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1. Introduction

During the last two decades, Iran government has implemented a major program to extend
and upgrade construction projects in oil and gas industry. In conjunction with the increasing
growth, there are many types of potential risks that affect the construction projects. Risks
can be defined as an uncertain event or condition that has a positive or negative effect on
project objectives, such as time, cost, scope, and quality (Caltrans, 2007; PMI, 2008). Thus,
there is a need for a risk management process to manage all types of risks in projects. Risk
management includes the processes of conducting risk management planning,
identification, analysis, response planning, monitoring, and control on a construction
project. Risk management encourages the project team to take appropriate measures to: (1)
minimize adverse impacts to the project scope, cost, and schedule (and quality, as a result);
(2) maximize opportunities to improve the project’s objectives with lower cost, shorter
schedules, enhanced scope and higher quality; and (3) minimize management by crisis
(Caltrans, 2007).

In project risk management, one of the major steps is to assess the potential risks
(Ebrahimnejad et al., 2009, 2010; Makui et al., 2010; Mojtahedi et al., 2010). The risk
assessment process can be complex because of the complexity of the modeling requirement
and the often subjective nature of the data available to conduct the analysis in construction
projects. However, the complexity of the process is not overwhelming and the benefits of the
outcome can be extremely valuable (Mousavi et al., 2011).

Many decisions come with a long-term commitment and can be very climate sensitive.
Examples of such decisions include urbanization plans, risk management strategies,
infrastructure development for water resource management or transportation, and building
design and norms. These decisions have consequences over periods of 50-200 years.
Urbanization plans influence city structures over even longer timescales. These kinds of
decisions and investments are also vulnerable to changes in climate conditions and sea level
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rise. For example, many building are supposed to last up to 100 years and will have to cope
in 2100 with climate conditions that, according to most climate models, will be radically
different from current ones. So, when designing a building, architects and engineers have to
be aware of and account for future changes that can be expected (Hallegatte, 2009)

Not considering of the climate change impacts on projects, especially those are established for
a long term use, can cause massive costs for government and public in future. Nicholls et al.
(2007) showed that, in 2070, up to 140 million people and more than US$ 35,000 billion of
assets could be dependent on flood protection in large port cities around the world because of
the combined effect of population growth, urbanization, economic growth, and sea level rise.
Recently, resampling techniques are rapidly entering mainstream data analysis; some
statisticians believe that resampling procedures will supplant common nonparametric
procedures and may displace most parametric procedures (e.g., Efron and Tibshirani, 1993).
These techniques are the use of data or a data gathering mechanism to produce new
samples, in which the results can be examined in various fields. In resampling, estimates of
probabilities are offered by numerical experiments. Resampling offers the benefits of
statistics and probability theory without the shortcomings of common techniques. Because it
is free of mathematical formulas and restrictive assumptions. In addition, it is easily
understood and computer user friendly (Simon and Bruce, 1995; Tsai and Li, 2008). The
purpose of resampling techniques is to find the distribution of a statistic by repeatedly
drawing a sample, thus making use of the original sample. The leave-one-out-cross-
validation (LOOCV) first originated as generic nonparametric estimators of bias and
standard deviation (SD). Moreover, to the best of our knowledge, no LOOCV technique and
resampling application was found regarding climate change risk assessment of these
projects. On the other hand, a risk data analysis in construction projects often encounters the
following situations (Mojtahedi et al., 2009):

e It cannot be answered in a parametric framework.

e It may need to be examined by standard and existing tools.

e It can be assessed only by specially tailored algorithms.

For these reasons, the LOOCYV resampling approach is presented to use for assessing risks in
construction projects. This approach is flexible, easy to implement, and applicable in non-
parametric settings. In this paper, we contribute to this area by providing an effective
framework for the application of the LOOCV to climate change risk data obtained from
experts’ judgments in construction projects.

The chapter is organized as follows: In Section 2, the researchers review related literature
and discuss the existing gap in the field. In Section 3, we describe the proposed a new non-
parametric LOOCV approach to assess risks associated with climate changes in construction
projects. In Section 4, computational results in construction of a gas refinery plant as a case
study is presented. The discussion of results is given in Section 5. Finally, conclusion is
provided in Section 6.

2. Literature review

Construction projects are subject to many risks due to the unique features of construction
tasks, such as long period, complicated processes, undesirable environment, financial
intensity and dynamic organization structures (Zou & Zhang, 2009), and such
organizational and technological complexity generates enormous risks. The diverse interests
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of project stakeholders on a construction project further exacerbate the changeability and
complexity of the risks (Zou & Zhang, 2009).

The purpose of project risk management is to identify risky situations and develop
strategies to reduce the probability of occurrence and/or the negative impact of risky events
on projects. In practice, project risk management includes the process of risk identification,
analysis and handling (Gray & Larson, 2005). Risk identification requires recognizing and
documenting the associated risk. Risk analysis examines each identified risk issue, refines
the description of the risk, and assesses the associated impact. Finally, risk
handling/response identifies, evaluates, selects, and implements strategies (e.g., insurance,
negotiation, reserve, etc.) in order to reduce the likelihood of occurrence of risk events
and/or lower the negative impact of those risks to an acceptable level. The risk-handling
process contains the documentation of which actions should be taken, when they should be
taken, who is responsible, and the associated handling costs (Fan et al., 2008).

It is widely accepted that construction project’ activity is particularly subject to more risks
than other business activities because of its complexity, and a wide range of risks associated
with construction businesses have been previously identified. A typical classification of risks
includes technical risks, management risks, market risks, legal risks, financial risks, and
political risks (Shen, 1997).

