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Abstract

Seismic vulnerability assessment of reinforced concrete (RC) structures is crucial in
earthquake-prone regions to mitigate risks to life and property. This study proposes
a systematic three-phase framework for enhanced seismic risk assessment: (1) Automation,
(2) Evaluation, and (3) Predictive Modeling. For the Automation Phase, a web-based
tool was developed to digitize and streamline the Turkish Rapid Visual Screening (RVS)
procedure, eliminating manual calculation errors while improving efficiency. During the
Evaluation Phase, we applied this tool to assess 600 buildings, classifying them into four
distinct risk categories (no, low, moderate, and high risk) through standardized scoring.
Finally, in the Predictive Modeling Phase we conducted correlation analysis to identify
key seismic risk factors (e.g., building height showing a strong negative correlation, while
soft-story mechanisms and short columns emerged as critical vulnerabilities) and imple-
mented three machine learning models (XGBoost, Random Forest, and AdaBoost) for
risk prediction, with XGBoost achieving superior accuracy. The framework’s validation
confirmed the web tool’s reliability relative to conventional methods while revealing most
buildings as low-risk, demonstrating how this integrated approach—combining automated
screening, large-scale assessment, and data-driven prediction—provides a scalable solution
for seismic risk mitigation in vulnerable regions.
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1. Introduction
Seismic vulnerability assessment of reinforced concrete (RC) structures is indispens-

able in earthquake prone areas where seismic activity is a hazard to life and property. This
is proactive, which makes it important for several reasons. It has a vital role to play in
protecting human lives above anything else. By identifying the potential weaknesses of
a structure before an earthquake happens, engineers can undertake retrofitting or design
modifications necessary to increase the building’s resilience. The catastrophic consequences
of seismic events are tragically illustrated by Turkey’s earthquake history, particularly the
1999 İzmit earthquake (Mw 7.4) that claimed over 20,000 lives and caused $30 billion in
damages [1], and more recently the 2023 Kahramanmaraş earthquakes (Mw 7.7 and 7.6)
that resulted in 50,783 fatalities and the collapse of 36,932 buildings [2,3]. Rapid Visual
Screening (RVS) is a simplified methodology for evaluation of the Seismic Vulnerability
Index in Reinforced Concrete (RC) structures. This works well for rapid assessment and
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does not require detailed structural calculations, making it quite convenient, especially in
areas that are earthquake prone. The RVS approach aims to capture fundamental building
characteristics that are potential performance indicators of buildings during a seismic
event. RVS is a valuable method for evaluating seismic and fire risks in RC structures.
It offers a swift and practical approach to assess building vulnerabilities and prioritize
mitigation strategies [4,5].

Different RVS methodologies have been developed and tested worldwide to ad-
dress local requirements based on building typology. One widely used method is FEMA
P-154, developed by the Federal Emergency Management Agency (FEMA), which involves
trained personnel visually inspecting structures to assess their seismic performance. This
method has two levels: Level 1 offers a preliminary assessment, while Level 2 provides
a more detailed evaluation for potentially hazardous buildings [6]. Other methods in-
clude the Canadian Manual for Screening of Buildings for Seismic Investigation by the
National Research Council [7], and Japan’s Seismic Index Method (JSIM), which enables
rapid evaluations of seismic safety [8]. New Zealand’s NZSEE methodology uses a two-
stage assessment: Initial Assessment Procedure (IAP) and Detailed Seismic Assessments
(DSA), classifying buildings as potential EPBs or non-EPBs [9]. The Vulnerability Index
Method, developed by Italy’s GNDT and adopted in seven European countries, evaluates
damage levels on both city-wide and single-building scales [10]. India’s RVS method, IITK-
GSDMA, was developed by the Indian Institute of Technology Kanpur and Gujarat State
Disaster Management Authority, adapting FEMA P-154 for RC structures in seismic-prone
areas [11]. Greece’s Earthquake Planning and Protection Organization (OASP) published
an RVS method in 2000, also derived from FEMA P-154, to identify dangerous buildings
in earthquake-prone regions [12]. Europe uses the European Macroseismic Scale (EMS-
98), developed by the European Seismological Commission, which replaced the older
MSK-64 scale [13]. The RISK-UE project, funded by the European Commission, aimed
to develop comprehensive earthquake risk scenarios for European cities, with Working
Package 4 (WP4) focused on modern construction vulnerabilities [14].

