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Abstract 

The current practice of expert judgment-based contingency cost allocation by owners lacks a 

holistic understanding of project risks, their causal relationships, and impact on project costs. This 

study presents an integrated fuzzy set theory and fuzzy Bayesian belief network model for a 

rational, realistic determination of contingency costs for infrastructure projects. The application of 

the model is demonstrated for real-world power plant projects in Bangladesh. The model has 

promising results for its ability to establish the amount of contingency costs with a maximum error 

of 20% between the contingency cost predicted with the model and the actual contingency cost. It 

has the potential to assist both the owner and contractor to set aside a realistic amount of 

contingency cost in the preliminary phase of a project. The approach is also equally useful for 

monitoring and controlling project risks, and dynamically updates the contingency cost amount 

during project execution.   

Keywords: Contingency cost, Cost overruns, Fuzzy set theory, Bayesian belief network, Power 

plant projects. 
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1. Introduction 

It is a commonplace feature worldwide for the owner’s costs of infrastructure projects to overrun 

their budget. In particular, energy infrastructure project cost overruns are a global issue, which has 

a direct impact on the pricing and regulation of electricity in a competitive market [1]. A study of 

international power infrastructure projects, for instance, found them to have a mean of USD 968 

million (66.3%) over budget regardless of their type, size, or location. This is the consequence of 

numerous risks and uncertainties involved in different project execution phases. While many 

strategies are deployed to control such costs, the most common is for owners to allocate a 

contingency amount in their (consultants’) cost prediction and budgeting process [2]. This is a 

reserved fund put aside to cover the impact of risks and uncertainty – protecting project owners 

from undesirable outcomes [3]. Although the contingency should be predicted, budgeted, and 

appropriately controlled throughout the project execution period [4], infrastructure projects are 

typically complex, and only a limited amount of information is usually available concerning their 

risks and uncertainties when estimating the likely owner cost involved – making the allocation of 

owner contingencies a relatively hazardous activity. The availability of, and access to, reliable 

historical cost information of similar projects is also a limiting factor [5].  

Several techniques are available for modeling owner contingencies, including expert judgment, 

risk analysis-based educated guessing [6], parametric (regression) modeling, probabilistic 

simulation (i.e., Monte Carlo simulation (MCS), probabilistic distribution models, etc.) [7], and 

artificial intelligence (i.e., fuzzy techniques, artificial neural networks (ANNs), etc.) [8]. Experts 

generally determine the amount as an arbitrary percentage of the owner’s predicted project cost 

solely based on their judgment and experience without rigorous risk analysis [4,7,9-11]. Such 

subjective, judgment-based contingency allocation is clearly not rational and lacks a sound 

justification [11-13]. Contingency allocation guided by risk analysis is arguably more realistic and 



3 
 

accurate than traditional expert judgment [6,7]. Parametric modeling and probabilistic simulation, 

on the other hand, provide a potentially more objective and quantitative approach [14], as they use 

potential and critical risks as variables. However, the appropriateness of the predicted amount is 

highly contingent on the selection of the variables’ probability distribution functions [15]. 

Moreover, a simple probability distribution requires a large risk-probability data set and 

corresponding cost values of the risks [16,17]. Previous similar projects are usually the main 

sources used to obtain this type of information. However, the contexts in which the projects are 

delivered can be significantly different for complex infrastructure projects due to differences in 

environmental, organizational, and project-specific factors, making the feasibility of using such 

information very limited.  

That contingency prediction is correlated with project cost and risks [3] means that cost estimators 

should be cautious in assessing the risks involved and allocating contingency accordingly [18]. 

Moreover, assessing the project risks involved and their impact on cost is not straightforward when 

many logical relationships exist between the risks producing cost overruns [19]. The risks in such 

complex infrastructure projects as power plants have fuzzy or uncertain cause-effect relationships 

in the networks [20]. A single probability and cost value for the risk in the networks is not capable 

of handling the uncertainties throughout the project execution phases. Probabilistic information 

about the risks and associated costs to ensure the quality of the contingency prediction is also hard 

to find from previous similar projects. Thus, owing to the lack of information concerning the 

potential risks and costs, estimators naturally resort to expert judgment, which is criticized for the 

vagueness, imprecision, and subjectivity involved. Pawan and Lorterapong [21] present a schedule 

contingency prediction model using fuzzy set theory, which can model the likelihood and impact 

of risk on project schedules with the aim of addressing this. However, their model does not 

consider the cause-effect relationships of the risks. In order to establish the schedule contingency, 

they evaluate the impact of risks based on possible delays involved. Therefore, a technique is 
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needed that can accommodate the subjectivity of expert judgments and the cause-effect 

relationships between the risks in risk networks. This will enable the realistic allocation of costs 

according to the risks and uncertainties in different project execution phases. A combination of 

fuzzy logic and Bayesian belief theory provides a promising tool for reducing the subjectivity of 

the experts’ judgments and handling the causal interdependencies involved [22]. 