Identified risks are assessed to determine their likelihood and potential effect on project
objectives, allowing risks to be prioritized for further attention. The primary technique for
this is the Probability-Impact matrix, where the probability and impacts of each risk are
assessed against defined scales, and plotted on a two-dimensional grid. Position on the
matrix represents the relative significance of the risk, and high/medium/low zones may be
defined, allowing risks to be ranked (Hillson, 2002). While it is not practical to discuss the
full implications of all the risks identified in the survey, this section intends to demonstrate
the pattern of the risk environment by presenting some practical examples discussed in the
five in-depth interviews following the survey. Not all the risks addressed in this section
respond to the “most important risks”” ranked in the risk significance index as interviewees
have different experiences, and their perception or judgment may not be fully in harmony
with the calculated average index scores (Shen et al., 2001).

Previous studies have been focused on the risk management in mega projects. Grabowski et
al. (2000) discussed the challenges of risk modeling in large-scale systems, and suggested a
risk modeling approach that was responsive to the requirements of complex, distributed,
large-scale systems. Florice & Miller (2001) showed that achieving high project performance
requires strategic systems that are both robust with respect to anticipated risks and
governable in the face of disruptive events by comparing the features and performance of
three common types of project. Miller & Lessard (2001) developed strategies to understand
and manage risks in large engineering projects. Wang et al. (2004) tried to identify and
evaluate these risks and their effective mitigation measures and to develop a risk
management framework which the international investors/ developers/ contractors can
adopt when contracting large construction projects” work in developing countries.
Iranmanesh et al. (2007) proposed a new structure called RBM to measure the risks in EPC
projects. By combining risk breakdown structure with work breakdown structure (WBS), a
new matrix (RBM) is constructed. Hastak & Shaked (2000) presented a risk assessment
model for international construction projects. The proposed model (ICRAM-1) assists the
user in evaluating the potential risk involved in expanding operations in an international
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market by analyzing risk at the macro (or country environment), market, and project levels.
Zeng et al. (2007) proposed a risk assessment model based on modified analytical hierarchy
process (AHP) and fuzzy reasoning to deal with the uncertainties arising in the construction
projects. Mojtahedi et al. (2008) presented a group decision making approach for identifying
and analyzing project risks concurrently. They showed that project risk identification and
analysis can be evaluated at the same time. Moreover, they applied the proposed approach
in one mega project and rewarding results were obtained. Ebrahimnejad et al. (2008)
introduced some effective criteria, and attributes was used for risk evaluating in
construction projects. They presented a model for risk evaluation in the projects based on
fuzzy MADM. Makui et al. (2010) presented a new methodology for identifying and
analyzing risks of mega projects (0il and gas industry) concurrently by applying fuzzy multi-
attribute group decision making (FMAGDM) approach. Risk identification and classification is
the first step of project risk management process, in which potential risks associated with an
EPC project are identified. Numerous techniques exist for risk identification, such as
brainstorming and workshops, checklists and prompt lists, questionnaires and interviews,
Delphi groups or NGT, and various diagramming approaches such as cause-effect diagrams,
systems dynamics, influence diagrams (Chapman, 1998; Ebrahimnejad et al., 2008, 2010;
Moijtahedi et al., 2009, 2010). There is no a “best method” for risk identification, and an
appropriate combination of techniques should be used. As a result, it may be helpful to
employ additional approaches to risk identification, which were introduced specifically as
broader techniques in group decision making field (Hashemi et al., 2011; Makui et al., 2010;
Mousavi et al., 2011; Tavakkoli-Moghaddam et al., 2009).

There has been an increasing agreement that many decisions relating to long term
investments need to take into account climate change. But doing so is not easy for at least
two reasons. First, due to the rate of climate change, new infrastructure will have to be able
to cope with a large range of changing climate conditions, which will make design more
difficult and construction more expensive. Second, the uncertainty in future climate makes it
impossible to directly use the output of a single climate model as an input for infrastructure
design, and there are good reasons to think that the required climate information will not be
available soon. Therefore, Instead of optimizing based on the climate conditions projected
by models, future infrastructure should be made more robust to possible changes in climate
conditions. This aim implies that users of climate information must also change their
practices and decision making frameworks, for instance by adapting the uncertainty
management methods they currently apply to exchange rates or R&D outcomes.

Water resource management is one of the most important fields which has attracted a lot
attention. Qin et al. (2008) developed an integrated expert system for assessing climate
change impacts on water resources and facilitating adaptation. The presented expert system
could be used for both acquiring knowledge of climate change impacts on water resources
and supporting formulation of the relevant adaptation policies. It can also be applied to
other watersheds to facilitate assessment of climate change impacts on socio-economic and
environmental sectors, as well as formulation of relevant adaptation policies. Yin (2001)
developed an integrated approach based on the AHP for evaluating adaptation options to
reduce climate change effects on water resources facilities.

There are many studies of climate change impacts and the relevant policy responses. For
instance, Yin & Cohen (1994) developed a goal programming approach to evaluate climate
change impacts and to identify regional policy responses. Huang et al. (1998) proposed a
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multi-objective programming method for land-resources adaptation planning under
changing climate. Smith (1997) proposed an approach for identifying policy areas where
adaptations to climate change should be considered. Lewsey et al. (2004) provided general
recommendations and identified challenges for the incorporation of climate change impacts
and risk assessment into long-term land-use national development plans and strategies.
They addressed trends in land-use planning and, in the context of climate change, their
impact on the coastal ecosystems of the Eastern Caribbean small islands. They set out broad
policy recommendations that can help minimize the harmful impacts of these trends.
Teegavarapu (2010) developed a soft-computing approach and fuzzy set theory for handling
the preferences attached by the decision makers to magnitude and direction of climate
change in water resources management models. A case study of a multi-purpose reservoir
operation is used to address above issues within an optimization framework.