The Turkish RVS methodology, part of the Earthquake Master Plan for Istanbul (EMPI),
was developed by four major Turkish universities at the request of the Istanbul Metropolitan
Municipality (IMM) [15]. Over time, Turkey has introduced several region-specific RVS
methods reflecting its commitment to seismic safety. The METU RVS method offers a
simple, fast assessment of urban RC buildings via sidewalk evaluations, using data from
454 buildings damaged in the 1999 Düzce earthquake [16]. The Yakut Method targets
low- to mid-rise RC frame buildings, requiring data on concrete strength and ground floor
area [17]. The Performance Based Rapid Seismic Assessment Method (PERA) adopts an
approach similar to the Turkish Seismic Design Code (TSDC), but significantly shortens the
time required for site inspections and streamlines the analysis and evaluation processes [18].
The DURTES method assesses buildings’ seismic safety using two main scores: K1, based
on structural strength and materials, and K2, based on the building’s current condition.
In fact, the K1 coefficient follows the standards outlined in the seismic regulations, but
the K2 coefficient is determined by around 100 characteristics based on the current state
of the structure [19]. The Anadolu University Rapid Assessment Method (AURAP) is a
modified version of the DURTES method that allows quick, low-cost, and reliable seismic
assessment of midrise RC buildings. It is ideal for regions with building types similar to
those in Turkey, such as the Balkans, Middle East, and Mediterranean [20].

Conventional RVS methods are now being enhanced with advanced technologies
like Artificial Neural Networks, fuzzy logic, and machine learning, supported by big data.
Additionally, modern websites and smartphone apps have emerged to streamline RVS
applications, enabling real-time data collection and analysis. Several researchers have
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utilized fuzzy logic to improve RVS methods for seismic assessment. In Greece, Demartinos
and Dritsos [21] designed a fuzzy logic-based procedure to classify buildings into five
potential damage categories for future earthquakes. Harirchian and Lahmer [22] proposed
a novel RVS method employing an Interval Type-2 Fuzzy Logic System (IT2FLS), which
allows prioritization of vulnerable buildings for further evaluation while accounting for
uncertainty during the assessment process. Allali et al. [23] introduced a fuzzy logic-based
approach to evaluate building damage after an earthquake, relying on in situ visual assess-
ments of structural and non-structural components by trained personnel. Tesfamariam
and Saatcioglu [24] applied fuzzy inference systems to assess RC buildings using post-
earthquake screening data from the 1994 Northridge earthquake. Şen [25] developed a
soft computing method based on a Fuzzy Logic Model (FLM) and system theory, catego-
rizing buildings into five hazard levels: “without”, “slight”, “moderate”, “heavy”, and
“complete.” Mazumder et al. [26] created a fuzzy synthetic approach for first-level seismic
risk assessment of unreinforced masonry (URM) buildings, incorporating fourteen risk
factors grouped into five indexes. Similarly, Bektaş et al. [27] proposed a fuzzy logic-based
RVS method tailored to accurately assess building characteristics in URM structures. Ad-
dressing uncertainty in regions with limited data, Sadrykia et al. [28] developed a fuzzy set
theory-based method that tackles the vagueness in existing knowledge regarding seismic
risk criteria.

Bektaş and Kegyes-Brassai [29] developed an NN-based RVS technique using post-
earthquake data from the 2015 Gorkha event. Similarly, Harirchian and Lahmer [30]
employed ANNs to evaluate RC building vulnerability through geometric characteristics.
Several researchers have focused on specialized ANN applications: Falcone et al. [31] for
retrofitting assessment, Noura et al. [32] for preliminary damage evaluation during surveys,
and Özkan et al. [33] for performance prediction of RC frame buildings. The 2015 Gorkha
earthquake data was also utilized by Sri Preethaa et al. [34] to develop an ANN model for
post-earthquake damage grading.

Bektaş and Kegyes-Brassai [35] proposed a new machine learning-based highly ac-
curate RVS method that can be adopted in other countries for masonry buildings using
the post-earthquake building screening data on 273 masonry buildings that were collected
after the 2019 Mugello, Italy earthquake. Mangalathu et al. [36] assessed the viability
of the quick prediction of the earthquake building loss and damage by employing data
from the South Napa Earthquake of 2014 by using advanced machine learning methods
including discriminant analysis, K Nearest Neighbor, Decision Tree, and Random Forest.
Chaurasia et al. [37] has employed ML algorithms for estimating the extent of damage
of buildings due to the 2015 Gorkha, Nepal earthquake. Ghimire et al. [38] examined
several spatially distributed seismic damage analysis techniques using machine learning
at the regional scale in terms of their efficiency and pertinence. The vulnerability analysis
using machine learning (VULMA) system provides an automated vulnerability assessment
pipeline based on street-view imagery and geospatial data [39]. The framework consists
of four key modules: image acquisition from online street-view services, expert-assisted
labeling of structural features, machine learning-based image classification, and vulnera-
bility index computation. This approach demonstrates the potential of computer vision
techniques for large-scale building assessments, particularly for historical masonry aggre-
gates where traditional surveys may be challenging. However, the method’s effectiveness
depends on image quality, labeling consistency, and the ability to translate visual features
into meaningful structural indicators.

