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ABSTRACT

Restoring residential buildings following earthquake damage requires a significant level of resources.
Being able to predict these resource requirements in advance and accurately improves the effective-
ness of disaster preparedness and subsequent recovery activities. This research explored how the lat-
est ML algorithms could be used for antecedent earthquake loss modelling. A cost database for
repairing residential buildings damaged by the Emilia Romagna earthquake in Italy was analysed
using six state-of-the-art ML models to explore their ability to predict repair cost rates(cost per floor
area) for a domestic building damaged by earthquakes. A Gradient Boost Regression model outper-
formed five other models in predicting earthquake damage repair cost rate. The performance of this
model was significantly accurate and covers about 76% of the cases. A further SHAP analysis
revealed that operational level, damage level and non-housing area of the buildings as top 3 impor-
tant features when predicting the resultant damage repair cost rate. Overall this research advanced
antecedent earthquake loss modelling approaches to increase the accuracy of estimates by incorpo-
rating more variables than the widely used damage level based simple methodology.
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Introduction systems and habitats), social losses (deaths and inju-
ries, increase in crime, family violence etc), and heri-
tage losses (such as damage to cultural, historic and
world heritage assets) (De Groeve et al. 2015). The

focus of this research is limited to direct losses associ-

Earthquakes cause devastating impacts on individuals,
communities and nations at large. Preparing for a
potential future earthquake could help people to
effectively anticipate, respond to and recover from the
impacts quickly when disasters strike (Sutton and
Tierney 2006, UNISDR 2017). Preparation aims to build
the capacities needed to manage disasters efficiently
(UNDRR, nd). Financial capability is vital in effectively

ated with restoration costs. Reconstruction in this
paper refers to all forms of restoration to damage
buildings. Antecedent loss assessments are helpful for
various stakeholders such as local authorities, private

responding to a disaster (Wanigarathna et al. 2022).
Antecedent loss assessments during the preparedness
phase help individuals, organisations and governments
to understand the potential financial capacity required
following a disaster (Yu et al. 2015). Antecedent disas-
ter loss assessment refers to assessing the economic
value of damage resulting from disasters before an
earthquake occurs as a part of disaster preparedness
activities. Disaster effects and damage could be in the
form of economic losses resulted by direct damage to
physical assets such as building, infrastructure or indir-
ectly through business interruption; environmental

organisations and insurance companies, and individual
owners to estimate the vulnerabilities of their build-
ings (Hill and Rossetto 2008, Vona et al. 2018) and
make decisions on resilience intervention strategies or
model reliable loss scenarios (Del Vecchio et al. 2020),
before proceeding into expensive detail assessment
which  may require commissioning specialists
(Wanigarathna et al. 2022). Simple antecedent loss
assessment methodologies are used in rapid loss
assessment immediately following earthquakes to
assess the loss for resource allocation purposes
(Stojadinovic et al. 2017) and avoid delays that impede

losses resulted by damage to watercourses, eco repair works (Almufti and Willford 2013).
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Currently, there is a wide range of earthquake
loss assessment methodologies (such as FEMA P-58
methodology, Hazus MR4 loss assessment methodology)
and accompanying software (such as HAZUS-MH
Earthquake Model, SELENA Seismic Loss Estimation soft-
ware, PACT software for P-58; PAGER). (Ansal 2015,
Wanigarathna et al. 2018, Kahandawa et al. 2021). Whist
these methodologies and tools are extremely supportive
in understanding the financial requirements following a
disaster, a number of previous research have highlighted
weaknesses of some widely used tools by computing
the differences between predicted losses based on these
methodologies against observed losses for past earth-
quake events (see Spence et al. 2003 - For HAZUS-MH;
Del Vecchio et al. 2017 - for FIMA P —58). Most of these
differences are related to existing methodologies’ inabil-
ity to consider a large range of building and related vari-
ables within their estimates. For instance, Del Vecchio
et al. (2017) reported that the underestimation of cost is
related to the way damages are calculated for non-struc-
tural systems within buildings.

Advanced modelling techniques including Machine
Learning (ML) are becoming widely used techniques
for decision making in many areas of disaster manage-
ment to eliminate weaknesses associated with existing
methodologies. In a recent systematic review, Sun
et al. (2020), found a total of 26 ML based applications
and 17 application areas related to disaster mitigation,
preparedness, response and recovery. ML applications
and related data analytics offer an unprecedented
opportunity to analyse existing real data sets such as
insurance claims, post-disaster assessments, and simi-
lar (Kim et al. 2016, Sun et al. 2020) to produce data
driven and more accurate decision support frame-
works by extracting relations between available data
presented (Hashemi et al. 2020). In this context,
Machine Learning (ML) based cost models can elimin-
ate some of the weaknesses of the existing methodol-
ogies by unpicking insights from existing data sets
and incorporating a large range of variables within
prediction models. The research presented here ana-
lysed an existing data set using 6 ML techniques to
identify determinants of repair costs based on the
repair works and building characteristics. In particular,
a macro data set of reconstruction costs details for
6537 residential properties recorded from 60 towns in
the Italian region of Emilia Romagna, damaged by the
2012 Earthquake were analysed to predict the damage
repair cost rate, i.e. CostPerSQM, and analyse effects of
individual factors on the predicted outcome. SHAP ana-
lysis was used to enhance the interpretability of the
black box machine learning models, offering global and

local interpretability in visualised manner. Global inter-
pretability offered an overview of feature (factor) impor-
tance, while local interpretability shows the effect of a
single factor, or interaction effects between two factors.

The results would improve the antecedent disaster
repair cost modelling process by identifying factors to con-
sider when converting physical damage into monetary
losses.

Literature review

Antecedent earthquake loss assessment and
weaknesses of current approaches

Antecedent earthquake loss assessment involves com-
puting physical damage levels by considering hazard
characteristics, exposure levels and building character-
istics and then converting the damage into monetary
values termed as losses. Existing efforts to damage
assessment for buildings can either focus on comput-
ing damage and losses at the building level or com-
puting damage and losses at the individual
component level (e.g. FEMA P-58 methodology) which
could then sum up to calculate the losses at the build-
ing level. This research focuses on the building-level
loss assessment, which is considered as the traditional
and most widely used approach (Vona et al. 2018), as
opposed to component-level damage and loss assess-
ments, which involve complex procedures (Del
Vecchio et al. 2020) and require substantial expertise
based on a multidisciplinary view of structural assess-
ment (Vona et al. 2018). Ansal (2015) provided a compre-
hensive review of existing earthquake damage and loss
assessment methodologies and software solutions.
Whist, these methodologies can generate valuable infor-
mation for decision makers, number of researchers have
highlighted inaccuracies of the cost estimates developed
based on exsiting methodologies. For example, Del
Vecchio et al. (2017, 2018) evaluated FEMA P-58 method-
ology for L'Aquila Earthquake and found that the total
predicted repair costs are significantly lower than actual
observed repair costs. Bird and Bommer (2004) and
Spence et al. (2003) presented the results of a study
comparing predicted loss estimation based on the
HAZUZ methodology against observed damage of the
1999 Kocaeli Earthquake in Turkey. Spence et al. (2003)
reported a significant over prediction of damage levels
by 60-100% for two observed zones in Kocaeli.