This study, therefore, aims to develop a novel risk induced contingency cost prediction model to 

improve the current practice of estimating project contingencies with a particular focus on power 

plant construction projects. The model uses a fuzzy set theory for contingency cost prediction 

guided by the outcomes of a modified fuzzy Bayesian belief network (FBBN)-based risk 

assessment.  

The specific contributions of this study are as follows: 

● A novel contingency cost prediction model is developed by adopting fuzzy set theory 

guided by a modified FBBN-based probabilistic risk assessment for allocating contingency 

costs to individual risks and the overall project. The model advances the application of the 

fuzzy set theory-based time contingency model developed by Pawan and Lorterapong [21] 

to predict the contingency cost of a project.  

● The model requires significantly less probabilistic data elicitation from experts, which not 

only saves data collection time and effort but also reduces the computational load on the 

model compared to the commonly used FBBN models. 

● The model presents a practical tool for contingency allocation decision making and cost 

control of complex power plant projects, as the cost and risk information of a few similar 

previous projects (i.e., 3-4 projects) are required for its application. This approach 

overcomes a major limitation of data-intensive contingency cost prediction models.  
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The remainder of this paper is organized as follows. First, an overview of the literature relating to 

cost overrun risks in infrastructure projects and associated contingency cost models is presented. 

Second, the research methodology and model development approach is discussed, and a developed 

risk induced power plant contingency model is structured and demonstrated. Third, the model is 

verified using error analysis and fuzzy quality index analysis. Risk response planning and 

contingency allocation is then demonstrated based on the model, and a guide to practitioners for 

implementation is proposed. Finally, we provide concluding remarks concerning the specific 

applications and limitations of the model.  

 

2. Literature Review 

2.1. Cost Overrun Risks in Infrastructure Projects 

Understanding the risk scenarios of complex infrastructure projects is the first step to achieving 

the expected level of accuracy in cost contingency prediction. In this section, some relevant studies 

are briefly discussed to comprehend the risks scenarios of complex infrastructure projects in 

different parts of the world.  

Choudhry et al. [23] study the schedule and cost risks encountered in bridge construction projects 

in Pakistan and developed a risk management guideline. They use a five-point Likert scale for risk 

evaluation and identifying the critical risks involved. Following this, they ran an MCS to determine 

the cost and schedule impacts of the critical risks of a case project. Their study identifies that 

unexpected bad weather, approval delay from the regulatory authority, design changes because of 

inadequate site investigations, materials’ unavailability, and fund shortages or delayed payments 

are the critical cases of cost overruns. The critical issue for the experts applying their approach is 

to assign triangular costs and durations for a specific risk. Liu et al. [24] present an MCS-based 
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quantitative risk assessment model facilitating decision making for investment variables that have 

a direct relationship with risk events. Traditional MCS models disregard the interrelationships 

between risks and between the risks and cost variables and fail to address the consequence of 

extreme risk events. To overcome these issues, they introduce an advanced MCS model integrating 

Spearman rank correlation to determine the correlations between the risk parameters and quantify 

the possible losses in case of low frequent-extreme events. They demonstrate the model using a 

case study of an oil refinery project in Brazil. Raw material supply risks, price fluctuations of oil 

and gas in the international market, changes in economic parameters (exchange rates, interest rates, 

inflation, etc.), schedule delays, cost overruns, and changes in the political situation are found to 

be the major risk events influencing investment decisions. Chang and Ko [25] also demonstrate an 

advanced application of MCS, where parametric cost prediction is linked with the quantitative 

assessment of specific risk sources instead of assessing risk as a whole-of-project concept. They 

apply the model to BOT (Built-Operate-Transfer) sewage projects in Taiwan. The major risk 

sources are financial risks (exchange rates, interest rates, inflation, etc.), construction risks (site 

acquisition delays, schedule delays, design changes, cost overruns, etc.), and operating risks (i.e., 

poor performance, contract termination, etc.). Kumar et al. [26] apply a Net Present Value (NPV)-

at-risk model using an MCS modeling cash flow scenario of BOT highway infrastructure projects 

in India. They identify the major risks and uncertainties associated with the input parameters in 

project cash flow to support project investment decisions. The major risks are land acquisition 

delays, cost overruns, inflation rates, interest rates, and uncertainty in traffic demand. Kassem et 

al. [27] study the basic relationships between internal risks and their impact on the success or 

failure of oil and gas projects in Yemen using a partial least square structural equation model for 

structuring the effects of risks propagating to project success rates. Accordingly, they found that 

project management issues with the feasibility study and supply of resources and materials have 

significant effects on project success. Khodeir and Nabawy [28] study the construction risks 
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encountered in infrastructure projects in Egypt. They identify the potential risks involved using a 