Saadati and Moghadam [40] proposed EZRVS as a web application for the online
and rapid screening and assessment of concrete buildings based on FEMA P-154. This
application is also platform and hardware independent; all of the calculations are performed
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on the server side, available at http://www.seismohub.com/ezrvs (accessed on 28 January
2025). Using EZRVS, subscribers can easily and rapidly filter buildings using either artificial
intelligence or the FEMA P-154 procedure. Kumari et al. [41] proposed an efficient web
application using a Django and Gradient Boost Decision Tree (GBDT) trained machine
learning model for conducting a quick vulnerability assessment.

Harirchian et al. [42] designed and presented a smartphone application for data
collection concerning earthquake hazard safety assessment of buildings, arguing that the
application will enhance the speed of assessment and the collection and processing of data
online. An android app named RVS_IND App was created by Nanda et al. [43] with the
purpose of making RVS more rapid by evaluating the seismic performance of buildings on
the visual inspection level.

This study developed a web-based tool for the Turkish RVS method, applying it for
the first time to buildings in Northern Cyprus. Utilizing machine learning, this study
identified the most significant parameters that contribute to earthquake risk scores, ad-
dressing a critical gap in seismic vulnerability assessment and providing valuable tools for
risk mitigation.

2. Materials and Methods
In this study, the methodology is based on three major components. First, an internet-

based tool was developed that could automate the Turkish RVS procedure to assess seismic
performance of RC buildings in a more accurate, user-friendly, and accessible way. Second,
600 buildings were assessed by using the developed tool, where data on key parameters
were collected and classified into different risk categories. Consequently, some data analysis
was conducted using machine learning techniques to identify important factors influencing
earthquake risk scores in predicting the seismic performances of buildings. This integrates
the use of automation into data analysis and predictive modeling as a way to come up with
efficient and reliable methods of seismic risk assessments.

2.1. RVS Method Description

The Turkish RVS method was selected due to its thorough and organized way of
evaluating how likely RC buildings are to be damaged by earthquakes. It starts by giving
a building a base score that shows how much risk it has from earthquakes. This base
score is adjusted according to various factors that could affect how well the building
handles earthquakes. These factors are soft story, short column, heavy overhang, pounding
effect, topographic effect, construction quality, and age of the building as shown in Table 1.
A soft story configuration means that one floor of a given building is less stiff compared
to the other floors. This makes these floors very vulnerable to lateral forces during an
earthquake since the stiffness has been reduced [44]. A short column is stiffer than a
typical column and is prone to damage or failure under strong earthquakes due to the
high shear forces it endures. In RC structures, the short column effect can also result from
half-height infill walls, ribbon windows, and the presence of mid-story beams around stair
landings [45]. Heavy overhangs reduce earthquake performance, with the presence of
extensive closed heavy overhangs significantly impairing the building’s ability to withstand
seismic activity [46]. The pounding effect on the surrounding buildings could range from
non-structural damage to severe structural damage, and even potentially creeping collapse
of the neighboring buildings [47]. The topographic effect makes hill-slope structures
with seismic design codes that met current standards insufficient against the intensified
earthquake-induced forces, exposing them to hazards [48]. Construction quality is crucial
for ensuring effective seismic performance in an RC frame. Poor construction quality, in
contrast, has a harmful effect on the seismic behavior of RC structures [49]. Typically,
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older buildings are unlikely to perform well during earthquakes because past construction
methods did not incorporate the seismic detailing required by current building codes [50].

Table 1. Scoring criteria for the Turkish RVS [51].
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The Earthquake Risk Score (E.R.S) is calculated by adding the Base Score (B.S) to the
product of the Score reduction value (S.R.V) and the Vulnerability Parameter Multiplier
(V.P.M) as shown in Equation (1). The V.P.M. is 1 if the above risk factor is present and
0 if it is not present. For visual construction quality, the V.P.M. is 2 if the construction
quality is described as “poor”, 1 if described as “moderate” and 0 if the quality is described
as “good” [51].

(E.R.S) = (B.S) + ∑[(S.R.V)× (V.P.M)] (1)

Table 2 illustrates that buildings with an E.R.S. of less than 30 are deemed to be at high
risk. They are categorized as moderate risk if their E.R.S. falls between 30 and 70. Structures
with scores ranging from 70 to 100 are considered to be at low risk. Lastly, buildings with
an E.R.S. exceeding 100 are classified as having no risk.

Table 2. Risk status based on the E.R.S. [51].

Earthquake Risk Score (E.R.S.) E.R.S. < 30 30 < E.R.S.< 70 70 < E.R.S.< 100 100 < E.R.S.