The review of the literature indicates that risk and uncertainty associated with climate
changes in construction projects in the developing countries, particularly in Iran, has not
been received sufficient attention from the researchers. In addition, climate change risk
assessment in construction projects has been focused within a framework of parametric
statistics. Among the techniques used in these studies, such as the multi criteria decision
making or mathematical modeling, most researchers have assumed that the parameters for
assessing risks are known and that sufficient sample data are available. Moreover,
parametric statistics, in which the population was assumed to follow a particular and
typically normal distribution, was used. However, in risk assessment of construction
projects, particularly in developing countries such as Iran, this assumption cannot be made
either because of a shortage of professional experts or due to time constraints. Hence, large-
sample techniques are not often functional in such projects. Non-parametric cross-validation
resampling approach is presented to utilize for assessing risks associated with climate
changes in construction projects. This approach is flexible, easy to implement, and
applicable in non-parametric settings.

This paper assumes that the risk data distributions in the construction projects are
unknown. We cannot find enough professional experts to gather adequate data, and
questioning experts about project risk to gather data is a time-consuming and non-
economical process. Moreover, few experts are interested in answering or filling out
questionnaires. Hence, this paper presents a non-parametric resampling approach based on
cross-validation technique to overcome the lack of efficiency of existing techniques and to
apply small data sets for risk assessment in the construction projects.

Theoretical studies and discussions about the cross-validation technique under various
situations can be found, in (Stone, 1974, 1977; Efron, 1983). The cross-validation predictive
density dates at least to (Geisser and Eddy, 1979). Shao (1993) proved with asymptotic
results and simulations that the model with the minimum value for the LOOCV estimate of
prediction error is often over specified. Sugiyama at al. (2007) proposed a technique called
importance weighted cross validation. They proved the almost unbiased even under the
covariate shift, which guarantees the quality of the technique as a risk estimator. Hubert &
Engelen (2007) constructed fast algorithms to perform cross-validation on high-breakdown
estimators for robust covariance estimation and principal components analysis. The basic
idea behind the LOOCYV estimator lies in systematically recomputing the statistic estimate
leaving out one observation at a time from the sample set. From this new set of observations
for the statistics, an estimate for the bias and the SD of the statistics can be calculated. A non-

www.intechopen.com



70 Risk Management Trends

parametric LOOCV technique provides several advantages over the traditional parametric
approach as follows: This technique is easy to describe and apply to arbitrarily complicated
situations. Furthermore, distribution assumptions, such as normality, are never made
(Efron, 1983). The cross-validation has been used to solve many problems that are too
complicated for traditional statistical analysis. There are numerous applications of the
LOOCYV in the various fields (Bjorck et al., 2010; Efron & Tibshirani, 1993).

3. Proposed approach for construction projects

The objectives of this section are as follows: (1) establish a project risk management team, (2)
identify and classify potential risks associated with climate changes in construction projects
in Iran, (3) present a statistical approach for analyzing the impact of risks using a non-
parametric LOOCYV technique, and (4) test the validity of the proposed approach.

We implement the proposed approach in the risk assessment of the real-life construction
project in Iran. This construction project in oil and gas industry is considered. The project is
subject to numerous sources of risks. Designing, constructing, operating, and maintaining of
the project is a complex, large-scale activity that both affects and is driven by many elements
(e.g., local, regional, political entities, power brokers, and stakeholders). We aim at assessing
the climate change risks in order to enable them to be understood clearly and managed
effectively. There are many commonly used techniques for the project risk identification and
assessment (Chapman & Ward, 2004; Cooper et al., 2005). These techniques generate a list of
risks that often do not directly assist top managers in knowing where to focus risk
management attention. The analysis can help us to prioritize identified risks by estimating
common criteria, exposing the most significant risks. Hence, in this paper a case study
which can assess risks of climate changes in a non-parametric statistical environment is
introduced.

Data sizes of construction project risks are often small and limited. In addition, there are no
parametric distributions on which significance can be estimated for risks data. On the other
hand, the LOOCYV is the powerful tool for assessing the accuracy of a parameter estimator in
situations where traditional techniques are not valid. Moreover, the LOOCV technique is
computationally less costly when the sample size is not large (Efron, 1983). A major
application of this approach is in the determination of the bias. It answers some questions,
such as what is the bias of a mean, a median, or a quantile. This technique requires a
minimal set of assumptions.

In the light of the above mentioned issues, in this section one practical approach is proposed
to use in assessing risks for construction projects in three phases. Establishing a project risk
management team is considered in the first phase which is called phase zero. In this phase,
organizational and project environmental in which the risk managing is taking place are
investigated. After constructing the project risk management team, we construct the core of
the proposed approach in the next two phases. Phase one in turn falls into two steps. In the
first step, risk data of construction projects are reviewed in order to identify them. In the
second step, the risk breakdown structure (RBS) is developed in order to organize different
categories of the project risks. Phase two of the proposed approach falls into four steps.
These steps are as follows: (1) determine descriptive scales for transferring linguistic
variables of probability and impact criteria to quantitative equivalences, (2) filter the risks at
the lowest level of the RBS regarded as initial risks, (3) classify the identified climate change
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risks (initial risks) into the significant and insignificant risks, and (4) apply the non-
parametric LOOCYV technique for final ranking. This phase attempts to understand potential
project problems after identifying the mega project risks. Risk assessment is considered in
this phase. The proposed mechanism for construction projects is depicted in Fig. 1.