The inaccuracies of loss assessments generated
based on existing methodologies are related to several
reasons. Firstly, generic assumptions and calculations
behind these methodologies lack consideration of
regional differences in building morphology and the



ability to account for the nature of individual building
elements and their materials, hence resulting in inaccur-
ate damage estimates (Baker et al. 2016, Cremen and
Baker 2019, Del Vecchio et al. 2020). Secondly, there are
weaknesses associated with the economic models
(termed as damage cost functions or damage cost
ratios) used to convert pre computed damage levels
into monetary losses. Damage cost functions represent
the relationship between damage levels (such as slight
damage, complete damage etc.) and a property’s (build-
ing or component) replacement cost. For example, the
Hazus MR4 loss assessment methodology assumes 2%,
10%, 44.7%, 100% of building replacement costs as
losses related to ‘Slight’, ‘Moderate’, ‘Extensive’, and
‘Complete’ damage states (respectively). Whilst these
estimates may provide reasonably accurate estimates
for large building stocks at a regional level, estimates
for individual buildings or for smaller estates could be
highly inaccurate as these functions do not consider
individual building characteristics (see Wanigarathna
et al. 2022 for more details). Finally, a number of exter-
nal factors following disasters could also contribute to
inaccurate estimates. For instance, past examples
showed evidence of significant increases in construction
cost levels in the aftermath of disaster events due to
various reasons associated with surge in demand caus-
ing shortage in labour, professional and material resour-
ces (Ruddock et al. 2010, Wedawatta et al. 2018,
Kahandawa et al. 2021, Ortiz et al. 2021). Other factors
such as additional costs incurred due to demolition and
debris disposal charges of heavily damaged buildings
(De Martino et al. 2017); increases in repair require-
ments due to damages caused by earthquake-induced
secondary hazards such as aftershocks, liquefaction
(Kahandawa et al. 2021); delays in starting repair works
for disaster related factors (Almufti and Willford 2013,
Kahandawa et al. 2021); changes to rebuilding regula-
tions following disasters (Daniell et al. 2017); and other
factors associated with positioning, work accessibility,
interactions with other buildings, and maintenance pat-
terns (Vona et al. 2018). Further research is therefore
required to advance the practice of antecedent earth-
quake loss assessments to avoid inappropriate assump-
tions being made by decision makers based on
inaccurate estimates (Hill and Rossetto 2008, De
Martino et al. 2017).

Cost modelling in construction and modelling
techniques

A model is a simplified abstract of a real system. Cost
modelling in the construction sector intends to predict
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acceptable output costs or prices for construction
works based on an established series of input data
(Seeley 1997). Construction professionals and other
stakeholders utilise a range of simple to advanced cost
modelling techniques to estimate costs or prices for con-
struction works. For example, simple approaches such as
the superficial area method, could be utilised to estimate
the cost of a simple standard building (output) by multi-
plying the gross internal floor area of the building by a
carefully established cost per area rate for the selected
type of building. However, cost modelling becomes
more complicated when the construction work is diversi-
fied, and the cost is affected by many factors (Ji et al.
2019) such as location, building morphology, building
and individual storey heights, economic conditions, pro-
curement arrangements, regulations, environmental fac-
tors (Ashworth & Perera 2015, Cunningham 2017,
Parameswaran et al. 2019).

Advanced modelling techniques are extensively
used in cost modelling to help to improve the accur-
acy of cost estimates when the cost is affected by a
large number of variables (Kim et al. 2018, Ji et al.
2019, Geekiyanage and Ramachandra 2020). These
include statistical methods (such as Regression
Analysis and Monte Carlo simulations), advanced ML
applications (such as Artificial Neural Networks — ANN
Fuzzy Neural Networks, Case-Based Reasoning (CBR),
Expert systems, Decision Tree models), and Intuitive
models. An example of using statistical methods could
be found in the work of Parameswaran et al. (2019).
They used AHP to determine the impact of location
factors on construction costs. Geekiyanage and
Ramachandra (2020) have used hedonic regression
modelling to investigate the nexus between running
costs and building characteristics of commercial build-
ings. Hashemi et al. (2020), in their recent systematic
literature review, identified the extent to ML techni-
ques are used in construction cost modelling. The
authors concluded that the ANN and RA, respectively,
are the most widely used cost modelling techniques,
and the hybrid models of ANN with fuzzy logic, CBR,
and Genetic Algorithm (GA), are the next most used
methods. Authors reported a trend in increased use in
ML applications for cost modelling over the years.
They also reported that many applications are related
to predicting building costs compared to other infra-
structure types. Applications of ANN have been con-
siderably popular around the beginning of the 21
century. As early as 1999, Li and Love (1999), in their
highly cited paper, demonstrated the benefits of ANN
and rule-based expert systems that could be used for
estimating markup for construction projects. Emsley
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et al. (2002) used ANN to analyse data from 300 build-
ing projects to develop a cost model to predict total
construction costs. Emsley et al. (2002) also found that
ANN was beneficial and reduced the prediction error
significantly due to their ability to cope with nonli-
nearity of data compared to traditional regression ana-
lysis. Using data from 177 projects, Wanous et al.
(2003) developed an ANN model to support bid or not
to bid decision for construction contractors based on
18 selected variables. In a relatively recent example,
Ahiaga-Dagbui and Smith (2014) analysed a compara-
tively large data set of data from 1600 completed
projects. Using non-parametric bootstrapping and
ensemble modelling in ANN authors developed a sig-
nificantly accurate final cost forecasting model for con-
struction projects. Applications of other advanced ML
methods were limited. For example, Fuzzy logic appli-
cations have been used in cost modelling in condi-
tions of uncertainty, and when the information and
data available are only partial or incomplete, whilst
neural networks have been used for learning and pre-
dicting the relationship between a number of inputs
(factors affecting cost) and cost outputs when the
functions are not explicit (Canesi and Marella 2017).
Rafiei and Adeli (2018) used an unsupervised deep
Boltzmann machine (DBM) learning approach to esti-
mate building construction costs using a wide range of
variables related to 372 multi story building projects.
Whilst advanced modelling methods are widely
used for cost estimation for new build construction
project decision making, their application in disaster
damage and repair cost modelling is limited. Sun et al.
(2020) reviewed applications of machine-learning
applications used in disaster damage modelling. The
authors identified the instances of using Linear regres-
sion (4 examples), nonlinear regression (3 examples),
decision tree (1 example), and Neural networks (2
examples) in evaluating loss and repair cost. However,
these early applications have limitations in their appli-
cations. Firstly, some applications have not used state-
of-the-art ML modelling techniques. For example, Kim
et al. (2016) have developed a multiple regression
model to predict the relationship between insurance
claim payout and 7 building and hazard related varia-
bles by analysing 4150 insurance claims related to a
past Hurricane event. This analysis has only used tradi-
tional statistical analysis techniques such as Multi-col-
linearity analysis, ANOVA tests for the regression
modelling. Secondly, some applications (Ferguson and
Martin 2015, Stojadinovic et al. 2017) have used ML
applications to predict damage levels and converting
them into losses were computed using other methods.

For example, Stojadinovic et al. (2017) used random
forest machine-learning algorithm to anlayse 2010
Kraljevo earthquake data to develop a repair cost
model. In this work, ML modelling was used to predict
the damage level and repair cost was subsequently
added based on expert opinion. In other words their
focus has not necessarily been repair cost modelling.
Previously, Kousky and Michel-Kerjan (2017) used
regression analysis to analyse 1 million flood claims to
unpick the nature and drivers of flood claims. Polese
et al. (2015) used regression analysis and Montecarlo
simulation to analyse L'Aquila earthquake data to
explore the relationship between performance loss
and repair costs, not necessarily to model the repair
cost. Therefore, to the best of authors knowledge, so
far, state-of-the-art ML techniques have not been uti-
lised for earthquake damage repair cost prediction.

Comparison of traditional prediction models and
machine learning models

The difference between machine learning models and
traditional prediction models lies primarily in their
approach to learning and making predictions. Firstly,
traditional prediction models are based on predefined
rules or algorithms to make predictions and do not
adapt or learn from data. Machine learning models
iteratively learn patterns and relationships directly
from data and improve performance over time.
Machine learning models can detect complex patterns
and make predictions in situations where traditional
models may struggle (Xie et al. 2020). Secondly, tradi-
tional models often require human experts to manu-
ally identify and define features or variables that are
relevant to the prediction task. Machine learning mod-
els can automatically discover and learn relevant
features from raw data. They can handle high-dimen-
sional and complex data and can often identify subtle
patterns that may not be apparent to human experts
(Kong et al. 2019). Finally, traditional models struggle
in complex, high-dimensional data environments or in
situations where relationships are non-linear or diffi-
cult to model (Lu et al. 2015). Machine learning mod-
els are capable of capturing complex, non-linear
relationships in data and can adapt to changing pat-
terns over time (Liu et al. 2019). Compared to tradi-
tional models, they often achieve better performance
and generalisation on unseen data, especially in large-
scale or high-dimensional datasets (Shirzadi et al.
2017, Wang et al. 2023).

