthquake disasters. As discussed earlier, the conventional 

techniques for seismic hazard assessment like PSHA and geodetic surveys are time 
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consuming and require more effort. Seismic activities had led to many losses both 

financial and human in the past. An effective correlation when developed using GEP 

may help in overcoming disaster that usually occurs after a high scale seismic activity. 

GEP has been used previously in other countries for seismic hazard assessment but not in 

Pakistan. It has wide applications in civil and geotechnical works. This research mainly 

focuses on the use of GEP for prediction of magnitude using various parameters of 

earthquake/ seismic wave (longitude, latitude, depth, Peak Ground Acceleration (PGA), 

seismic moment, seismic energy).    

 

1.4 Literature Review 
 

The Indian continental plate has been interacting with the Erosion plate boundary 

for millions of years, shrinking the continental lithosphere by more than 2000 kilometers to 

form massive rock ranges in central Asia. The subcontinental region experiences high 

seismic activity because of continental collision. As a consequence of such collisions, 

numerous enormous mountain constructions have been formed (for example, Kiether and 

Sulaiman ranges, Hindukush Mountains, Karakorum Mountains, and the Pamir ranges) 

[17]. These devastating earthquake sources in the past century support the necessity for 

hazard analysis in order to devise policies for reducing seismic risk in the area [18]. The 

formulation of suitable mitigation solutions at the urban level should incorporate seismic 

hazard assessment into consideration and encompass all pertinent geological, social, 

economic, physical, and structural components [19]. Recent years have seen several studies 

on earthquake risk assessment. The most current and pertinent work was done through a 

project from 2009 to 2018 called the Worldwide Earthquake Model (GEM) on a global 

scale. The main goal of the model was to combine and develop multiple national and 

regional models to offer a homogeneous global earthquake hazard and risk model. A 

Worldwide Assessment Report (GAR) was compiled by the United Nations Office for 
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Disaster Risk Reduction (UNISDR) to minimize the risks of many disasters, including 

earthquakes. This is yet another admirable global effort. 

 

1.4.1 Seismic Risk Analysis  

 

Since seismic risk analysis has gained widespread attention, thousands of lives 

have been saved thanks to mitigating measures (Cornell, 1968). A few research groups 

associated with several universities in Pakistan made a serious effort to anticipate 

earthquakes a couple of years ago. They used geodetic methods and techniques (such as 

GPS and SAR monitoring) and seismological instruments to successfully identify and 

limit priority locations where prevention and seismic risk reduction actions should be 

targeted . The Seismic Crisis that occurred in Muzaffarabad in 2005 with the M 6.1 

powerful earthquake and some large scale aftershocks is an extension of this highly 

effective integration of seismological and geodetic information. Instead of using GPS 

data to estimate the area's typical two-dimensional ground velocity and strain fields as is 

more commonly done, the researches were done to reconstruct the velocity and strain 

patterns along specially selected transects that were properly oriented in conformity with 

information about the main regional tectonic settings [20] [21]. Balochistan is in a 

seismically active area [22] . As per PMD, Pakistan has seen 58 destructive earthquakes 

throughout its history (PMD, 2007). Between 1905 and 2008, the nation saw five 

extremely destructive large earthquakes that caused significant property and human life 

destruction. The first of these five significant quakes, with a magnitude of 8.0, struck the 

northwest Himalayas in 1905. 10,000 structures were demolished, and more than 20,000 

people were murdered. The second one, with a magnitude of 7.7, struck Quetta in 1935, 

destroying the entire city and killing 35,000 people. The third devastating earthquake, 

which had a magnitude of 8.0, happened close to the shore of Makran. As a result, 4,000 

people also died. With something like a magnitude of 7.6, the fourth and most 
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destructive earthquake occurred in 2005. More than 3.5 million people were affected and 

86,000 people died when the earthquake struck the country's northeast [23] (PMD, 

2007). The analysis finds that there are no disaster prevention projects. The Balochistan 

region is susceptible to several earthquake-related risks. Urban regions are currently 

subject to a variety of issues, including climate change and natural disasters, due to a 

large scale of human relocation, environmental factors, a bad economy, a complex 

demographic nexus, and infrastructure and diverse functional systems. Policymakers, 

planners, and managers may make wise decisions and take appropriate action to lessen 

the effects of natural catastrophes and new threats [24]. 