Phase 0 Phase 1 Phase 2

Risk identification and Final risk ranking

classification

Step 1-1 Step 2-1
Review risk data Determine dle'scriptiv‘e scales
for probability and impact

‘ criteria
4

Step 1-2

Establishing a project risk
management team

Risk assessment

Step 2-2

Define risk breakdown structure

Obtain initial risks

4

Step 2-3

Purify the initial risks
Step 2-4

Apply non-parametric LOOCV
technique

Fig. 1. Proposed non-parametric statistical approach for risk assessment in construction
projects.

3.1 Principles of the LOOCV
Step1l. In the first step, principles of non-parametric cross-validation technique are
described in order to resample project risks data from original observed risks data.
Step 2. In the second step, the cross-validation principle for estimating the SD of risk
factors (RFs) is demonstrated in order to compare cross-validation resampled risk
data with original observed project risks data.
Based on the first step of proposed approach, the cross-validation technique is a tool for
uncertainty analysis based on resampling of experimentally observed data. Application of
the cross-validation is justified by the so-called “plug-in principle”, which means to take
statistical properties of experimental results (=sample) as representative for the parent
population. The main advantage of the cross-validation is that it is completely automatic. It
is described best by setting two “Worlds”, a “Real World” where the data is obtained and a
“Cross-validation World” where statistical inference is performed, as shown in Fig. 2. The
cross-validation partitions the data into two disjoint sets. The technique is fit with one set
(the training set), which is subsequently used to predict the responses for the observations in
the second set (assessment set).
Cross-validation techniques an intuitively appealing tool to calculate a predicted response
value is to use the parameter estimates from the fit obtained with the entire data set with the
exception of the observation to be predicted. This predicted response value of the y; value
is denoted by y; (i=1, 2, ..., n). The LOOCV estimate of average prediction error is then
computed using this predicted response value as:
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Fig. 2. Schematic diagram of the cross-validation technique.

Generally, in K-fold cross-validation, the training set omits approximately n/K observations
from the training set. To predict the response values for the kth assessment set, S, ,, all
observations apart from those in S; , are in the training set, S, ,. 5 ; is used to estimate the
model parameters. The K-fold cross-validation average prediction error computed as:

A -15n ~ 2

Acyx=n Zi=1(yi _y(k,t)) ’ (2)
where ]}(k, p s the ith predicted response from S, , (Wisnowski et al., 2003).
K-fold cross-validation: This is the algorithm in detail:

e  Split the dataset Dy into k roughly equal-sized parts.

e  For the kth part k=1,..., K, fit the model to the other K-1 parts of the data, and calculate
the prediction error of the fitted model when predicting the kth part of the data.

e Do the above for k=1,...,K and combine the K estimates of prediction error.

Let k(i) be the part of Dy containing the ith sample. Then the cross-validation estimate of

the MSE prediction error is:

1Y k(i)\2
MSEy ZEZ(%’_%‘ k()) , 3)

i=1
where 1 K0} denotes the fitted value for other ith observation returned by the model

estimated with the k(i) th part of the data removed.

Leave-one-out cross-validation (LOOCV): The cross-validation technique where K=N is
also called the leave-one-out algorithm. This means that for each ith sample, i=1,..., N.
e  Carry out the parametric identification, leaving that observation out of the training set.

e  Compute the predicted value for the ith observation, denoted by 7; i
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The corresponding estimate of the mean squared error (MSE) is:

MSE]OO :%i(% _gi_i)z' (4)

i=1

The LOOCV often works well for estimating generalization error for continuous error
functions such as the mean squared error, but it may perform poorly for discontinuous error
functions such as the number of misclassified cases.

3.2 The linear case: mean integrated squared error

Let us compute now the expected prediction error of a linear model trained on D, when
this is used to predict for the same training inputs X a set of outputs y, distributed
according to the same linear law but independent of the training output y. We call this
quantity mean integrated squared error (MISE):

MISE = EDN,ytS |:(yts - X:é)T (yts - Xﬁ,\)j|
AT N
~Eo, o, | (v~ X5+ X8 XB) (v~ Xp + X5 XP)| ®
=No2 +Ep, [(Xﬁ - Xﬁ)T (Xﬁ - Xﬂ)}
Since
XB-Xp = Xﬂ—X(XTX)_l xTy
- X3 X(XTX)J X' (X +w)= —X(XTX)& X"w,

we have

NoJ +Ep, [(Xﬂ - Xﬁﬂ =Nog +Ep, [WTX(XTX)_l XTX(XTX)& X} o
=Nog, +Ep_ [tr(wTW)J =05 (N +p).

Then, we obtain that the residual sum of squares SSEemp returns a biased estimate of MISE,
that is

Ep, | SSBemp | = Ep, | ¢'e | # MISE. 8)
Replace the residual sum of squares with
ele+20lp )

4. Case study (onshore gas refinery plant)

In this section, the proposed approach based on non-parametric cross-validation technique
is applied in the construction phase of an onshore gas refinery plant in Iran. The purposes of
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this case study are assessing the important risks of climate changes for the onshore gas

refinery project.

Onshore gas refinery plants or fractionators are used to purify the raw natural gas extracted

from underground gas fields and brought up to the surface by gas wells. The processed

natural gas, used as fuel by residential, commercial and industrial consumers, is almost pure

methane and is very much different from the raw natural gas.