Risk Status High Moderate Low No risk

2.2. Development of the Web-Based Seismic Assessment Tool

The web based application was designed and implemented using Python (version 3.10),
HTML5, CSS3, JavaScript (ES6), and the Flask web framework (version 2.2.5); all the coding
used the (version 1.85.1). Python was used in the backend and in data manipulation and
specifically to calculate the RVS method to define the earthquake risk. The equations and
algorithms needed by the RVS methodology to calculate the E.R.S. were implemented
with Python. Python was tasked with carrying out these calculations with accuracy while
employing the RVS parameters to arrive at the E.R.S. Drawing from this computed score,
Python was also used to categorize the building into different risk classes. The frontend
user interface of the application was designed with the help of HTML and CSS, which are
specifically designed for the RVS assessment. HTML was used to build the framework of
the actual web pages such as the RVS questionnaire, the input forms and the results window.
CSS was employed in order to enhance the presentation of the RVS questions and the risk
assessment results in a similar manner and makes them more accessible. As a result, using
HTML and CSS allowed for structuring and imparting information connected with the RVS
process, including user’s engagement with the questionnaire and displaying calculated
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numerical and qualitative risk scores and status. For the development of the backend of
the application, Flask was used and it was combined with Python for the implementation
of the RVS method. Flask helped to accomplish the RVS algorithm by being responsible for
the routing and handling of the inputs received from the HTML forms submitted by the
users. It also handled the transfers of data between the frontend and the Python backend,
where the RVS calculations were conducted. It was Flask’s responsibility to handle the
response data from the RVS questionnaire and the use of the Python code that produced the
E.R.S. and then pass the results to the user. JavaScript was used for client side validation of
the RVS questionnaire; this made it possible for the program to check if the inputs added
by the user were in order before passing them to Flask for processing. JavaScript effectively
controlled the dynamic interaction within the RVS questionnaire and also modified the
content, providing an instant response according to the users’ inputs. This made it easier to
validate and respond in parallel with the frontend so that by the time data related to the
RVS assessment was being sent to the backend, it was correctly formatted, and no data
were missing.

2.3. Data Collection

Data for the current study were acquired from 600 RC buildings within three major
Northern Cyprus cities of Lefkoşa, Girne, and Mağusa, as shown in Figure 1, representing
a good spectrum of the scenarios related to seismic hazard variability in Northern Cyprus.
Since seismic ground-motion conditions vary through these regions, the resulting data
set would strongly support the estimation of earthquake risks for RC buildings. The data
collection focused on several key building characteristics, including the number of stories,
building age, visual construction quality, and the presence of structural vulnerabilities such
as soft stories, short columns, and heavy overhangs, as well as the influence of topographic
and pounding effects. These parameters were then inputted into the web-based RVS
tool that allowed classification of each building into appropriate seismic risk categories
according to established Turkish RVS methodology. For each building, structural features
such as soft story, short columns, heavy overhangs, pounding effect, and topographic
effect were identified through visual inspection during the RVS process. These features
were evaluated based on clear definitions from the Turkish RVS methodology. Additional
parameters, such as the number of stories and the age of the building, were also recorded
during the field survey. The number of stories was determined through direct visual
counting. For building age, the construction year was used if it was visibly marked on the
building. In cases where this information was not available on the building, it was obtained
by asking the building owners or occupants. Visual construction quality (categorized
as poor, moderate, or good) was assessed based on external observations of materials,
workmanship, and signs of structural degradation.

 
(a) (b) (c) 

 

 

 

 

Figure 1. Satellite Imagery of Surveyed Buildings in: (a) Lefkoşa, (b) Girne, and (c) Mağusa [52].

Figure 2 demonstrates samples of the assessed buildings in the three different cities.
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Figure 2. Examples of assessed buildings.

2.4. Machine Learning Approach for Correlation and Predictive Analysis

A model evaluation of risk classification determinants for 600 buildings was performed
using machine learning algorithms. The first analysis examined the main risk factors
that strongly influenced the risk score through a correlation analysis. The input features
included: number of stories and building age (both treated as continuous numerical
variables), presence or absence of a soft story, heavy overhangs, short columns, pounding
effect, and topographic effect, as well as visual construction quality categorized as poor,
moderate, or good. These features were derived from field data collected during screening
RVS assessments and standardized visual inspections. Numerical variables such as number
of stories and building age were used in their raw form or normalized when required,
while binary attributes (e.g., presence or absence of a soft story) were encoded as 0 or 1, and
categorical values (e.g., construction quality) were numerically encoded for compatibility
with the machine learning models. The research data were split into training and testing
sections where 70% of buildings (420) served as the training material and the remaining 30%
(180 buildings) acted as the test material. The prediction of risk scores relied upon three
machine learning models, comprising Extreme Gradient Boosting (XGBoost), Random
Forest, and AdaBoost, which effectively identify complex data patterns. XGBoost was
trained to minimize some kind of regularized objective function made up of a convex loss
function and the penalty scoring function for the difference between predicted outcomes
and true labels. The boosting approach used random subsets of data and features in
succession, with weights on mispredicted classes increasing with each iteration. This
technique has proven successful for a wide array of tasks [53]. XGBoost works by iteratively
adding decision trees to correct the errors (residuals) of the previous ones, improving
prediction accuracy step-by-step. It uses an additive model, combining multiple weak
learners (trees) with weights. In each step, it optimizes an objective function that includes
both a loss function (measuring prediction errors) and a regularization term (controlling
model complexity), ensuring a balance between accuracy and overfitting [54].