Finding a suitable approach that can extensively integrate numerous forms of data is such 

a complex and difficult undertaking because the assessment of an earthquake hazard of 

any specific location contains diverse casual variables arising from distinct dimensions 

of susceptibility [25]. There are numerous ways and approaches for assessing hazards, 

including Analysis of Nonlinear Dynamics, Failure Mechanism Identification Turkish 

Method [26]. However, all of these models and techniques are challenging and demand 

for a high level of knowledge. [27]. 

 

1.4.2 Computational Approach (Machine Learning) 

 

The accuracy of the machine learning (ML) based method was superior to the 

other traditional methods, enabling its application for seismic hazard assessment. [28]. 

One of the biggest challenges to developing the model is the inability to integrate certain 

other influencing variables in the future, such as topography, which requires more data 

and may require large funding. [29]. One of the new epistemic frontiers in the 

application of artificial intelligence (AI) technology to catastrophe risk management is 

ensuring ethical, inclusive, and unbiased machine learning techniques. [30]. Due to its 

capacity to analyze quantities and sources of data that could not otherwise be readily 

elaborated, the adopted machine learning model demonstrated effectiveness in 
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decreasing CPU time and model-development costs, like all big data technologies. [31]. 

Indeed, land use managers and planners might employ machine learning as a tool in their 

daily work. Municipalities with a high priority for intervention are identified by the 

suggested study, allowing stakeholders to use this tool to prioritize any preventive steps. 

[32].  The process also makes it possible to determine the most crucial factors to take 

into account in a multi-risk analysis that combines seismic and hydraulic factors. In other 

words, using ML-based techniques enables evaluating the variables that are best suited to 

classify the observations according to overall risk. In fact, the investigation revealed 

factors related to various risk kinds, which are better at communicating with one another 

and carrying the most data. The methodology, however, also enables the identification of 

factors that do not interact with those of a similar kind and, as a result, cannot be applied 

[33]. Nonetheless, it is important to prevent misuse, therefore important factors like 

applicability, prejudice, and ethics should be properly considered. A few of the ethical 

issues regarding a potential abuse of AI technologies include the weakening of cognitive 

abilities of users, the possibility of spiteful use, the emergence of issues with 

arrangement of data and systems, the dependence of results on user bias, and the 

potential preference of the "wrong" problems in relevance to generated outcomes. [34]. 

Users may be upset over a lack of accountability and transparency, while criticalities 

frequently draw on an intrinsic mismatch between the algorithm's designers and the 

communities where the research is done. Moreover, undeveloped machine learning 

techniques may be applied in circumstances requiring high levels of safety before they 

are ready. According to Gevaert et al., disaster-risk-management experts are continually 

looking for knowledge on how to effectively convey the outcomes and uncertainties of 

machine learning algorithms in order to lower unrealistic expectations. Also, it's 

important to identify sensitive populations and check them for bias removal. 

Additionally, the ML model needs to be enhanced by utilizing modern datasets that 

employ cutting-edge methods to represent various locations [35] 
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1.4.3 Overview Of Gene Expression Programming (GEP) 

 

Genetic expression programming (GEP) is a type of evolutionary algorithm used 

to find solutions to problems in various fields, including computer science, engineering, 

and biology. [36]. In GEP, a population of candidate solutions, represented as computer 

programs or expressions, are evolved through successive generations by applying genetic 

operators such as mutation, crossover, and selection. The fitness of each solution is 

evaluated based on how well it solves the problem being addressed. [37]. GEP is 

particularly well-suited for problems that require the creation of complex solutions or 

programs, as it can combine smaller solutions to form larger and more complex ones. It 

can also be used to optimize solutions that involve non-linear relationships between 

variables. [37]. One advantage of GEP is that it can generate solutions that are not 

limited by pre-defined structures or functions, allowing it to explore a wide range of 

possible solutions. However, this also makes GEP more computationally expensive and 

requires careful parameter tuning.Overall, GEP is a powerful tool for solving 

complex problems, and its applications are wide-ranging and varied. 