The innovation of using machine learning models
in earthquake engineering lies in its ability to provide



accurate and data-driven predictions quickly and effi-
ciently. Machine learning applications in earthquake
engineering have been categorised into four topic
areas (Xie et al. 2020), including: (1) seismic hazard
analysis, (2) system identification and damage detec-
tion, (3) seismic fragility assessment (Tocchi et al.
2023), and (4) structural control for earthquake mitiga-
tion (Kameshwar et al. 2020). The intersection of
machine learning and earthquake engineering is an
emerging field with growing dynamism, offering
opportunities for impactful research. This study dem-
onstrates the application of machine learning algo-
rithms in estimating post-earthquake repair costs,
based on a wide range of relevant factors, such as the
extent of damage, building characteristics, geograph-
ical location, and local construction costs. As the next
generation of spatiotemporal data emerges, character-
ised by large scalability, high dimensionality, nonli-
nearity and heterogeneousness, advanced machine
learning models such as reinforcement learning and
deep learning (Kong et al. 2020), are being developed.
These models enable scalability and redeployment of
machine learning models to handle large-scale disaster
scenarios, providing timely and reliable estimates of
repair costs for a wide range of buildings (Xie et al.
2020).

Suitability of advanced ML approaches to predict
disaster impacts using secondary data

Advanced ML applications are increasingly being used
to predict earthquake impacts based on secondary
data sources. Whilst traditional ML methods have sev-
eral limitations related to learning from the raw data,
Linardos et al. (2022) provide a review of advanced
ML and Deep Learning techniques used very recently
(since 2017) in all phases of disaster management
across a range of disasters. Authors claimed analysing
big datasets and crowdsourcing could improve the
efficiency and accuracy of laborious modelling by
human. Lin et al. (2020) have demonstrated how ML
techniques and big data sources could be used in esti-
mating relief supplies demand for urban flood disas-
ters. By utilising high-level data about 211 destructive
earthquakes in mainland China from 2001 to 2019,
Chen and Zhang (2022) demonstrated how automated
machine learning can identify best-performing model-
ling techniques and generate a model to perform cas-
ualty rate and economic loss from earthquakes. Zhao
et al. (2024) demonstrated how macro economic
losses could be modelled using advanced machine
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learning techniques of Support Vector Machines (SVM)
and Extreme Gradient Boosting (XGBoost) with the
intention of providing stakeholders with timely and
accurate insights for risk mitigation. Iglesias et al.
(2024) showed how ML could be used as a low-cost
computing method to accurately predict disaster inci-
dents at the municipality level using existing second-
ary data. Utilising secondary data, Tocci et al (2023)
used decision tree based ML approach to predict the
usability of buildings following an earthquake event.
The authors claimed their approach was able to
incorporate traditionally neglected uncertainty of sub-
jective decisions. ML based usability data were subse-
quently converted to usability related economic losses
using non ML approaches. Overall, these latest
research shows the ability of advanced ML approaches
to utilise secondary data and improve disaster pre-
paredness activities by predicting different types of
impacts. The repair cost to buildings following earth-
quakes remains an unexplored research area and a
similar approach could be taken to provide accurate
antecedent loss assessment models using secondary
data.

Materials and methods

This research used a cost database for repairing resi-
dential buildings damaged by the Emilia Romagna
earthquake in Italy. The Italian region of Emilia
Romagna was hit with a 5.9Mw earthquake in May
2012. After the earthquake and damage to the build-
ings, separate restoration programmes were set up for
different types of buildings, such as residential build-
ings, production buildings and infrastructures. This
research analysed reconstruction costs to residential
buildings obtained from the MUDE. The MUDE
(Unique Digital Building Model) was a specifically
deployed IT solution to manage applications for fund-
ing for the reconstruction of residential buildings dam-
aged by the earthquake. Government funds and
charitable donations were used to fund repairs to the
damaged buildings. Owners of the damaged buildings
made applications to request funding for their dam-
aged buildings via MUDE. The deadline for making
applications was December 2017. The research pre-
sented in this paper used an exported copy of the
MUDE data on request in 2016 while the applications
were still in progress. Additional data was accessed
later when it was made publicly available via the
Open portal (https://openricostruzione.regione.emilia-
romagna.it/ricostruzione-privata).
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Table 1. Example of the original dataset.

ID AMOUNT-ASSIGNED PRACTICAL-STATUS HOUSE NUMBER AREA INSTRUCTION-DAYS CostPerSQM
M5784 75103.00 DECRETI CONCESSIONE BAGNOLO IN PIANO 441 360.12
M3009 12332.00 DECRETI CONCESSIONE 25 CAMPAGNOLA EMILIA 43 62.2
M4812 13245.00 DECRETI CONCESSIONE 55 CAMPAGNOLA EMILIA 35 53.57

Exploratory data analysis

The first step in data analysis is exploring and summa-
rising the main characteristics of the dataset, to iden-
tify missing data, outliers and trends. An example of
the original dataset is given in Table 1. The variables
in the dataset are distinguished as categorical and
numerical variables. The exploratory data analysis
revealed the following information:

e There are 7999 rows and 34 columns in the raw
dataset.

e Each row represents a specific building that was
damaged in the earthquake and required
construction.

e CostPerSQM (total repair cost/total floor area) was
added to the dataset as a new variable by the
authors as the dependent variable that aim to
understand and predict.

e CONSTRUCTION REQUEST-YEAR has been added to
the original dataset by the authors to reduce the
number of values associated with the variable
CONSTRUCTION REQUEST-DATE to a create a man-
ageable independent variable.

e 35 columns representing independent variables,
included 19 categorical and 16 numerical variables.

e Seven variables contained missing data, including
Intervention Description, Construction State, House
Number, Introduction Days, Intervention Type,
Concession Date, and Intervention Cost

The original data was in ltalian language. They
were translated into English. Short names were used
for the column names/variable names as handling
long names could cause errors during modelling. The
Table 2 explains the meanings of these variables.

Since the original dataset contains missing data and
some features may carry repeated information, data pre-
processing was performed to improve the quality of the
data before feeding them to the ML models. Data pre-
processing removed 12 variables that do not add value
to the dependent variable CostPerSQM. For example, ID
and CUP numbers are high cardinality features under
which each building is assigned a unique ID number.
Some variables contain similar or repeated information,
for example, INTERVENTION-DESCRIPTION and categor-
ised INTERVENTION TYPE. INTERVENTION TYPE was kept

while INTERVENTION-DESCRIPTION was dropped. Unique
building attributes, such as ADDRESS, HOUSE NUMBER,
CONCESSION-DATE, ADVANCE-PERCENTAGE, and
CONTRIBUTION-REQUEST-DATE, were also removed, as
these features are also high cardinality features, making
it difficult for ML models to identify patterns or causal
relationships between features and dependent variable.
This paper intended to explore the causal relationships
between building related features and the costs
required or assigned to repair or restore or reconstruct
the damaged buildings. The costs data include
AMOUNT ASSIGNED, AMOUNT PAID, INTERVENTION
COST, and CostPerSQM. Given that the reconstruction
budget assigned, and the costs incurred vary with the
floor area, the damage level, and many other features
of the damaged buildings, the average cost per floor
area, i.e. CostPerSQM, was chosen as the target variable,
and examine how various building features impact this
metric.

After eliminating the 13 features a total of 22 fea-
tures were kept, including 8 categorical features and
14 numerical features (see Table 3). The rows that
have missing values were dropeed from the analysis,
and the raw dataset was decreased from 7999 rows to
6025 rows.

Characteristics of the target variable

The univariate distribution and box plot are depicted
in Figure 1, to illustrate the density of the underlying
distribution and the quartile groups of the dependent
variable CostPerSQM. The average CostPerSQM of a
building reconstruction is 938.83. According to
Figure 1, the distribution is highly skewed and there
are many outliers outside 1.5 times the interquartile
range above the upper quartile (Q3 + 1.5*IQR).

Characteristics of categorical variables

Bar plots were depicted (see Appendixes) to help us
understand the labels frequency for each single cat-
egorical variable. Most of buildings’ PRACTICAL-
STATUS is Decreti Concessine (Concession by Decree),
and CONSTRUCTION-STATE is Cantiere Completato
(Construction Complete). The variable AREA (the geo-
graphical area where the building is located) has a
high number of labels. Mirandona area appears to



CONSTRUCTION MANAGEMENT AND ECONOMICS . 7

Table 2. Details of the dataset translated into the English language.