The general function for forecasting at step p is defined in Equation (2):

f(p)(xi) = ∑p
k=1 fk(xi) = f(p−1)(xi) + fp(xi) (2)

where fp(xi) represents the learner (decision tree) added at step p, f(p)(xi) denotes the

cumulative prediction up to step p, and f(p−1)(xi) represents the cumulative prediction up
to step p − 1.

To balance the model complexity and prevent overfitting while maintaining com-
putational efficiency, XGBoost introduces a regularized objective function. This function
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evaluates the model’s performance by combining a loss function and a regularization term,
as shown in Equation (3):

Objective(p) = ∑n
i=1 l(yi, ŷi ) + ∑p

k=1 σ(f k) (3)

where l(yi, ŷi) represents the loss function, which measures the difference between the
actual value yi and the predicted value ŷi; n denotes the number of observations in the
dataset; and σ(f k) represents the regularization term for the k-th tree, which penalizes the
model complexity.

The regularization term σ(f) is defined in Equation (4):

σ(f) = γT +
1
2

λ∑T
j=1 w2

j (4)

where T represents the number of leaves in the tree, wj denotes the weight (score) of the
j-th leaf, γ controls the minimum loss reduction required to split a leaf node further, and λ

represents the L2 regularization parameter, which helps control overfitting by penalizing
large leaf weights.

This formulation ensures that XGBoost optimizes both prediction accuracy and model
simplicity, making it highly effective for a wide range of predictive tasks [55].

Random forest operates as a solution to perform both regression and classification
problems. RF operates as a supervised learning method that belongs to the bagging method
within integrated learning approaches. The algorithm contains multiple decision trees as
its core elements [56]. The ensemble learning approach Random Forest merges numerous
decision trees through their predictive information to yield a final result. Random Forest
operates under two distinct methods according to the targeted regression or classification
task type.

The final prediction for regression is defined in Equation (5):

F(x) =
1
T∑T

t=1 ft(x) (5)

where F(x) represents the final prediction for the input x, ft(x ) denotes the prediction of the
t-th decision tree, and T refers to the total number of trees in the forest.

The final prediction for classification is defined in Equation (6):

F(x) = mode{ft(x)}
T
t=1 (6)

where mode represents the majority vote of the predictions from all trees.
For regression tasks, the final prediction is the average of the predictions from all indi-

vidual trees. For classification tasks, the final prediction is determined by majority voting,
where the most frequently predicted class among all trees is selected as the output [57,58].

The ensemble learning method called AdaBoost (Adaptive Boosting) improves weak
learner performance through an iterative process that focuses on examples that the learners
misidentify. Through its weighting mechanism, the algorithm joins numerous weak learners
that normally consist of decision stumps to create a single robust classifier. All training
samples get an initial weight value that is equal at the start of the process. A weak learner
trains the weighted dataset at every iteration and provides its weighted error computation.
New weights are calculated for the weak learner through an accuracy-based process, which
enhances the weights of the accurate learners. The algorithm assigns incremented weights
to these misidentified examples to emphasize them during the following algorithm passes.
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Finally, the strong classifier is formed by aggregating the weak learners’ predictions using
weighted voting, as shown in Equation (7):

H(x) = sign
(
∑T

t=1 αt.ht(x)
)

(7)

where sign determines the class label based on the sign of the weighted sum, αt represents
the weight of the t-th weak learner, ht(x) represents the prediction of the t-th weak learner
for input x, and T represents the total number of weak learners.

AdaBoost is particularly effective for binary classification tasks and is widely recog-
nized for its ability to transform weak learners into a highly accurate ensemble model [59].