 

1.4.4 Overview Of Artificial Neural Network (ANN) 

 

An artificial neural network (ANN) is a computational model inspired by the 

structure and function of biological neural networks found in the human brain. ANNs are 

composed of interconnected processing nodes, also known as artificial neurons, that are 

organized into layers. In an ANN, information flows through the network in the form of 

signals that are processed by each neuron and transmitted to the next layer of neurons. 

The neurons in each layer receive input signals, perform some processing on those 

signals, and then transmit their output to the next layer of neurons. This process 

continues until the output of the final layer is produced. The connections between 

neurons in an ANN can be either weighted or unweighted. Weighted connections allow 
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the network to learn from input data by adjusting the strength of the connections between 

neurons. This is done through a process called training, where the network is fed input 

data and the weights of the connections are adjusted to minimize the error between the 

output produced by the network and the desired output. ANNs have found widespread 

applications in various fields, including computer vision, natural language processing, 

speech recognition, and many others. They are particularly useful in situations where 

traditional programming approaches are difficult or impossible, and where large amounts 

of data are available for training the network. 

 

 

1.4.5 Overview Of Adaptive Neuro Fuzzy Inference System (ANFIS) 

 

An Adaptive Neuro Fuzzy Inference System (ANFIS) is a hybrid computational 

model that combines the capabilities of artificial neural networks (ANNs) and fuzzy 

logic systems (FLSs) to enable efficient and accurate inference and decision-making. 

The ANFIS model consists of five layers of neurons, with each layer performing a 

specific function. The first layer, known as the input layer, receives input data, while the 

second layer, known as the fuzzification layer, converts the input data into fuzzy sets 

using membership functions. The third layer, known as the rule layer, determines the 

rules that govern the input-output relationships based on the fuzzy sets generated in the 

second layer. The fourth layer, known as the defuzzification layer, converts the fuzzy 

output into crisp output, and the final layer, known as the output layer, produces the final 

output. The ANFIS model can learn from input data through a process called training, 

which involves adjusting the parameters of the model using a training algorithm such as 

backpropagation. The model can be used for a wide range of applications, including 

prediction, classification, and control. ANFIS has several advantages over other 

traditional modeling approaches, including the ability to handle complex nonlinear 

relationships, handle uncertain and imprecise data, and adapt to changing conditions. It is 
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widely used in various fields such as finance, medicine, engineering, and environmental 

studies. 
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Chapter 2:  Research and Methodology 

 
This study has been conducted using machine learning tool i.e. Gene Expression 

Programming with the help of GEP Expo tool 5.0. The methodology proceeds with 

collection of data from government departments. The most authentic data related to 

seismic variations can be gathered from Pakistan Meteorological Department PMD.  

 

The Pakistan Meteorological Department (PMD) is a self-governing organization 

entrusted with issuing public weather warnings and prediction for protection, safety, and 

general information.  

In addition to meteorology, it also monitors and investigates meteorological phenomena, 

astronomical events, hydrology, astrophysics research, climatic changes, and studies on a

eronautical engineering and renewable energy sources in different regions of the nation, 

centrally located in Islamabad. 

PMD provides authentic data gathered through various meteorological devices and 

seismic sensors. The data about seismic records of the site under study were fetched from 

the past years record of seismic history to evaluate longitude and latitude with 

corresponding occurrence of magnitude.  

PMD has offices and research facilities in all provinces and territories of the country so 

that data can be collected across the whole country. 

 

2.1.Site Geology 

 
The site under study in this research is Balochistan. It is a vulnerable region when it 

comes to seismic concerns. Balochistan has a wide range of landforms ranging from high 

lands skirting the mountains to plains and deserts. 

The tectonics of Balochistan are extensively characterized by a well-developed and 

https://en.wikipedia.org/wiki/Administrative_units_of_Pakistan
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explicitly example of major fault systems in a regime of convergence where one fault 

type terminates against another. The Chaman transform fault zone medially traversing 

the entire province intersects with the central Zhob and the Makran convergence zones. 