Description

These are unique identification/reference numbers given to individual cases (applications) by the

A summary of the nature of damage and repair work needed to reinstate the building.
The amount approved by the local authority. This will be the total amount that will be paid to the

Within the original database, this value is regularly updated based on stage payments made to the
claimant. At the date of downloading the dataset, this is a snap value of the total amount paid

Name of the Builder undertaking the repair and reconstruction work.

Name of the designer undertaking the design and supervision of repair and reconstruction work.

Initial payment % made to the applicant to start the repair work.

This is a category created by the authors to identify the year of the claim based on the information
on the date of the claim/contribution request date from variable 13.
This was the original cost of an intervention applied for funding before they were assessed and

Denotes the financing method for the repair works. Associated with two labels: Request In
Preliminary Investigation; paid via the Concession decree.
The status of construction progress. Associated with two labels: Construction Complete, Construction

The geographical area where the building is located. The area is categorised based on the Commune

This is a variable created by the authors to categorise the description of the work into a range of
work categories: Repair and restoration, Repair and restoration with Seismic improvements, Repair,
restoration and partial demolition and rebuilding, Demolition and rebuilding, Demolition and
rebuilding with seismic improvement, purchase a new property.

A category assigned by the building inspectors following the earthquake as to the damage level.

B/C minor damage; EO- Light Damage; E1/E2/E3 - Heavy damage

A category assigned by the building inspectors following the earthquake as to the operational level.
Operational levels B-C and EO are used for buildings with low damage and not needing immediate
repair. Operational levels E1 and E2 indicate heavy building damage and need for repair before
being housed. Operational level E3 is used for buildings so heavily damaged and needing

Number of days since the instruction to go ahead with the work.
Number of days since the start of the construction or repair work.

Number of units within the building used for production purposes
Number of units within the building used for Trade purposes

Number of units within the building used for storage purposes

Total floor area related to non-housing units measured in m2. This is a variable created by adding
floor areas related to non-housing units recorded in 5 consecutive columns.

Variable title
1 ID
2 Ccup system.
3 INTERVENTION-DESCRIPTION
4 AMOUNT-ASSIGNED
applicant in intervals based on the progression.
5 AMOUNT-PAID
towards an applicant.
6 ADDRESS Address of the damaged building
7 HOUSE NUMBER House number of the damaged building
8 BUILDER
9 BUILDER-ID The registered ID of the Builder.
10 DESIGNER
1 DESIGNER-ID The registered ID of the Designer.
12 CONCESSION-DATE Date of application for funding
13 ADVANCE-PERCENTAGE
14 CONTRIBUTION-REQUEST-DATE Date of the application for funding.
15 CONSTRUCTION REQUEST-YEAR
16 INTERVENTION-COST
agreed on the assigned amount as in variable 3 above.
17 PRACTICAL-STATUS
18 CONSTRUCTION-STATE
in progress
19 AREA
categorisation for administration in Italy.
20 INTERVENTION-TYPE
21 DAMAGE-LEVEL
22 OPERATIONAL-LEVEL
demolition and rebuilding.
23 INSTRUCTION-DAYS
24 CONSTRUCTION-DAYS
25 NO-OF-HABITANTS Number of people living in the building.
26 HOUSING-UNITS Number of housing units/flats within the building
27 NON-PRINCIPAL(UNITS), Number of units used for purposes other than housing.
29 PRODUCTION (UNITS)
30 TRADE (UNITS)
31 OFFICE (UNITS), Number of units within the building used as offices
32 STORAGE(UNITS),
33 HOUSING_AREA Total floor area related to housing units in m2
34 NON-HOUSING-AREA
35 TOTAL-FLOOR-AREA Total floor area of the building (m2)
36 CostPerSQM

This is the computed target variable. The total cost of the work/Total floor area (the value of the
variable 3/ the value of the variable 32)

have the highest density of damaged buildings in the
region. Most buildings require Repair and restoration,
or repair and restoration with seismic improvement, or
full/partial demolition and rebuilding. Most buildings
are paid by Dretta and have a damage level of B/C.

Characteristics of numerical variables

The density distributions of numerical variables are pre-
sented in Figure 2. Except for BUILDER-ID, and
DESIGNER-ID, the other numerical variables have right-
skewed distributions. Data skewness degrades statistics

models’ (particularly distance-based models) ability to
describe typical cases, as skewed regions may act as out-
liers and be handled as rare cases. Therefore, skewed
numerical data tends to be transformed to approximate
to a normal distribution, to ensure the prediction ability
and accuracy of distance-based regression models, such
as Linear Regression and Polynomial Regression. Since
tree-based models are rule-based algorithms that do not
make decisions based on distance, they are more robust
enough to handle outliers (Lodhia et al. 2017). Hence
decision tree ML models do not require data transform-
ation to reduce skewness.
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Table 3. Data pre-processing and feature selection.

Dataset handling Removed features

Kept features

Pre-processing

DATE, ADVANCE-PERCENTAGE,
CONTRIBUTION-REQUEST-DATE,
INTERVENTION-COST (13 features)

ID, CUP, INTERVENTION-DESCRIPTION, AMOUNT-
ASSIGNED, AMOUNT-PAID, ADDRESS, HOUSE
NUMBER, BUILDER, DESIGNER, CONCESSION-

Categorical features: PRACTICAL-STATUS,
CONSTRUCTION-STATE, AREA, INTERVENTION-
TYPE, PAYER, OPERATIONAL-LEVEL, DAMAGE-
LEVEL, CONSTRUCTION REQUEST-YEAR
(8 features)

Numerical features: INSTRUCTION-DAYS,
CONSTRUCTION-DAYS, BUILDER-ID, DESIGNER-
ID, NO-OF-HABITANTS, HOUSING-UNITS,
NON-PRINCIPAL(UNITS), PRODUCTION (UNITS),
TRADE (UNITS), OFFICE (UNITS),
STORAGE(UNITS), HOUSINGAREA,
NON-HOUSING-AREA, TOTAL-FLOOR-AREA
(14 features)

Table 4. Feature selection for the final model.

Dataset handling Removed features

Kept features

Feature selection
During modelling

PRACTICAL-STATUS, INTERVENTION-TYPE, PAYER,
BUILDER-ID, DESIGNER-ID, NO-OF-HABITANTS,
HOUSING-UNITS, TRADE UNITS, STORAGE
UNITS, HOUSING AREA (10 features)

Categorical features: CONSTRUCTION-STATE,
OPERATIONAL-LEVEL, DAMAGE-LEVEL,
(GEOGRAPHICAL)AREA, CONSTRUCTION
REQUEST-YEAR (5 features)

Numerical features: INSTRUCTION-DAYS,
CONSTRUCTION-DAYS, NON-PRINCIPAL UNITS,
PRODUCTION UNITS, OFFICE UNITS, NON-
HOUSING-AREA, TOTAL-FLOOR-AREA (7
features)

Feature selection for ML models

Having explored the characteristics of the dataset, the
next step was to select a set of relevant features to
build ML models and predict the target variable
CostPerSQM. Feature selection is important and neces-
sary in such a way that it reduces model complexity,
overfitting, and computing power to train ML models.
Removing noisy features and keeping only relevant
features also enhances model interpretability.

Given that predicting CostPerSQM is a regression
problem, It was lgical to examine the relationships
between features and the target variable using two
linear regression models. The first regression model is
F_regression which runs univariate linear regression
tests between each feature (regressor) and the target
variable (CostPerSQM) and returns ANOVA F-statistic
and p-values. Features (regressors) were ranked in the
order of p-values, and the highest-ranked features
were selected. The second model is RIDGE regularisa-
tion (see Hastie 2020) which solves a regression model
where the loss function is the linear least square func-
tion, and regularisation is given by the L2-norm. This
model is useful in mitigating the multicollinearity
issues in linear regression.

A ranking of features determined by the above two
models is depicted in Figure 3. The blue features are
the features selected by both models, and the orange
ones are chosen by F_regression only, whereas the
green features were selected by RIDGE regularisation.

Last 10 features in the graph above (PRACTICAL-
STATUS, INTERVENTION-TYPE, PAYER, BUILDER-ID,
DESIGNER-ID,  NO-OF-HABITANTS, HOUSING-UNITS,
TRADE, STORAGE, HOUSINGAREA) not selected by any
model was therefore removed from ML.