3. Results
3.1. Design and Implementation of the RVS Method Web Platform

The developed web based RVS assessment tool helps the user to enter necessary data
for the assessment of the RC structures’ performance against the earthquake and includes
four web pages containing questions. It is each page’s intention, within the scope of the RVS
method, to guarantee the collection of all pertinent information so as to provide an accurate
evaluation. The first input that is expected of users is general building information on the
first page of the website. This is followed by the name of the building, the address and the
date on which this record was created. Moreover, users can enter a photo of the building by
taking one with the built-in camera. This helps in the assessment process because the photo
gives a visual aspect to the context being given. The second page contains information
about structural characteristics. Users choose the number of stories from a list that includes
options starting with one and ending with eight or more and the age of the building is
chosen based on the options of the construction period. The third page discusses certain risk
factors. Regarding the presence or absence of soft stories and short columns, users make
their choices by opting for the labeled responses. Also, the users differentiate the quality of
the visual construction by selecting among the poor, moderate, and good quality options. A
similar strategy is followed on the fourth page, where there are more risk factors indicated.
Heavy overhangs and pounding effects as well as topographic effects are other options
that the users choose between presence and absence to complete the questionnaires. After
providing such input, the user submits the details and moves to the fifth page, where the
results of the assessment are revealed. This next page shows the results of the entered data
and gives details such as the name of the building, its address, the date, photo if any, and the
ERS as well as the risk status as illustrated in Figure 3. The web-based RVS assessment tool
was performed on many buildings applying the web and the conventional manual method.
The outcome obtained through both approaches was compared, and it was observed that
both methods yielded the same results; therefore, the web-based tool is as accurate and
efficient as the manual technique. This validation ensures that the web application can
correctly calculate the E.R.S. and building classification in regard to risk. The developed
web application is accessible for use at: https://earthquake-risk-assessment.vercel.app
(accessed on 15 June 2024).

3.2. Data Analysis

The 600-building survey provides an overall view of building characteristics, high-
lighting significant trends and potential hazards in the subject area.

The survey of 600 buildings, conducted using the developed website, identified
significant structural vulnerabilities and key characteristics. For example, 81.3% of the
buildings exhibited soft-story mechanisms, and 61.2% contained short columns, both of
which are critical seismic weaknesses that increase the risk of damage or collapse during
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earthquakes. Additionally, 36.7% of the buildings had heavy overhangs, which can create
torsional effects during seismic events, and 4.7% were susceptible to pounding effects,
where adjacent buildings may collide due to insufficient separation. Notably, no buildings
were affected by topographic effects, as shown in Figure 4. In terms of visual construction
quality, Figure 5 demonstrates that 66% of the buildings were in good condition, while 34%
were in moderate condition, suggesting that while most structures are well-maintained, a
significant portion may require repairs or upgrades. The distribution of building heights
is as follows: 55.5% of the buildings had one, two, or three stories; 33.7% had four or five
stories; 5.5% had six stories; 3.2% had seven stories; and 2.1% had eight or more stories
as shown in Figure 6. Regarding construction periods, Figure 7 indicates that 63.8% were
built in 2007 or later, likely complying with modern building codes, while 36.2% were
constructed between 2000 and 2006 and may require closer scrutiny for seismic resilience.

  

  

 

Figure 3. Structure of the developed website.
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Figure 4. Prevalence of structural deficiencies in assessed buildings.
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Figure 6. Distribution of assessed buildings by number of stories.
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Figure 7. Distribution of assessed buildings by construction age.
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Having applied the RVS method on the 600 buildings that were surveyed, the results
show a breakdown of seismic risk level within the buildings. As clearly visible from
Figure 8, the majority of the buildings (64.8%) had no significant seismic risk. This suggests
that nearly two-thirds of the buildings surveyed will respond positively to seismic activity
with minimal structural defects that would lead to failure or severe damage. In addition,
28.3% of the buildings were categorized as having a low risk level. While these buildings
are not entirely risk-free, they possess only minor shortcomings that could be remedied
by some interventions, such as retrofitting or superficial repairs, to enhance their seismic
performance. These buildings are typically considered to be of lower priority for immediate
intervention but should nonetheless still be monitored or addressed in the long term to
ensure safety. Fewer, 6.4%, of the buildings possessed a moderate level of seismic risk.
These are less strong buildings and will require more efficient mitigation strategies such as
structural reinforcement or redesigning to reduce their vulnerability to damage or collapse
in an earthquake. Structures at this level should be accorded extra priority for more detailed
assessment and potential retrofitting to better strengthen them. Finally, only 0.5% of the
buildings were rated as high risk. This small but important subset is the one that comprises
buildings highly vulnerable to seismic activity and at great risk of severe damage or collapse
in the event of an earthquake. These buildings are recommended for immediate attention,
such as evacuation, demolition, or very thorough retrofitting, to prevent potential loss of
life and property. The results indicate that while the majority of the buildings are quite safe,
a sizable proportion, particularly those in the medium and high-risk categories, require
selective interventions to mitigate their seismic vulnerability. The decision makers can
use this information to plan resource mobilization and design measures for enhancing the
resilience of building stocks in seismically vulnerable areas. Mohd [60] conducted a seismic
risk assessment of existing buildings in Famagusta, Northern Cyprus using the rapid visual
screening (RVS) methodology developed by Sucuoğlu and Yazgan (2003) [61]. That study
classified buildings according to their structural systems, number of stories, and year of
construction. Based on this survey approach, the majority of assessed buildings were found
to pose low or negligible seismic risk.
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Figure 8. Classification of assessed buildings by seismic risk status.
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3.3. Correlation and Predictive Analysis Results

Correlation analysis was employed to identify the most significant factors that con-
tribute to buildings’ seismic risk score. Factors considered in the assessment were number
of stories, building age, presence of a soft story, construction quality, short columns, heavy
overhang, topographic effect, and pounding effect. The correlation values with the risk
score reflect their relative significance.