These fault zones are of direct relevance to hydrological control to direct reservoir.  

In this perspective the following zones play a major part in seismic activities and are 

listed as follows :- 

• Chaman Transform Zone Main Fault (Kharan, Panjgur and Turbat) 

• Chaman, Omach Nal, Bhalla Dor,  

• Internal Convergence Zone Main Fault (Ziarat) 

• Barkhan, Mekhtar-Kohlu, Hamai, Zhob. 

• Chaghai Makran Convergence Zone Main Fault (Karat, Mastang) 

• Mashki Chah, Dalbundin, Ahmadwal, Usman, Siahan, Ladgasht, Panjgur, Hoshab, 

Aghol, Ras Malan, Nai RUD, West Makran, Ormara.  

2.2.Methodology  

 
The keen study of geographical site and the faults present in the region led to 

gathering the data of several magnitudes that may facilitate in the hazard assessment of 

seismic waves in the said region. This data is then organized in ascending order of year 

wise seismic events occurring so that best suitable output of Peak Ground Acceleration 

can be predicted via Gene Expression Programming (GEP).  

Compiled data as mentioned earlier through government organizations is collected with 

different inputs (longitude, latitude, seismic energy, seismic moment, earthquake 

magnitude) and an output (PGA). The existing trend of PGA analyzed through 

conventional techniques is then run through GEP tool to predict the upcoming peak value 

in order to take necessary measures. 

The data has been divided into two sets i.e. training and testing datasets. Then GEP 

executes its operation and iteration of algorithms proceeds in order to yield best outcome 
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having suitable statistical errors. 

Best GEP combinations are selected for plotting and analyzing the hazard assessment of 

seismic activity governed due to tectonic activities. 

 

2.3.GEP Execution on The Current Study 

  
The working phenomena of GEP has already been explained in Chapter 2. The 

execution proceeds by initiating the user interface and then  running the program. The 

program operates on desired mathematical operations which will be discussed in next 

chapter. The running continues till the best GEP with statistical parameters has been 

achieved. Now output can be expressed mathematically by the interpreting VBA code 

and the implementing it in real life problems. Therefore, GEP facilitates as mentioned 

many times by saving time and yielding required results very effectively. 

 
Figure 1 Schematic Diagram Of The Execution Of GEP [37] 

 

 

 

2.4.ANN Execution on The Current Study 

  
The data base collected from PMD is again assessed for ANN technique using 

MATLAB. The input and output parameters are assigned to the MATLAB tool for ANN. 

After several iterations the best suitable output prediction is selected based on regression 



15 
 

 

value close to 1. 

 
Figure 2-Schematic Diagram Of ANN [30] 

 

2.5.ANFIS Execution on The Current Study  
 

The procedure to analyze data for prediction and data accuracy is same as explained 

in previous section but the difference is only about back propagation and fuzzy logics 

used in this technique. The fuzzification makes this ML algorithm most useful then ANN 

due to more robustness than other ML algorithms. 

 

 
Figure 3-Schematic Diagram Of ANFIS] [37] 

2.6.Performance Evaluation Of Machine Learning Algorithms  

  
Based on the deeply explained methodology discussed in previous sections the 

results for this study have been generated based on R2 value. As can be seen in the Fig-6. 

GEP has the closest value to 1 which depicts that the GEP is preferable than ANN and 



16 
 

 

ANFIS. The results and prediction model in the next chapter are therefore generated and 

assessed based on the execution of GEP. 

 

 

 

 
Figure 4-Performance Evaluation Of ML Algorithms 
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Chapter 3:  Results and Discussions 

 
In this chapter the findings of the current study will be discussed in detail along 

with graphs as validation or proof of the innovations under study.  

 

 

Training Dataset Linking Function 

R2 RMSE R  

0.81 0.64 0.89 Addition 

0.78 0.68 0.88 Addition 

0.72 0.77 0.85 Addition 

0.75 0.73 0.85 Addition 

0.77 0.70 0.87 Addition 

0.81 0.64 0.90 Addition 

0.83 0.59 0.91 Addition 

0.85 0.56 0.92 Multiplication 

0.87 0.73 0.87 Addition 

0.89 0.75 0.87 Addition 

0.91 0.72 0.96 Addition 

0.83 0.60 0.91 Addition 
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Table 1 GEP Parameters 

 

 

The algorithm for the model of PGA is re-presented as expression tree as shown 

in Fig. The ET was decoded to derive the empirical relationships. The ET for 

PGA comprises of four basic algebraic operators i.e., +, −, X and ÷. 