Machine learning models

Compared with traditional time series or regression-
based prediction models, machine learning models
have the ability to provide accurate and data driven
predictions efficiently, even when historical data are
severely skewed and do not follow normal distribu-
tion. Depending on the learning approach and the
nature of the task, machine learning models can be
broadly categorised into two main types, including
supervised learning models and unsupervised learning
models (Kong et al. 2019). Supervised learning models
learn from labelled data, while unsupervised model
learns from unlabelled data. Based on the characteris-
tics of the data and the outcome variable to be pre-
dicted, supervised learning can be further classified
into regression models and classification models.
Regression models predict continuous numerical val-
ues, while classification models predict discrete cat-
egorical classes. In this study, the predicted variable
CostPerSQM is a continuous numerical value and his-
torical labelled data are available, hence, supervised
regression models were developed.
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Figure 1. Distribution and box plot of the dependent variable CostPerSQM.
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Figure 2. Kernel density estimations of the numerical variables.

There are several types of supervised regression
models, each with its own characteristics and suitabil-
ity for different types of data and tasks. Some com-
mon types of supervised regression models include
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Linear Regression, Polynomial Regression, Support

Vector Regression (SVR), Decision Tree Regression,
Random Forest Regression and Gradient Boosting
Regression. Decision Tree based models consistently
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CONSTRUCTION REQUEST-YEAR
OPERATIONAL-LEVEL
NON-PRINCIPAL
CONSTRUCTION-STATE
DAMAGE-LEVEL
NONHOUSINGAREA
OFFICE
PRODUCTION
TOTALFLOORAREA +
CONSTRUCTION-DAYS
INSTRUCTION_DAYS
AREA
PAYER A
INTERVENTION-TYPE A
DESIGNER-ID -
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features

STORAGE 4| M F_regression
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PRACTICAL-STATUS -
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Figure 3. Feature selection by F_regression and RIDGE regularization.

outperform traditional regression models on tabular-
style datasets, where features are individually mean-
ingful and lack strong multiscale temporal or spatial
structures (Chen and Guestrin 2016, Lundberg et al.
2019). Given that the dataset in this study comprises
tabular-style data, tree-based models were considered
appropriate for making predictions. Random Forest, a
bagging ensemble decision tree model introduced by
Breiman (1996), targets variance reduction. In contrast,
Gradient Boosting Regression, a boosting ensemble
decision tree model proposed by Friedman (2001),
sequentially trains models using residuals, mitigating
both variance and bias.

Following the feature selection and feature engin-
eering, machine learning based regression models
were developed following these steps:

1. Features chosen by F_regression and RIDGE, as
shown in Figure 3, were used for the design, train-
ing, cross-validation and test of different machine
learning-based regression algorithm models.

2. The dataset with selected features were split into
training and test data (75:25 ratio of the original
dataset). A 5-fold cross validation was performed
in combination with grid search to improve and
validate the performance of each machine learn-
ing model by tuning the model hyperparameters.
Machine learning models with the tuned hyper-
parameters were used to predict the targe vari-
able CostPerSQM.

3. In total six machine learning models were devel-
oped to predict CostPerSQM (Alpaydin 2020,
Trinchero and Canavero 2021), including three dis-
tance-based regression models (Linear Regression,

0.75 1.00 1.25 1.50 1 7 4 2.00
selection

Poloyomial Regression, Support Vector

Regression), a Decision Tree Regression model

and two Ensemble regression models (Random

Forest Regression and Gradient Boosting

Regression).

e Linear Regression: it assumes a linear relation-
ship between the independent viable x and
the dependent variable y.

e Polynomial  Regression: the relationship
between the independent variable x and the
dependent variable y is modelled as an n'
degree polynomial in x.

e Support Vector Regression: it extends the
Support Vector Machines, a nonparametric
technique utilising kernel functions. Its object-
ive is to fit as many instances as possible
within a margin of tolerance, while constrain-
ing margin violations.

e Decision Tree Regression: it models complex
nonlinear relationship between the independ-
ent variables x and the target variable y in a
tree-like structure where each internal node
represents a decision based on value of x and
each leaf node represented the predicted value
for y. Decision tree regression recursively parti-
tions the data into subsets based on the values
of the independent variable x, aiming to min-
imise variance or another specified criterion,
and makes predictions by traversing the tree
from the root to the appropriate leaf node.

e Random Forest Regression: it is an ensemble
technique that builds multiple decision trees
using subsets of the original dataset with
replacement. The predictions of multiple



decision trees are averaged to reduce overfit-
ting and improve generalisation.

e Gradient Boosting Regression: it works by
building a series of weak decision tree models
sequentially where each model tries to correct
the errors of the previous model. Gradient
boosting regression minimizes a loss function
by iteratively fitting new models to the resid-
uals of the previous predictions, gradually
improving the overall predictive accuracy.

4, Transformation was applied to reduce the skew-
ness and normalise the skewed numerical data
before inputting them into the three distance-
based regression models. Depending on values of
numerical data, Square root, Box Cox Transformation,
Log Transformation or Reciprocal Transformation
could be applied.

5. The performances of the machine learning models
were evaluated using appropriate metrics, to
gauge how well the models predict the target
variable CostPerSQM. Since CostPerSQM is a single
variable predicted using regression models, two
commonly used evaluation metrics are:

i. Coefficient of Determination (R%): it measures
the proportion of the variance in the depend-
ent variable that is predictable from the inde-
pendent variable(s).

g X =5

S i _Y)z

where y; is the observed value and y; is predicted
value;

y is the mean of the observed data;

n is the number of observed (actual) values.

ii. Root Mean Squared Error (RMSE): it measures
the average difference between predicted val-
ues and the actual values. It gives a sense of
how wrong the predictions are on average.

1 n ~\2
RMSE = 4/ EZH (vi —¥i) (2)

Machine learning interpretability

(1

Sophisticated ML algorithms usually can produce
accurate predictions, but their “black box” nature hin-
ders the adoption of the ML model (Hassija et al.
2023). To address the limitations and challenges of
interpreting traditional machine models, a wide variety
of advanced model interpretation techniques were
developed by researchers. Model-agnostic (Ribeiro
et al. 2016) interpretation technique has been widely
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used to explain feature importance in ML models.
Feature importance indicates the amount of
‘importance’ of each feature using a single value. The
single value represents the influence on the loss func-
tion (such as Gini impurity, Log Loss) by the presence
of the feature. In ML models, there are different ways
of ranking feature importance (Bommert et al. 2020,
Effrosynidis and Arampatzis 2021), including:

i. Decision tree-based feature importance can be
measured as:

a. Coverage - the number of times a feature is
used to split the data across all trees,
weighted by the probability of reaching that
node. The node probability can be calculated
as the number of samples that reach the node,
divided by the total number of samples.

b. Gain - the average training loss reduction
(such as Gini impurity, Logloss, variance) or
information gained when using a feature for
splitting the data across the tree.

ii. Permutation importance: Permutation importance
is defined to be the decrease in a model score
when a single feature value is randomly per-
muted (Breiman 2001). This technique breaks the
relationship between the feature and the target;
it reflects how important a feature is for a particular
model rather than the intrinsic predictive value of a
feature. This technique a model-agnostic approach
and can be calculated many times with different
permutations of the feature.

iii. SHAP (SHapley Additive exPlanations) values
interpret machine learning models based on
aggregations of Shapley values (Lundberg and
Lee 2017). Shapley value is the average marginal
contribution of a feature value from coalitional
game theory, and it tells us how to fairly distrib-
ute the model prediction among the features (or
determinant factors) (Shapley 1953). SHAP is also
a model-agnostic method. The core idea behind
SHAP is to calculate contributions made by each
feature a model’s output, namely the predicted
CostPerSQM in this research, using cooperative
game theory. The contributions made by each
feature is computed as the SHAP value.

SHAP proved to be a good feature attribution
method that is consistent and accurate (Lundberg and
Lee 2017). Consistency means the attributed impor-
tance of a feature should not decrease/increase as a
result of changing another feature that relies more/
less on that feature. Accuracy requires the sum of all
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the feature importance adds up to the total impor-
tance of the model (the importance of the model can
be measured as the probabilities belonging to classes,
or Log odds for classification problem, or R?> for
regression problem).

Results

Prediction performances of ML-based regression
models

To compare the prediction performances of the
machine learning models, three sets of experiments
were conducted by feeding different sets of features
into the machine learning models.