The findings of this study reveal a strong negative correlation (−0.8) between the
number of stories and the seismic risk score, indicating that taller buildings are more
susceptible to seismic risk. This aligns with the work of Fardis et al. [62], who emphasized
that taller structures experience higher seismic forces due to increased flexibility and mass,
making them more vulnerable during earthquakes. This is consistent with the findings
of Chopra and Goel [63], who identified soft stories as a major contributor to irregular
stiffness distribution and increased vulnerability during earthquakes. Bruneau et al. [64]
further supported this by highlighting the collapse of buildings with soft stories during
the 1994 Northridge earthquake. Additionally, short columns demonstrated a moderate
negative correlation (−0.2) with the risk score, reinforcing their role in structural weakness.
This finding is supported by Murty et al. [65], who noted that short columns attract higher
shear forces, leading to brittle failure during seismic events, and Kappos et al. [66], who
identified short columns as a common cause of damage in reinforced concrete buildings.

In contrast, building age and construction quality exhibited weak correlations with
the risk score (0.076 and 0.053, respectively), suggesting that these factors had limited
influence in the studied dataset. This finding partially contrasts with the work of Coburn
and Spence [67], who argued that older buildings and poor construction quality signifi-
cantly increase seismic vulnerability. The discrepancy may be attributed to the specific
characteristics of the dataset, such as uniform construction practices or limited variability in
building age. Heavy overhangs and pounding effects showed only slight effects on the risk
score, with correlation coefficients of −0.035 and 0.029, respectively. This is consistent with
the observations of Anagnostopoulos and Spiliopoulos [68], who found that while these
factors can contribute to localized damage, their overall impact on seismic risk is relatively
minor compared to other structural vulnerabilities. Interestingly, the analysis revealed
no significant correlation for topographic effects, which contrasts with the findings of
Paolucci [69], who demonstrated that site amplification due to topography can significantly
influence seismic risk. This difference may be due to the specific geographic context of this
study or the resolution of the topographic data used as shown in Figure 9.

In this study, three machine learning models, Extreme Gradient Boosting (XGBoost),
Random Forest, and AdaBoost, were developed and evaluated to predict risk scores for
600 buildings. The dataset was split into a training set (70%, rows 1–420) and a testing set
(30%, rows 421–600). Performance was assessed using R2 (coefficient of determination)
and RMSE (Root Mean Squared Error) for both training and testing. The Pearson corre-
lation coefficient was selected for this analysis as it is the most widely used measure for
quantifying linear relationships between continuous variables, provided that the data meet
assumptions of normality and homoscedasticity [70].

Table 3 and Figure 10 demonstrate that, in both testing and training, XGBoost produced
outstanding outcomes. It demonstrated strong predictive accuracy and the capacity to
account for roughly 91.1% of the variance in the risk scores during training, with an R2

of 0.911 and an RMSE of 5.338. Its performance further improved in testing, achieving an
RMSE of 2.279 and an R2 of 0.979. Although it was marginally less successful than XGBoost,
Random Forest also performed well. It demonstrated good predictive accuracy and the
capacity to explain 88.6% of the variance during training, with an R2 of 0.886 and an RMSE
of 6.038. It continued to perform well during testing, with an RMSE of 2.577 and an R2
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of 0.973. AdaBoost performed reasonably well during training, with an RMSE of 5.999
and an R2 of 0.890. Nevertheless, testing revealed a sharp decline in performance, with
an R2 of 0.806 and an RMSE of 7.568. Out of the three models, XGBoost performed the
best overall, obtaining the lowest RMSE and the highest R2 for both testing and training.
Close behind, Random Forest had somewhat higher prediction errors and somewhat lower
accuracy. Although AdaBoost performed well during training, it had trouble during
testing, displaying problems with generalization and a greater variance in its predictions.
XGBoost is the top-performing model in this exercise, with the best balance of accuracy and
consistency, followed closely by Random Forest. AdaBoost was a contender in training but
had some limitations in generalizing to new data. The findings here suggest that XGBoost
is the top choice for high-stakes applications where predictive accuracy and reliability are
required, with Random Forest as a viable second choice. AdaBoost may require further
tuning or alternative approaches to improve its generalizability. Multiple studies have
compared the performance of XGBoost, Random Forest, and AdaBoost, with varying results.
Fatima et al. [71] and Choudhury et al. [72] found that XGBoost outperformed Random
Forest due to its iterative optimization and higher accuracy. Şahin [73] also supported
XGBoost’s superiority, showing lower prediction errors than Random Forest. However,
Wu [74] reported that Random Forest performed best among the three algorithms. This
discrepancy may be due to differences in dataset characteristics, feature engineering, or
model tuning.