 

 

 

 

 

 

0.85 0.72 0.94 Subtraction 

0.83 0.71 0.94 Addition 

0.87 0.71 0.94 Addition 

0.88 0.68 0.88 Addition 

0.86 0.59 0.87 Addition 

0.85 0.66 0.92 Addition 

0.84 0.88 0.94 Addition 

0.84 0.85 0.85 Addition 

No. of 

inputs 

Used 

variables 

No. of 

Chromosomes 

Head size, 

Number of 

genes 

Program 

size, No of 

literals 

Duration 

(min) 

     

6,4 30 8,3 36,9 120 

 30 8,3 39,9 100 

6,5   42,10 80 

 50 8,3 36,7 70 
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aThe operations employed included +, -, *, /, sqrt, x3 

bThe operations employed included +, -, *, /, sqrt, x3, x2 

cThe operations employed included +, -, *, /, sqrt, x3, x2, 3Rt 

dThe operations employed included +, -, *, /, sqrt, x3, exp, sin, cos, atan, ln 

eThe operations employed included +, -, *, /, sqrt, x3, x2, 3Rt 

fThe operations employed included +, -, *, /, sqrt, x3, x2, pow 

gThe operations employed included +, -, *, /, sqrt, x3, exp, sin, cos 

hThe operations employed included +, -, *, /, sqrt, x3, x2,3Rt,4Rt, exp, ln 

iThe operations employed included +, -, *, /, sqrt, 

j The operations employed included +, -, *, /, sqrt, x3, exp, sin, cos, atan,ln 

kThe operations employed included +, -, *, /, sqrt, x3, x2 

lThe operations employed included +, -, *, /, sqrt, x3, x2,3Rt,4Rt, exp, ln 

mThe weight of the “+, -, *” operations was four times that of others. 

nThe weight of the “+, -, *” operations was seven times that of others. 

oThe weight of the “*” operations was four times that of others. 

pThe weight of the “+, -, *” operations was three times that of others. 

   36,9 60 

6,6 50 10,5 79,23 60 

   77,22 50 

   79,27 40 

 100 10,3 33,11 120 

   49,18 100 

   49,15 80 

 150 8,5 64,16 70 

   76,18 60 

   78,14 50 

   78,19 40 

5,4 200 3,5 32,6 120 

   38,11 100 

  5,5 42,10 80 

   40,8 70 

   35,6 60 
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Figure 5 Expression Tree 

 

 

 

A visual comparison of the anticipated model and the researched data for PGA is 

shown in Fig-7. The findings presented in this figure reveal a significant 

correlation which has been shown in Pearson Matrix in Table-1. The quantity of 

datasets has a significant impact on the suggested model's reliability which is also 

shown in descriptive statistics below in Table-2. To get better results, diverse 

history of seismic data from 1901 to 2022 was kept under study. 
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Figure 6 Comparison with seismic record 
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It should be noted that numerous trials and algorithms were conducted to determine the 

database's veracity. This produced 2022 datasets, which were used to create the 

corresponding empirical model. The training, validation, and testing sets of the 

database were randomly chosen for this investigation. The model was trained using the 

training data, and the validation data was used to confirm the model's generalizability. 

Throughout the testing process, many expressions were tested on the collected data. 

The statistical errors can be calculated by the Eqs (1)-(5). 