1. In the first experiment, five features that were rec-
ommended by both feature selection methods were
selected. They were CONSTRUCTION REQUEST-
YEAR, OPERATIONAL-LEVEL, NON-PRINCIAL UNITS,
CONSTRUCTION-STATE, AND DAMAGE-LEVEL. Since
all the features are categorical variables, data trans-
formation was not required.

2. In the second experiment, three more numerical
features, namely, NON-HOUSING-AREA, OFFICE
UNITS and PRODUCTION UNITS were added.
These features contained zero values. Hence, Box
Cox Transformation, Log Transformation or
Reciprocal Transformation could not be used.
Square root was applied to reduce skewness in
these variables before they were fed into the
three distance-based models.

3. In the third experiment, all the features selected
by F_regression and RIDGE were input to the ML
models, which means the additional four features
were added to the models built in the second
experiment, including TOTAL-FLOOR-AREA,
CONSTRUCTION-DAYS, INSTRUCTION-DAYS and
(GEOGRAPHICAL) AREA. Square root transform-
ation was also applied to these variables before
they were input to the distance-based regression
models to reduce the skewness.

The results show that performances of distance-
based regression models worsen after square root
transformation was applied, although the skewness of
individual numerical variables is reduced. Therefore, as
the next step the distance-based regression models
was re-run by removing the transformation of the
numerical variables and presented the results in
Table 5. Table 5 compares the performances achieved
by the six regression models in the three experiments,
using the metrics of Root Mean Squared Error (RMSE)

and R squared Score (R?: It is apparent that additional
input features in Experiments 2 and 3 improve the
prediction performances of all the regression ML mod-
els except for the Polynomial Regression model.
Therefore, the Polynomial Regression model is deemed
unsuitable for the prediction. Among the other five
regression models, Gradient Boosting Regression out-
performs other models in terms of both RMSE and R2.
This is the case in every experiment. The Gradient
Boosting Regression model explains 76% of the vari-
ance of the target variable CostPerSQM, and the RMSE
value is 465.38.

Gradient boosting regression modelling

Gradient Boosting Regression Modelling, was used to
plot the predicted target variable CostPerSQM against
the actual value in Figure 4. It is observed that most
of the predicted values are close to the regressed
diagonal line, having a relatively good fit. The biggest
residual error on the test data, i.e. residual =actual
test data - predicted test data, was over 3,000. Most
of the residual errors lie between —1000 and 1000.

Interpretability using SHAP summary plots

The following section, explored the importance of fea-
tures in making the prediction and quantified their
contributions to the prediction using the SHAP
(SHapley Additive exPlanations) analysis. SHAP analysis
reduces the limitations associated with black boxes of
ML models by revealing the main independent varia-
bles that affect the dependent variable of a model
(Grootendorst 2019). SHAP analysis produces a SHAP
summary plot and SHAP dependence plots.

SHAP summary plot results

SHAP summary plots combine feature importance
with feature effects. It displays the magnitude, preva-
lence and direction of a feature’s effect. The SHAP
summary plot in Figure 5 sorts features for the target
variable CostPerSQM by the sum of SHAP magnitudes
(absolute of SHAP values) over all samples. The posi-
tion on the y-axis is determined by the feature impor-
tance and the dot’s position on the X-axis shows that
impact that feature has on the model's prediction.
Each point on a SHAP plot is one SHAP value for a
prediction and feature. The colour of the dot repre-
sents the value of that feature from low to high. Red
colour indicates a higher value of a feature, whilst
Blue colour indicates a lower value of a feature.
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1 experiment 2" experiment 3" experiment
ML models RMSE R RMSE R RMSE R?
Linear regression 581.00 0.64 571.59 0.65 569.44 0.66
Polynomial regression 565.29 (n=4) 0.66 769.69 (n=2) 0.37 871.84 (n=2) 0.20
Support vector regression 589.50 0.63 578.57 0.65 577.05 0.65
Decision tree regression 551.40 0.68 578.45 0.65 578.45 0.65
Random forest regression 548.46 0.68 525.36 0.71 493.06 0.74
Gradient booting regression 538.22 0.69 504.62 0.73 475.58 0.76
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Figure 4. Predict value vs True value and Predicted value vs Residuals.

In SHAP summary plots, the high value comes from
the red colour in the vertical Y-axis, and the high
probability is shown as the SHAP value on the hori-
zontal X-axis. A few observations can be made based
on the plot in Figure 5 related to feature importance,
impact and correlation.

Feature importance ranking

OPERATIONAL-LEVEL, DAMAGE-LEVEL and NON-
HOUSING-AREA are the top 3 important features when
predicting CostPerSQM as they scored the highest fea-
ture values. These results partially tally with previous
research where Damage levels to a building and the
resulting operational level are used as the main pre-
dictors of resultant repair costs. All widely used simpli-
fied damage cost functions (such as EMS 98 damage
scales applied to European buildings, and the Hazus
MR4 loss assessment methodology) use damage level
to convert physical damage to direct loss construed as
the total repair costs (see Wanigarathna et al. 2022 for
further details). However, the non-housing area (areas
within a residential building that are used for pur-
poses other than housing, e.g. small shops) has never
been identified as one of the most important features
related to damage repair cost prediction.

Impact and correlation

The plot in Figure 5 also reveals the direction of the
effects and hence provides useful insights related to
the impact and correlation of individual features. For

example, a lower value of OPERATIONAL-LEVEL is asso-
ciated with a lower SHAP value, which implies certain
OPERATIONAL-LEVELs can lower the predicted value of
CostPerSQM. Higher DAMAGE-LEVELs or lower TOTAL-
FLOOR-AREA are associated with higher CostPerSQM.
Larger values of NON_HOUSING_AREA also decrease
the CostPerSQM.

SHAP dependence plots results

A SHAP dependence plot is a scatter plot that shows
the effect of a single feature on the predictions made
by the model. The plots in Figure 6 show the SHAP
feature dependence for each feature on CostPerSQM.
These plots automatically include another feature that
the chosen feature interacts most with and show the
interaction effects.

These results confirm our understanding of certain
features and their impact on building repair cost rates.
Firstly, a clear interaction effect with OPERATIONAL-
LEVEL is visible, where higher values of OPERATIONAL-
LEVEL further increase the prediction of CostPerSQM
6(b). This observation is in line with our intuition, since
higher OPERATIONAL-LEVEL indicates more severe
damages, hence requiring higher repairing costs. This
could be explained by the economies of scale and
shared non-work related preliminaries costs (Ashworth
and Perera 2015). Secondly, the plot in Figure 6(j)
shows there is an approximately linear and positive
trend between CONSTRUCTION-DAYS and the target
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Figure 5. SHAP summary plot of the Gradient Boosting Regression model.
variable CostPerSQM, interacting with CONSTRUCTION- CONSTRUCTION DAYS is the feature that

STATE. This suggests that the CostPerSQM increases
with the number of CONSTRUCTION DAYS. This could
be explained by the higher construction durations
associated with complex repair projects requiring spe-
cialist repair works and the resultant increase in non-
work related preliminaries as the duration increases.
Results in plot 6(c) also support this explanation par-
tially. CONSTRUCTION STATE of 0 (Construction
Completed) decreases the prediction of the target
variable when CONSTRUCTION-DAYS are less than 500
days, but it increases the prediction when
CONSTRUCTION-DAYS are more than 500 days.

SHAP dependence plots also provide useful
insights related to the impact of previously unre-
searched features on building damage repair cost
rates. The plot in Figure 6(a) shows the prediction of
CostPerSQM increases with the CONSTRUCTION
REQUEST YEAR. This was not identified in the previ-
ous literature. This could be associated with the
increased timing required to assess and design large
and complex repair jobs, causing funding applica-
tions for such jobs to be late. Plot 6(k) showing the
SHAP interaction value of INSTRUCTION-DAYS versus
CONSTRUCTION-DAYS also supports this explan-
ation. It shows that the impact of INSTRUCTION
-DAYS on the prediction of the target variable
remains almost the same when INSTRUCTION -DAYS
are less than 600 days.

CONSTRUCTION REQUEST YEAR interacts most with.
The impacts of CONSTRUCTION REQUEST YEAR change
with the value of CONSTRUCTION DAYS, but without
following an obvious trend.