 

Figure 9. Correlation heatmap of factors influencing seismic risk scores.

Table 3. Performance comparison of machine learning models for seismic risk prediction.

Models
Training Testing

R2 RMSE R2 RMSE

Extreme Gradient Boosting 0.911 5.338 0.979 2.279
Random Forest 0.886 6.038 0.973 2.577

AdaBoost 0.89 5.999 0.806 7.568
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Figure 10. R2 score distribution for machine learning models in training and testing.

4. Conclusions
The approach used in this research included the creation and implementation of an

online RVS tool, which was then followed by data analysis, correlation evaluation, and
machine learning-based predictions to assess seismic risk. The conclusions are as follows:

The RVS assessment tool based on the web that has been developed has proved to
be an effective and efficient seismic risk assessment tool for RC structures. In simplifying
data collection and completing the assessment by having the input pages structured, the
tool successfully replicates the manual RVS method with the inclusion of ease of use and
precision. Validation made sure the web-based tool gives results in agreement with the
conventional method, once again confirming its reliability.

The investigation of 600 buildings from three cities was enlightening regarding their
seismic risk categorization and structural vulnerabilities. The findings revealed that the
majority of buildings (64.8%) were non-risk, followed by 28.3% low risk, 6.4% moderate
risk, and only 0.5% high risk. Structural inadequacies such as soft-story mechanisms (81.3%)
and short columns (61.2%) were prevalent, and these were key areas of focus in the seismic
risk assessment.

Correlation analysis revealed that the height of the structure had the largest negative
correlation value (−0.8) with the risk score, and so taller buildings tend to have greater
seismic hazard potential. The existence of a soft story (−0.3) and short columns (−0.2) were
also key reasons for structural weakness. Heavy overhangs, pounding effects, and quality
of construction all had a lower correlation, and topographic effects were of no particular
value to the risk score.

Machine learning models were employed to make seismic risk scores predictions,
where XGBoost was the optimal model. XGBoost revealed high prediction capacity, ex-
plaining 91.1% of the variance when being trained and 97.9% when it was tested. Random
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Forest, on the other hand, gave good results while AdaBoost recorded good performance
upon training but had poor generalization upon testing. The predictive nature of XGBoost
indicates machine learning’s strengths in enhancing the rapid assessment approaches.

This study was limited to 600 RC structures from three cities, potentially affecting
its generalizability across Northern Cyprus’s diverse building stock. The particularly low
representation of high-risk buildings (0.5%) may lead to the underestimation of critical
cases, while the 6.4% moderate-risk buildings would benefit from integrated retrofitting
recommendations (e.g., jacketing or shear wall additions). Future enhancements should
expand the dataset to 1000+ buildings, incorporating additional cities, while extending
the methodology to masonry and steel structures that exhibit different failure mechanisms.
The correlation analysis could be deepened to examine nonlinear relationships between
risk factors, and the tool could be augmented with region-specific seismic parameters and
actual performance data from seismic events. These improvements would transform the
platform into a comprehensive risk management system capable of delivering both accurate
assessments and practical mitigation strategies for all major construction types throughout
Northern Cyprus.
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Abbreviations
The following abbreviations are used in this manuscript:

RVS Rapid visual screening
RC Reinforced concrete
FEMA Federal Emergency Management Agency
JSIM Japanese Seismic Index Method
NZSEE New Zealand Society for Earthquake Engineering
IAP Initial assessment procedure
DSA Detailed seismic assessments
EPBs Earthquake-prone buildings
GNDT National Group of Defense from Earthquakes

IITK-GSDMA
The Gujarat State Disaster Management Authority
Gandhinagar and the Indian Institute of Technology Kanpur

OASP Earthquake Planning and Protection Organization
EMS European Macroseismic Scale
ESC European Seismological Commission
MSK Medvedev–Sponheuer–Kárník
WP4 Working Package 4
EMPI Earthquake Master Plan for Istanbul
METU Middle East Technical University
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PERA Performance Based Rapid Seismic Assessment Method
TSDC Turkish Seismic Design Code
AURAP Anadolu University Rapid Assessment Method
ANN Artificial neural network
IT2FLS Interval type-2 fuzzy logic system
FLM Fuzzy logic model
URM Unreinforced masonry
NN Neural network
ML Machine learning
GBDT Gradient boost decision tree
E.R.S. Earthquake Risk Score
B.S. Base Score
S.R.V Score reduction value
V.P.M. Vulnerability Parameter Multiplier
XGBoost Extreme gradient boosting
R2 Coefficient of determination
RMSE Root mean squared error
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