 

 

RMSE = √
∑ (𝑒𝑖−𝑚𝑖)(𝑒𝑖−𝑚𝑖)𝑛

𝑖=1

𝑛
 

(1) 

 

MAE = 
∑ |𝑒𝑖−𝑚𝑖|𝑛

𝑖=1

𝑛
 (2) 

 

RSE = 
∑ (𝑚𝑖−𝑒𝑖)(𝑚𝑖−𝑒𝑖)𝑛

𝑖=1

𝑛
 (3) 

 

RRMSE = 
1

|�̅�|
√

∑ ((𝑒𝑖−𝑚𝑖)2𝑛
𝑖=1

𝑛
 

(4) 

 

R = 
∑ (𝑒𝑖−𝑒�̅�)(𝑚𝑖−𝑚𝑖̅̅ ̅̅ )𝑛

𝑖=1

√∑ (𝑒𝑖−𝑒�̅�)2𝑛
𝑖=1 ∑ (𝑚−𝑚𝑖̅̅ ̅̅ )2𝑛

𝑖=1

 (5) 

og 

Latitude 1     

Longitude 0.021041 1    

Depth_km 0.168129 -0.16857 1   
Energy_lo

g -0.00687 -0.17939 0.143611 1  
Seismic 

moment_l

og -0.00687 -0.17939 0.143611 0.156423 1 

Mw -0.00687 -0.17939 0.143611 0.136222 0.145322 
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In Table 2-Descriptive Statistics of Input Parameters, the descriptive statistics are displayed. It 

is advised to employ the provided formulas for this set of data to make accurate forecasts of 

the PGA model. 

It should be noted that numerous tests were conducted to evaluate the database's consistency 

and validity. The datasets that considerably (up to 20%) diverged from the overall trend were 

regarded as negligible while developing or assessing the performance of the models. 
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Table 2-Descriptive Statistics of Input Parameters 

To comprehend the maximum error % in the relations, the entire database, gathered from 

past and predicted, has been shown with absolute error in the corresponding data point as 

shown in Fig-10. The predicted and real outputs of the model can be found to be 

reasonably close to one another, with the least mean error. Furthermore, the frequency of 

maximal mistakes is quite insignificant. 80% of anticipated PGA values have been found 

to have inaccuracy under 0.2g. The whole database, actual and predicted PGA outputs, 

and absolute error in the corresponding data point have all been displayed, as illustrated 

in Fig-10 , to help perceive the highest error percentage in the relations. It can be shown 

that the model's outputs and predictions are reasonably accurate, with an average error in 

PGA of 0.2g and a maximum error of 0.42g. Additionally, the maximum error occurs 

with a very low data set. 20% of predicted PGA findings have been found to have 
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inaccuracy under 0.2g. For the external validation of the suggested GEP models, 

different checks which validate statistically are also provided in Table-2. to have 

inaccuracy under 0.2g. 

 

 

 
Figure 7-Absolute Errors 

 

3.1.Sensitivity And Parametric Analysis 

The relative contribution of different variables to the prediction of PGA is investigated 

by conducting sensitivity analysis (SA) using Eqs. (6)-(7). 
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𝑁𝑖  =  𝑓𝑚𝑎𝑥(𝑥𝑖) − 𝑓𝑚𝑖𝑛(𝑥𝑖) 

 

                                               (6) 

 

SA =  
𝑁𝑖

∑ 𝑁𝑗
𝑗=1
𝑛

 

 

                      (7) 

 

Where the remaining input parameters are held fixed at their mean values, and 𝑓𝑚𝑎𝑥(𝑥𝑖)  

and 𝑓𝑚𝑖𝑛(𝑥𝑖) represent the highest and lowest values of the anticipated output based on 

ith  input domain, respectively. The outcomes of the sensitivity analysis are shown in Fig-

11 for predicted PGA, respectively. From a geotechnical engineering perspective, it is 

clear from the Fig-11 that the input elements' contributions to the predicted PGA are 

depending on many factors. 

As the topography is terraneous to plain areas so the PGA increases from low to high 

values from mountainous regions and then remains constant. Due to irregularities and 

heterogenous soil strata considering several geophysical features including ground water 

one can consider the irregularities in longitude. [38] 

Considering the depth factor, which is more crucial, as the seismic wave moves away 

from focal point or origin and the depth increases moving towards the surface PGA 

decreases due to different soil strata and other morphological features present 

underground. [39] 

Seismic Energy and Seismic Moment show similar trends as the intensity of seismic 

wave decreases and PGA is reduced moving towards the surface so is the case with these 

factors. Irregularity in magnitude is again subjected to changing geographical position 

along with unique topography of site under study. [40] 
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Figure 8 Trend Of Input Parameters 

The usefulness of the most crucial input elements in analyzing of  the trends of PGA is 
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also assessed in this research using the analysis of parameters. This is done by keeping 

all input variables at  mean values, and the variation in characteristics is seen as single 

input variable is increased from its minimum to maximum value. Using the GEP model 

as a basis, the results of a parametric analysis are displayed in Fig 11. 