Figure 6(f) shows a negative relationship between
NON-HOUSING-AREA and the target \variable
CostPerSQM, indicating that higher values of NON-
HOUSING-AREA decrease the prediction of CostPerSQM.
This observation, not previously identified in the literature,
is also evident in the SHAP summary plot in Figure 5. It
could be associated with non-typical elements within other
units, such as offices or production units requiring non-
standard repairs. An interaction effect with
OPERATIONAL-LEVEL is evident, where higher values of
OPERATIONAL-LEVEL reduce the repair cost CostPerSQM
by greater values if the non-housing area exceeds 100
square meters. This could be explained as: in cases of
more severe damage, a higher OPERATIONAL LEVEL was
assigned by building inspectors for repair, and it tends to
incur significantly higher repair costs compared to those
assigned a lower OPERATIONAL LEVEL. By leveraging
economies of scale achieved in larger non-housing areas,
where project bundling is implemented and non-work
related preliminary costs are shared (Ashworth and
Perera 2015), a greater reduction in CostPerSQM
(absolute value of reduction) can be achieved when
compared to buildings assigned a lower OPERATIONAL
LEVEL. For example, when OPERATIONAL_LEVEL = 0,



CONSTRUCTION MANAGEMENT AND ECONOMICS 15

VIUVONISNOHNON VIUVONISNOHNON
g 8 8 8 g g 8 8
F o 9§ F = ;i & 8 5 2
. i 2
3
]
0
-
R
. e
=
{
o
g e
- RS _ N
s = Ve
EE b NRS
ag 2
El ng
S S o
5~ 2 - ote
il .
“ )
3
- . s
S S o g
g = P2 5} d 2 3 3 8 8 2. ;
IVdIONIYd-NON NOILDNAOYd
10} anjeA dVHS 104 3n[eA dVHS
SAVA-NOILONYLSNOD V3IUVONISNOHNON SAVA-NOILONYLSNOD
o [=3 (=3 =3 o 8
§ 8 8§ 8 &8 § 8 8 8 o = 8 8§ § 8
. ¢ oo e S C o I8 g
n s s
] o
8
: 2
g 3 e 5]
w °
] . . 8
2 0 B 2
o -5
& i & o .83
2 G = N 2 ‘ 5
> 5 g5
< 8z
SE 0 £
2 [%)
3 "
o] o =
~ . ial
8 5 i B
; - ¢ R
L % 2 - . 4 . . ..
. .le sl °
g 8 8 8 ° 8 8 2 2 2 8 2 8 g © g 8 8 8 8 ° 8 8
L I - n p=3 n P=1 n S ) w < Ld ~ - - ~
I m M ~ ~ - - _ 1 l
31V1S-NOILONYLSNOD 301440 SAVQ NOLLONYLSNI
40§ 3NjeA dVHS Joj anjeA dvHS J0j 3njeA dv¥HS
VIUVONISNOHNON 13A3TIVNOILVYIJO 31V1S-NOLLONYLSNOD =
=3 o o =] o o~ < © © o o 0 o o
<3 3 S S & < = ~ =] S — =] ] =
A " el
IS]
L
. ° =
— 2 " 2 ®
8 >
a = s R
= " 8 S
a
I —, 2 ° P g
= S« nx 2
W [uw S R
n D 4 a ]
~Y £ < =
. o . 8 ©
S z 89 —
= S g 5 = “E L
o - 2 2 = o v = 1} —
= o =3=] b |
E R0 x =
= . I E —
=) § . z 1%
w o z L
o = ) =
© S0 ‘T
- & g = B
-] =
°
I
S
S
R S o . ° ° §
P S 2 o S s S S < S & & o o o o
g B § B g 8 8 § & g 8 § 8 8 8 g 8 v
Ll -
13AITIVNOLLYYIO VIUVONISNOHNON SAVG-NOILONYLSNOD >
10§ aNjeA dVHS 10§ an[eA dVHS 10} 3N[BA dVHS g—
SAVA-NOLLONYLSNOD VIYVONISNOHNON T3AITIVNOILYYIJO ]
8 s ° s o g 2 2 2 = P S 3 a g <
S H 2 s ] g 3 ] = o ke
©
& "
. 2 - — 8 - 5
8 w—
g | n
- -
o oz yeie imemase n
i s g =2
3 = 8« o
3
[E— - g Qg 5 8
g g 8 <
- a3 = * [8¢a [
» i i [as B _ g5 |2 B
2 ] o R 5
E 0 . |8E
9 S8 r g0 o
—a | . ]
g 2 T [l °
g < g o
e o | 5 <
©: T
- N 5 § . . e, a V?
T z s a3 p4 S 2 ¢ 3 © 3 g 3 8 8 3 8 8 8 g ° \©
2 2 8 2 ¢ 8 8 8 g 8 8 2 8 4 R 8 8 @ v
YYIALSINOIY NOILONYLSNOD 13A31-39VIWVa VIYVHOOT41VIOL ‘:‘,
4oy an|eA dvHS 104 3N[_A dVHS 404 3njeA dvHS )
ic



16 N. WANIGARATHNA ET AL.

increasing NONHOUSINGAREA from 977 to 1468
results a reduction of CostPerSQM from 135 to 58, yield-
ing an absolute reduction of 77 sqgm. Conversely, when
OPERATIONAL_LEVEL = 4, increasing NONHOUSINGAREA
from 916 to 1584 leads to a reduction in CostPerSQM
from 1587-to 1164, resulting an absolute reduction of
423 sgm.

Discussion

The results of this research extend the existing know-
ledge of construction cost modelling in two ways.
Firstly, it broadens the knowledge of antecedent disas-
ter repair cost-estimating practices based on simplified
damage-cost functions by establishing other key varia-
bles that could be considered during the cost-estimat-
ing process. Secondly, these results demonstrate how
machine-learning techniques could be used to analyse
micro cost data to develop cost models. This section
will discuss these results further to provide insights
into their potential application and will compare these
results with previous research findings.

In contrast to the previous literature, our research
findings encourage ML applications in construction
cost modelling by exploring how state-of-the-art ML
models that could eliminate limitations identified by pre-
vious researchers. Our approach has made advance-
ments in three respects. Firstly, most of the previously
used ML applications in cost modelling such as ANN,
and FUZZY logic models, had a key limitation associated
with their “black box” nature of learning which under-
mined the trust and limited the use in practice (Petch
et al. 2022), or their limited learning abilities when data
is incomplete (Guo et al. 2020). These limitations hin-
dered the adoption of early Al-based cost models. Our
research explored the suitability of six ML-based regres-
sion analysis methods to predict damage repair cost
rates for residential buildings damaged by earthquake
disasters. Three distance-based regression models (Linear
Regression, Polynomial Regression, Support Vector
Regression), a Decision Tree Regression model and two
Ensemble regression models (Random Forest Regression
and Gradient Boosting Regression) were tested within
the research. Results confirmed that except for the
Polynomial Regression model, all other modelling techni-
gues were suitable for predicting the damage repair cost
rates. Gradient Boosting Regression model outperformed
other models. Gradient Boosting Regression is an ensem-
ble regression model which combines weak learner
models and predicts more accurate ensemble responses
for new data by aggregating predictions from its weak
learners (Alhamid 2022). The results of the Gradient

Boosting Regression model in predicting the damage
repair cost rates is presented in this paper.
Supplementary SHAP analysis plots eliminate the black
box nature of previous ML applications by revealing the
main independent variables that affect the dependent
variable of a model, the direction of the impact and cor-
relations between feature variables. Therefore, our model
is a significant advancement compared to the previous
Al-based models developed for construction cost mod-
elling. Secondly, during traditional statistical analyses,
skewed numerical data tends to be transformed to
approximate a normal distribution to ensure the pre-
diction ability and accuracy of distance-based regres-
sion models, such as Linear Regression and Polynomial
Regression. Our research, tested the impact of the
transformation of data to eliminate the skewness. The
results showed that performances of distance-based
regression models worsen after square root transform-
ation is applied. The gradient Boost Regression model
developed in this research uses rule-based algorithms
that do not make decisions based on distance, hence,
they are more robust enough to handle outliers.
Thirdly, ML-based data analysis had other generic
advantages compared to traditional statistical analysis.
These include the speed of processing and analysis,
ease of interpreting visual representation of data char-
acteristics and results, the ability to handle and learn
from large sets of microdata, and automated applica-
tions which reduce human errors in data processing.
Therefore, these results could be welcomed confi-
dently compared to previous traditional and ML based
applications in cost modelling.