South Pars gas field in one of the largest independent gas reservoirs in the world situated

within the territorial waters between Iran and the state of Qatar in the Persian Gulf. It is one

of the country’s main energy resources. South Pars gas field development shall meet the

growing demands of natural gas for industrial and domestic utilization, injection into oil

fields, gas and condensate export and feedstock for refineries and the petrochemical

industries (POGC, 2010).

This study has been implemented into 18 phases of south pars gas field development in

Iran. The location of the onshore refinery plant is illustrated in main WBS of South Pars Gas

Field Development (SPGFD) in Fig. 3. The objectives of developing this refinery plant are as

follows:

e Daily production of 50 MMSCFD (Million Metric Standard Cubic Feet per Day) of
natural gas

e Daily production of 80,000 bls of gas condensate

e Annual production of 1 million tons of ethane

e Annual production of 1.05 million tons of liquid gas, butane and propane

e  Daily production of 400 tons of sulphur

Iran South Pars Gas

Field Development
Projects
I

I I

e A

Onshore Offshore

\. J
I

4 )

Plant Refinery Platforms Sea Pipelines
\. J

Fig. 3. Location of the onshore refinery plant in South Pars Gas Field Development

The contract type of above mentioned project is MEPCC, which includes management,
engineering, procurement, construction and commissioning. In MEPCC contract, the
MEPCC contractor agrees to deliver the keys of a commissioned plant to the owner for an
agreed period of time. The MEPCC way of executing a project is gaining importance
worldwide. But, it is also a way that needs good understanding, by the MEPCC, for a
profitable contract execution. The MEPCC contract, especially in global context, needs
thorough understanding. The MEPCC must be informed of the various factors that impact
on the process of work, the results and success or failure of the contract, in global arena. The
MEPCC must have data and expertise in all the required fields.
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In this paper, risks of climate changes are considered from general contractor’s (GC)
perspective. The GC receives work packages from the owner and delivers them to
subcontractors by bidding and contracting. This contractor is in charge of monitoring the
planning, engineering, designing, and constructing phases. Moreover, the installation,
leadership, and the payment of the subcontractors are burdened by the GC. The following
risks of climate changes in Table 1 are identified by gathering historical information often
performed in construction phase of gas refinery projects in Iran.

ad
7))
2

Description

Sea level rise

Flood

Earthquake

Bush fire

Tsunami

Sand storm

Increased atmospheric CO2
Precipitation patterns & amount

O 00 NI O UG i W N -

Increased temperature

—
)

Hurricane

Table 1. Climate change risk description

4.1 Apply the proposed approach to assess the risks of climate changes

In this sub-section, we show how the proposed approach can be used in a risk assessment

according to the lack of risk sample data and periodic features of the construction projects.

Hence, the comparison of the mean and the SD between the original sample distribution and

the cross-validation resampled distribution can produce a better result.

In a risk analysis, we consider two indexes, which are probability and impact. The

probability of a risk is a number between 0-1; however, the impact of a risk is qualitative.

Though, it should be changed to a quantitative number, just like probability, a number

between 0-1. The definitions of two indexes are as follows:

e DProbability criterion: Risk probability assessment investigates likelihood that each
specific risk will occur.

e Impact criterion: Risk impact assessment investigates potential effect on a project
objective such as time, cost, scope, or quality.

The RF is computed as follows (Chapman & Ward, 2004; Chapman, 2001):

RE; = B; + I;; = (P; x I)) (10)
The RF, from (0) low to 1 (high), reflects the likelihood of a risk arising and the severity of its
impact. The risk factor will be high if the likelihood of P is high, or the consequence I is high,

or both. Note that the formula only works if P and I are on scales from 0 to 1.
Mathematically it derives from the probability calculation for disjunctive events:

Prob (A or B) = Prob(A) + Prob(B) - Prob(A) * Prob(B) (11)
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Two events are said to be independent if the occurrence or nonoccurrence of either one in no
way affects the occurrence of other. It follows that if events A and B are independent events,
then Prob(A and B)= Prob(A)*Prob(B). Two events are said to be mutually exclusive if the
occurrence of either one precludes the occurrence of the other, then Prob(A and B)=0.

As far as probability and impact of project risks are independent; therefore, the formula
functions properly in risk analysis and is merely a useful piece of arithmetic for setting risk
ranking and priorities. Ten different risks have been identified for which we consider ten
probabilities and ten impacts each that form our sample. It means that according to Eq. (10)
we have F; which is the probability of the ith risk and jth observation and I;; which is the

impact of the ith risk and the jth observation. It is worthy to mentioning that experts are
asked to estimate the probability and impact of each risks in a scale of very low (VL) to very
high (VH) based on Table 2 (Chapman, 2001), their estimation are gathered and provided in
Table 3. Consequently, gathered data (linguistic variables) are converted to numerical value
and results are shown in Table 4.

- Impact
Scale Probability Time Cost Performance
Very Low (VL) <10% <1 week <01MUSD Failure to meet specification clause
Low (L) 10-30% 1-5 weeks 0.1-0.5 M USD Failure to meet specification clauses
Medium (M)  31-50%  5-10 weeks 0.5-5 M USD Minor shortfall in brief

High (H) 51-70%  10-15 weeks 5-20 M USD Major shortfall in satisfaction of the brief
Very High (VH) >70% > 15 weeks >20M USD  Project does not satisfy business objectives

Table 2. Measures of probability and impact (M USD: Million US Dollar).