The depth is a crucial factor influencing the PGA values among other parameters, 

according to well-done analysis. The PGA values would increase with an uprise in the 

depth value up to a certain limit and then it becomes constant, and vice versa. Fig-11 

shows that the characteristics of  PGA  continue to show a significant effect with varying 

values of Mw and Depth. In Fig-12. data sets have been combined to avoid difficulty in 

understanding and then their contribution to PGA values is represented to see which 

parameter has the most dominant effect on the overall behavior of targeted output i.e., 

PGA. 

 
Figure 9-Variable Importance 

3.2.Validation of the trend under study with United States Geological Survey (USGS) 

and International Seismic Center (ISC) 
 

To validate the current study with International data obtained from official sites of USGS 

and ISC the following trends were observed which can be seen and compared with Fig 

11. magnitude shows variation in correspondence with the PGA values. This may be due 

to carelessness in installment of seismic instruments or sensors. 
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Figure 10 Trend Of Input parameters from USGS Data 
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Figure 11 Trend Of Input Parameter from ISC Data 

 

3.3.Ground Motion Prediction Equation 
 

The prediction equations (8)-(10) considering PGA as an output and six input parameters 

mentioned below give the relationship and validity of interdependency of variables defined in 

Pearson Matrix earlier in this chapter. 

 

𝑎 = 𝑡𝑎𝑛(𝑑)2
(𝑙𝑜𝑛𝑔2)

(𝑆𝑀)2 + (𝑑)2 + 𝑡𝑎𝑛6.83

+ tan (𝑀𝑤)2) 

(8) 

𝑏 = 𝑎 + (
−7.09

4.05
) ÷ (𝑙𝑎𝑡2 + 4.33) − 3.04 + 𝐸 (9) 
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𝑦 = 𝑏 + (tan (𝑀𝑤2))(
6.90

𝑀𝑤2)(tan(𝑑2) + 1.05 (10) 

Where, a and b are defined variables. 

Long = longitude 

SM = Seismic Moment  

d = Depth 

Mw = Magnitude 

Lat = Latitude 

E = Seismic Energy 

y = PGA (Peak Ground Acceleration) 

 

 

 

  



33 
 

 

Chapter 4: Conclusions 

This study predicts the applicability of Gene Expression Programming for Seismic 

Hazard Assessment while considering Peak Ground Acceleration (PGA) as  a targeted 

output for various input parameters which have a significant impact on seismic wave as 

can be viewed in the sensitivity analysis section of this study. 

In the Fig-15 comparison of the outputs of PGA by the application of several ML 

techniques can be seen which lie close to each other (i.e., 0.2g-0.25g) and validate the 

accuracy of results. The diverse data of 2021 points of Balochistan Region was divided 

into 600 data sets in order to provide clusters of data sets close to each other so that 

statistical outliers could be discriminated, and the best model could be achieved. 

Fig-15 clearly explicit that the outcomes generated for different Machine Learning 

techniques show similar trend as that obtained by Probabilistic Seismic Hazard 

Assessment with less than 5% error in the values compared in the estimated errors. 

Thus from the above discussion it can be concluded that the GEP technique is by far 

the most accurate among other techniques (i.e. ANNs, ANFIS) for predicting the PGA 

value based on recorded seismic history. The equation of 10th order degree can be seen 

in Fig. 15  which can also be used as a prediction model but due to its complexity GEP 

value is more preferred. 

The prediction model may help in designing buildings and structures like bridges, roads 

or dams which can resist the worst scenarios of upcoming high PGA values leading to 

huge loss of humanity and economy.   
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Figure 12-Comparison Of ML outcomes 
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