This research also advances the accuracy of ante-
cedent earthquake loss modelling in two ways. Firstly,
a more accurate state-of-the-art Al-based model to
predict earthquake damage repair cost rates was pre-
sented as opposed to simplified damage-cost function
based models (Wanigarathna et al. 2022). The repair
cost of a building damaged by an earthquake could
be affected by several factors (Almufti and Willford
2013, Wedawatta et al. 2018, Kahandawa et al. 2021,
Ortiz et al. 2021). However, the current approach to
the antecedent prediction of direct damage repair
cost rates involves a simplified damage-cost function
based methodology (Wanigarathna et al. 2022). In this
approach, the only variables considered in estimating
the damage repair cost rates of a building are the
damage level and the building’s replacement cost or
the building’s market value. Wanigarathna et al. (2022)
found that, whilst this method could provide a reason-
ably accurate estimate in relation to the repair cost for
a large building stock (e.g. at a regional level



estimate), significant inaccuracies exist at individual
building level estimates.

The literature review conducted for this study is
conclusive on the limited use of ML not only in ante-
cedent cost prediction but also in cost management
in general, therefore this study makes a compelling
contribution to reducing the dearth. Traditional regres-
sion techniques such as linear and polynomial regres-
sion model which (for a simple dataset) can be
computed using statistical software such as SPSS. The
f-regression and ridge regression were used in training
before more complex features were added. The
Gradient Boost Regression model developed in this
research considered ten features to predict the dam-
age repair cost rate. The performance of the model is
significantly accurate and covers about 76% of the
cases (R? = 0.76). This model is also considered meth-
odologically superior to the previous traditional and
ML-based models used in cost modelling. Missing val-
ues and outliers are renown causes of errors for large
dataset collected from different geographical loca-
tions. The Gradient Boost Regression model helped to
overcome such shortfalls, and by combining together
several weak models it was able established nonlinear
relationships with the target variable CostPerSQM
thereby predicting more variables such as the NON-
HOUSING UNITS that were previously missed by tradi-
tional statistical methods (Wanigarathna et al. 2022).
The predictive accuracy of ML models is also consid-
ered generally very high (Gao et al. 2023). Use of ML
for cost modelling involves sophisticated computa-
tions that requires specific expertise to run and inter-
pret results. To overcome such restrictions, this
research recommends use of the SHapley Additive
exPlanations to bridge the gap between the ML black
box and human interpretation of the predicted
models.

The prediction process used in this research is
robust and replicable by other researchers, and model
developed and presented here could be utilised to
make accurate and trustworthy antecedent earthquake
reconstruction cost estimates. Secondly, results
revealed the impact of a range of factors that affects
earthquake damage repair cost rates, including some
previously unknown factors. Damage level, resultant
operational level and Non-housing floor area were
identified as the three most influential factors for dam-
age repair cost rate prediction. The number of NON-
HOUSING units, TOTAL FLOOR AREA and THE
CONSTRUCTION DAYS were identified as the next
most significant features. Whilst construction econom-
ics researchers and practitioners have a reasonably
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good understanding of the impact of TOTAL FLOOR
AREA and the CONSTRUCTION DAYS on construction
prices (see Ashworth and Perera 2015 for example), to
the best of authors’ knowledge, this is the first
research to highlight the significant impact of the
NON-HOUSING units and their respective floor areas
on damage repair cost rate estimates. Knowledge on
these factors could additionally be used to supple-
ment cost estimates produced based on the simplified
damage-cost function based methods. For example,
the results showed that larger values of NON-
HOUSING AREA decrease the CostPerSQM. A cost esti-
mator could then use this knowledge to adjust (a %
uplift) a damage-cost function based estimate by eval-
uating the level of NON-HOUSING AREA involved in
the concerned building. Altogether, these results will
enable accurate antecedent reconstruction cost esti-
mates, and hence would provide vital information for
effective disaster preparedness (Wanigarathna et al.
2022) and reduce decisions made based on inappro-
priate assumptions (Hill and Rossetto 2008, De
Martino et al. 2017).

This research has one key limitation. The ML-based
models used here only evaluated the importance of
cost prediction features/variables available within the
data set. During the pre-processing stage, it was
necessary toremove some high cardinality variables, as
they make it difficult for ML models to identify pat-
terns or causal relationships between features and the
dependent variable. Some of these variables could sig-
nificantly impact damage repair cost rates. For
example, work description is the most accurate vari-
able in estimating damage repair cost rate. Yet, irre-
spective of their methodology, high-level cost models
used in antecedent cost estimates will not consider work
description as a variable, as precise work descriptions
could not be developed in advance. However, some
removed variables could be useful in antecedent cost
modelling. For instance, the removed variable ‘ADDRESS’
of properties are linked to the nature of the location
(urban or rural), which is a key determinant of construc-
tion costs. This model could not analyse the relative
importance of this variable. In addition, there could be
other variables that could significantly impact damage
repair cost rates, which were not available for the
researchers to model. These include building age, build-
ing height, structural details of foundations and other
elements, and other design elements such as division of
spaces, materials used and shape of the buildings
(Ashworth and Perera 2015). GEM Building Taxonomy
Version 2.0 (Brzev et al. 2013) provides a detailed list of
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variables related to buildings that would affect the level
of damage from an earthquake event.

Conclusion

Machine Learning has made advancements in data
driven decision making in many fields. However, use
of machile learning for construction cost modelling
steps in antecedent disaster loss assessments is lim-
ited. This research set out to explore the suitability of
state-of-the-art ML approaches to develop a cost
model to predict earthquake damage repair cost rate
(CostPerSQM) for residential buildings. This research
evaluated six widely used ML-based models for their
ability to predict damage repair cost rates for residen-
tial buildings. Gradient Boost Regression model out-
performs other models, hence was used to develop a
ML model to predict earthquake damage repair cost
rate. The model found that the Damage level, result-
ant Operational level and Non-housing floor area as
the three most influential factors for damage repair
cost prediction. It is widely known that damage level
and operational level as key variable in predicting
damage repair cost rates, and used as the key variable
in in simplified economic loss assessment models
based on damage to cost ratios. However, this is the
first research to establish the importance and the rela-
tionship between the damage repair cost rates and
the non-housing area (such as offices, shops within a
residential block) within the building. These results
could be therefore be used to uplift the loss estimates
for mixed-use residential buildings derived based on
simple damage to cost ratios based models in order
to increase the accuracy of such estimates.

This research also contributed to the scholary
knowledge of use of Machine Learning in disaster
management. Research investigated the suitability of
six Machine Learning techniques in Disaster loss
assessment: three distance-based regression models
(Linear Regression, Poloyomial Regression, Support
Vector Regression), a Decision Tree Regression model
and two Ensemble regression models (Random Forest
Regression and Gradient Boosting Regression). All
models exept Poloyomial Regression model found to
be accurate in predicting damage repair cost rate. The
performances of the Gradient Boosting Regression
model and Random Forest Regression were signifi-
cantly accurate and covers about 76%, 74% of the
cases (R = 0.76, R? = 0.76) respectively. The research
developed a Gradient Boosting Regression model to
predict the damage repair cost rate. The model
reduced the limitations associated with black boxes of

some other ML models by revealing the main inde-
pendent variables that affect the dependent variable,
impact direction and correlation between dependent
variables. Therefore, these results could be welcomed
confidently compared to previous traditional and Al-
based applications in cost modelling and simplified
damage-cost function based antecedent disaster loss
assessment models. The proposed approach also
proved to be cost effective alternative which unpick
insights from secondary data and the learning could
be applied to other regions similar building typologies
to estimate potential earthquake induced losses to
residential building stock.

One of the key limitations in ML based secondary
data analysis is that they learn from the secondary
data collected for other purposes, hence their learning
is limited by data availability. Literature reveals other
variables that impact damage repair cost rates. Yet
these were not available within the secondary data set
for the researchers to model. Further research could
be used to explore the possibilities of incorporating
multiple datasets collected in the aftermath of earth-
quake disasters to develop ML based loss estimation
models to incorporate more variables.
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