DMs
Risk 1 2 3 4 5

P I P I P I P I P I
R1 VH VH H VH VH H H VH M H
R> H M H H M H H VH M H
Rs VH H H M H H M H H M
R4 L M L H M L L H L M
Rs M M L H L M M H L L
Rs H H H M M VH H H M H
R7 H VH H H VH VH VH VH VH H
Rs VH H VH VH M H VH M H M
Ro M H L H H H M M H VH
Rio H H VH H M H H H H H

DMs
Risk 6 7 8 9 10

P I P I P I P I P I
R1 H H VH H H H VH VH VH VH
R> M H VH M H H M H VH H
Rs M M H H M H M H H M
R4 L H H L L M M M M L
Rs M L M L M M L L H M
Rs H M H VH M H H H H H
R7 H H H VH M H VH H VH VH
Rs VH M H H VH H M VH H H
Ro M H H M M H H H M H
Rio M M M H VH H M VH H H

Table 3. Risk observed data presented by linguistic variables.
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DMs
Risk 1 2 3 4 5
P I P I P I P I P I

Ry 0.85 0.85 0.60 0.85 0.85 0.60 0.60 0.85 0.40 0.60
R2 0.60 0.40 0.60 0.60 0.40 0.60 0.60 0.85 0.40 0.60
Rs 0.85 0.60 0.60 0.40 0.60 0.60 0.40 0.60 0.60 0.40
R4 0.20 0.40 0.20 0.60 0.40 0.20 0.20 0.60 0.20 0.40
Rs 0.40 0.40 0.20 0.60 0.20 0.40 0.40 0.60 0.20 0.20
Re 0.60 0.60 0.60 0.40 0.40 0.85 0.60 0.60 0.40 0.60
Ry 0.60 0.85 0.60 0.60 0.85 0.85 0.85 0.85 0.85 0.60
Rs 0.85 0.60 0.85 0.85 0.40 0.60 0.85 0.40 0.60 0.40
Ro 0.40 0.60 0.20 0.60 0.60 0.60 0.40 0.40 0.60 0.85
Rio 0.60 0.60 0.85 0.60 0.40 0.60 0.60 0.60 0.60 0.60

DMs
Risk 6 7 8 9 10
P I P I P I P I P I
R: 0.60 0.60 0.85 0.60 0.60 0.60 0.85 0.85 0.85 0.85
R> 0.40 0.60 0.85 0.40 0.60 0.60 0.40 0.60 0.85 0.60
Rs 0.40 0.40 0.60 0.60 0.40 0.60 0.40 0.60 0.60 0.40
R4 0.20 0.60 0.60 0.20 0.20 0.40 0.40 0.40 0.40 0.20
Rs 0.40 0.20 0.40 0.20 0.40 0.40 0.20 0.20 0.60 0.40
Re 0.60 0.40 0.60 0.85 0.40 0.60 0.60 0.60 0.60 0.60
R7 0.60 0.60 0.60 0.85 0.40 0.60 0.85 0.60 0.85 0.85
Rs 0.85 0.40 0.60 0.60 0.85 0.60 0.40 0.85 0.60 0.60
Ro 0.40 0.60 0.60 0.40 0.40 0.60 0.60 0.60 0.40 0.60
Rio 0.40 0.40 0.40 0.60 0.85 0.60 0.40 0.85 0.60 0.60

Table 4. Converted risk observed data.

A sampling distribution is based on many random samples from the population. In place of
many samples from the population, create many resamples by repeatedly sampling with
replacement from this one random sample. The sampling distribution of a statistic collects
the values of the statistic from many samples. The cross-validation distribution of a statistic
collects its values from many resamples. This distribution gives information about the
sampling distribution. A set of n values are randomly sampled from the population. The
sample estimates RF is based on the 10 values (P, P,,..,Py) and (I;,I,,...,I;) . Sampling 10
values with replacement from the set (P, P,,..,P) and (I,I,,...,I;;) provides a LOOCV
sample (Pl* P ,...,Pl*o) and (I;,I;,...,IIO). Observe that not all values may appear in the
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cross-validation sample. The LOOCV sample estimate RF" is based on 10 cross-validation
values (Pf,P;,...,Pl*OS and (I;,I;,...,IIO). The sampling of (P, P,,... Py) and (I;,I,,...I1,)
with replacement is repeated many times (say n times), each time producing a LOOCV
estimate RF" .

Call the means of these resamples RF to distinguish them from the mean RF of the
original sample. Find the mean and SD of the RF in the usual way. To make clear that
these are the mean and SD of the means of the cross-validation resample rather than the
mean RE and standard deviation of the original sample, we use a distinct notation:

1\ oy

1 (5 2
SDioocy = \/ EZ(RF - ””ea”Loocv) (13)
Due to the fact that a sample consists of few observed samples, which is the nature of the
construction projects, we use the LOOCV technique to improve the accuracy of the
calculation of the mean and SD for the RF of the risks which may occur in a project.

4.2 Results

To do the resampling replications, we used resampling Stat Add-in of Excel software. We
compare the original sample and LOOCYV resample of the data provided by the Excel Add-
in to see what differences it makes. In Table 5, the statistical data of the original sample is
presented.

Risk P (mean) I[(mean) RF (mean) P (SD) [(SD) RF (SD)

Ry 0.705 0.725 0.913 0164 0132 0.074
R> 0.570 0.585 0.827 0175 0125 0.078
Rs 0.545 0.520 0.782 0146 0103  0.078
Ry 0.300 0.400 0.596 0.141 0163  0.081
Rs 0.340 0.360 0.576 0135 0158 0.145
Re 0.540 0.610 0.825 0.097 0151  0.065
R7 0.705 0.725 0.913 0164 0132 0.074
Rs 0.685 0.590 0.879 0189 0165 0.076
Ro 0.460 0.585 0.774 0135 0125 0.084
Rio 0.570 0.605 0.831 0175 0107  0.092

Table 5. Statistical data of the original sample.

After LOOCV resample replications, we obtain the mean for P, I and RF, and the SD for
them. The data are reported in Table 6.
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Risk P (mean) I (mean) RF (mean) P (SD) [(SD) RF (SD)

Rq 0.728 0.731 0.918 0.048 0.052 0.024
R> 0.554 0.584 0.819 0.059  0.048 0.027
Rs 0.547 0.529 0.787 0.052  0.029 0.035
R4 0.293 0.409 0.598 0.047  0.042 0.037
Rs 0.331 0.358 0.571 0.055  0.050 0.034
Re 0.553 0.574 0.814 0.019 0.054 0.025
R7 0.693 0.722 0.910 0.077  0.049 0.034
Rs 0.672 0.595 0.872 0.044  0.058 0.016
Ro 0.469 0.564 0.770 0.035 0.029 0.020

Rio 0.559 0.598 0.823 0.067  0.030 0.043

Table 6. Statistical data of the LOOCYV resample.

Then MSE are calculated for all significant risks for P, I and RF, based on the LOOCV
principles. Results are shown in Table 7.

Risk P MSE I MSE RF MSE00cv
Ry 0.042 0.031 0.009
R> 0.056 0.025 0.010
Rs 0.035 0.017 0.009
Ry 0.033 0.042 0.014
Rs 0.037 0.045 0.036
Re 0.015 0.049 0.009
R7 0.058 0.034 0.011
Rs 0.060 0.054 0.010
Ro 0.031 0.023 0.011
Rio 0.059 0.023 0.019

Table 7. MSE calculation for risk data.

5. Discussion and test

In this section, according to the computational results in construction of the gas refinery
plant, discussion and testing of the proposed approach are presented. Reduction of standard
variations, MSE comparison and normality plot are the main topics of discussion.
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5.1 Reduction of standard deviations

In Fig. 4, the SDs for higher risks of the project are reduced remarkably and it shows the
efficiency of the proposed approach in the project risk assessment. The results show that the
proposed approach is practical and logical for estimating the SD particularly in the
construction projects.
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0.16 A
0.14 A
0.12 A
0.10 A
0.08 A
0.06 A
0.04 A
0.02 A
0.00 -

SD

m P Original sample

COPLOOCV resample

Rl RZ R3 R4 R5 R6 R7 RB R9 RIO

0.18
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0.02
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B | Original sample

C1LOOCY resample

0.16
0.14
0.12
0.10
0.08
0.06
0.04
0.02
0.00

SD

— ® RF Original sample
JRF LOOCV resample
Rl R2 R3 R4 RS R9 RI10

Fig. 4. Standard deviation comparison between original sample and LOOCYV resample

Comparison between the SD of the original sample and LOOCV resample in the RF point of
view shows that, for instance the SD of risk 1 of the original sample is 0.074 where the SD of
the same risk with LOOCV resample is 0.024. In other words, the SD has been reduced
about 63% for this risk. These reductions can emphasize that the LOOCYV is making a better
result in accuracy of the RF for each risk in the construction projects. Then, the SD reduction
rate is computed by:

SDg, % = 2P0 =5Proocy 499, (14)
sD,
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where SDg.,; denotes the rate of SD reduction through the LOOCV, SD, represents the SD
for the original RF data sample and SD;,ocy indicates the SD for the LOOCV. The SD
reduction rate is presented in Table 8 for each risk.

SD Reduction %
Risk
P I RF
Ry 70.57 60.19 63.36
R» 66.40 61.84 65.12
Rs 64.24 71.67 55.56
R4 67.04 74.18 54.37
Rs 59.34 68.54 76.61
Re 79.86 64.01 61.06
Ry 53.05 62.55 54.67
Rs 76.60 64.67 78.67
Ro 73.74 76.81 76.56
Rio 61.72 71.55 53.24

Table 8. Rate of SD reduction for each risk

5.2 MSE interpretation and comparison

RFryagitionss and RF00cy are shown in Table 8; moreover, the absolute variances are calculated to
illustrate that there is no significant difference between two techniques. Therefore, we
should take advantage of MSEioocv value for ranking project risks. For this purpose we
ranked the risks based on MSE;oocv value in Table 7, smaller MSE; oocv means higher rank
and priority of the project risk, results are shown in Tables 9 and 10. It is obvious that there
is significant difference between traditional risk ranking techniques and ranking based on
MSE| 0ocv. Based on traditional risk ranking technique, risk 1 (sea level rise) stands in the
first priority, but based on MSEoocy risk 3 (earthquake) stands in the first priority, which
this results are much applicable in gas refinery construction projects in Iran.

Risk  RFrditions RFroocv Abs(RFrygitional = RFLoocv)
Ry 0.913 0.918 0.005
Ry 0.827 0.819 0.008
Rs 0.782 0.787 0.005
R4 0.596 0.598 0.002
Rs 0.576 0.571 0.005
Re 0.825 0.814 0.011
Ry 0.913 0.910 0.003
Rg 0.879 0.872 0.007
Ro 0.774 0.770 0.004
Rio 0.831 0.823 0.008

Table 9. Comparison between traditional risk ranking and LOOCYV ranking.
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Traditional risk ranking Risk ﬁgggggf{fd on
R1 R3
R7 R6
R8 R1

R10 R2
R2 R8
R6 R7
R3 R9
R9 R4
R4 R10
R5 R5

Table 10. Ranking comparison between traditional risk ranking and LOOCYV ranking,.

In the following, we compare the original sample (i.e., traditional approach) and cross-
validation resample (i.e., cross-validation approach) in two respects: normal probability plot
(NPP) and matrix plot (MP).

5.3 Normal probability plot and matrix plot

Normal probability plot: The NPP is a graphical presentation for normality testing;
assessing whether or not a data set is approximately normally distribution. In other words,
the NPP is a standard graphical display that can be used to see deviations from normality.
The data are plotted against a theoretical normal distribution in such a way that the points
should form an approximate straight line. Departures from this straight line indicate
departures from normality. In other words, the NPP is a special case of the probability plot,
for the case of a normal distribution. Two NPP are illustrated for RFs in the studied case in
Fig. 5. Parts A and B of Fig. 5 are the NPP for the initial and final RFs, respectively. We
notice that the NPP is basically straight.. Consequently, when the NPP is straight, we have
evidence that the data is sampled from a normal distribution. Before running the LOOCYV,
the normality plot is drawn in part A, as it is clear, the data are not distributed straightly.
The NPP is generally not normal. But, based on part B, the data are distributed closer to
mean. Therefore, the normality degree in part B (after running the cross-validation) is higher
than normality degree in part A (before running the cross-validation) or data has a
distribution that is not far from normal.

To apply the LOOCYV idea, we should start with a statistic that estimates the parameter, in
which we are interested in. We come up with a suitable statistic by appealing to another
principle that we often apply without thinking about it. In this sub-section, the proposed
approach clearly shows that the distribution of the original samples do not exactly follows
the normal distribution; however, the distribution of the LOOCV follows the normality
when the LOOCYV is applied for the construction project risks (see Fig. 5.). In comparison
between the original samples and LOOCV resamples for different risks, it is evident that the
LOOCV resamples are close to the normal distribution in comparison with the original
samples of project risks.
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Probability Plot of RF (common Risk Ranking)
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Part A: NPP for the RFs before running the LOOCV
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Probability Plot of RF (LOOCYV Risk Ranking)
Normal - 95% CI

95
90

80
70
60
50
40
30+
20

Percent

Mean
StDev

N

AD
P-Value

0.2453
0.05005

0.245
0.683

T T T
0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45
RF (LOOCV Risk Ranking)

Part B: NPP for the RFs after running the LOOCV
Fig. 5. NPP for the RFs in the project.

Matrix plot: A MP is a kind of scatter plot which enables the user to see the pair wise relationships
between variables. Given a set of variables Varl, Var2, Var3, .... the MP contains all the pair wise
scatter plots of the variables on a single page in a matrix format. The matrix plot is a square matrix
where the names of the variables are on the diagonals and scatter plots everywhere else. That is, if
there are k variables, the scatter plot matrix will have k rows and k columns and the ith row and jth
column of this matrix is a plot of Vari versus Varj. The axes and the values of the variables appear at
the edge of the respective row or the column. One can observe the behavior of variables with one
another at a glance. The comparison of the variables under study and their interaction with one
another can be studied easily as depicted in Fig. 6 for the construction project. This is why the matrix

plots are becoming increasingly traditional in the general purpose statistical software programs.
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Matrix Plot of RF (common Risk Ranking), RF (LOOCV Risk Ranking)
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Fig. 6. MP for the RFs befor and after running the LOOCYV in the project

The researchers have shown that resampling-based procedure based on the cross-validation)
can be easily applied to risk assessment in construction projects. In this paper, routines for
implementing the procedures described were calculated in Stat Add-in of Excel. Having
considered all different aspects involved in the projects' characteristics, proposed LOOCV
approach is very useful for risk assessment in these projects, because of the fact that it
provides accurate calculation which was discussed in this section. To ensure the
performance of the approach, the potential experts in the construction projects are requested
to check the risk approach prepared by using non-parametric statistical technique for
applicability, efficiency, and the overall performance of the approach. They confirmed the
results of proposed approach in the real world of large-scale construction projects.

6. Conclusion

In this paper, we have attempted to introduce the effective framework based on LOOCV
technique to the academia and practitioners in real -life situations. The cross-validation
technique has been used subsequently to solve many other engineering and management
problems that would be complicated for a traditional statistical analysis. In simple words,
the cross-validation does with the computer what we would do in practice, if it was
possible, we would repeat the experiment. Moreover, the LOOCV technique is extremely
valuable in situations where data sizes are small and limited, which is often the real case in
applications of project risk assessment. In the proposed model, the basic principle of the
LOOCV technique was explained for analyzing risks where a particular family of
probability distributions is not specified and original risk data sizes are small. In particular,
we have explained the LOOCV principle for estimating the SD of RFs associated with
climate change issues in the construction project. We have found that the LOOCV has
greater accuracy for estimating the SD of RFs than estimating the SD from original risks
data. SDs for RFs were remarkably reduced when the non-parametric LOOCV was applied.
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It has been found that the distribution of the original samples did not exactly follow the
normal distribution; however, the distribution of the LOOCYV followed the normality when
the proposed approach was applied (normality checking). Then, the NPP was provided in
order to compare the traditional ranking and the proposed ranking for the climate change
risks. The related results demonstrated that the proposed approach could assist top
managers to better assess the risks of climate changes in the gas refinery plant construction
in Iran. In future research, we may work on comparison of different non-parametric
resampling techniques on risk data of climate changes of construction projects.
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