risk breakdown structure and conduct a checklist analysis approach to find the major risks. Finally, 

they develop a comprehensive risk register to facilitate the risk management of infrastructure 

projects. Technical risks (i.e., unskilled technical people handling high-tech equipment, and 

equipment shortages), the unavailability of materials, contractor’s cash flow problems, escalation 

of material prices, inflation, poor resource management, unpredictable bad weather, and unstable 

political situations are identified as the major risks in completing projects on time and within the 

agreed budget. Ghazali and Wong [29] apply an Analytical Hierarchy Process (AHP) for ranking 

the risks encountered in tunnel construction projects in Malaysia and find that inaccurate cost 

prediction, unforeseen events, changes in design, the country’s poor economy, inflation, and 

fluctuation in exchange rates to be some critical causes of cost overruns. Jung et al. [30] develop 

an integrated risk analysis and cost contingency model for public construction projects in South 

Korea using AHP, fuzzy set theory, and failure mode and effect analysis (FFMEA). They evaluate 

the risks and propose risk management preparation followed by contingency prediction. During 

risk analysis, they consider three variables of risk frequency, impact, and detection time, instead 

of using a single variable of total risk possibility. The cost contingency prediction model is 

demonstrated using such major risks as schedule delays due to design changes, project complexity, 

changes in site condition and workability, and lack of understanding of the client’s requests. Pham 

et al. [31] study the causes of cost overruns in transmission line projects in Vietnam, as such 

projects are less focused in this research domain. They apply factor analysis to identify the factors 

most influential in causing cost overruns, finding that lack of resources, poor management, lack 

of collaboration between the parties, organization and project policies to be critical causes of cost 

overruns. Previous studies mostly consider endogenous factors (i.e., project characteristics) and 

ignore exogenous factors (i.e., political, governance, and economical issues) to understand the cost 

overruns of public infrastructure projects. Thus, Catalão et al. [32–34] dedicate their research to 
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discover the influences of exogenous factors on the cost overruns of public projects in Portugal, 

as 42% of public infrastructure projects there has a significant level of cost overrun [34]. For 

example, Catalão et al. [32] investigate the cost overruns associated with transport, hospital, and 

school projects from a public management perspective, finding that electoral periods of forming 

a new government, the government regulatory framework, and some economical parameters (GDP 

growth, inflation, public investment, etc.) sharply influence project cost performance. In another 

study, Catalão et al. [34] discover the cost performance of projects under local governments to be 

better than for central government projects, although they disregard the significance of project 

characteristics (size, type, delivery system, etc.) on cost overruns.  

Li and Wang [35] evaluate the cost overrun risks of Chinese power plant projects under the public-

private partnership (PPP) type of contract. The significant risks leading to cost overrun are the 

complexities in accessing credit funds from various sources, financing environmental risks, 

frequent government changes, and improper risk allocation between projects parties. Eybpoosh et 

al. [31] construct risk networks to understand the most critical risk paths and their influence on 

cost overruns on Turkish power plant projects. They identify such contractor-specific causes as 

shortages in monetary, technical, and human resources to be the most critical cost overrun risks 

involved. Ebrahimnejad et al. [36] identify and assess the risks in BOT infrastructure projects by 

developing and demonstrating a fuzzy multi-attribute decision-making model. The model uses 

both the Fuzzy Technique for Order Preference by Similarity to Ideal Solution (FTOPSIS) and the 

Fuzzy Linear Programming Technique for Multidimensional Analysis of Preference (FLINMAP) 

methods. They find these methods useful for decision making based on both quantitative and 

qualitative criteria for risk assessment. They compare both methods and identify the critical risks 

in BOT power plant projects in Iran. They highlight that the risks originating at the initiation and 

planning stage (i.e., feasibility studies, cost predictions, contract negotiations between the major 
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parties, and bank guaranties) have a greater impact on project performance in terms of scheduled 

time and budgeted cost.  

In terms of energy sources, Nuclear power plant projects have the highest cost overruns worldwide 

at 117%, followed by hydropower plants with over 70% [37]. Similarly, 60% of the Ugandan 

hydropower plant projects examined by Awojobi and Jenkins [38] encountered a cost overrun of 

more than 20% of the predicted cost. Xia et al. [39] find government corruption, bureaucracy, tight 

schedules, lack of adequate competition at the tender stage, government interference, and defective 

design to be the most significant risks leading to hydropower plant project cost overruns. On the 

other hand, Wind power plants face many unique issues (e.g., huge investment at the initial phase, 

site selection complexity, and environmental constraints) that make them very challenging, 

generally experiencing many cost overruns worldwide [37]. Kucukali’s [40] study of Turkish wind 

power projects, for example, particularly focuses on external risks (socio-political, environmental, 

and economic). The results indicate that changes in laws and regulations, environmental issues 

(finding a sufficient wind flow, preserving wetland, protecting natural areas, and avoiding main 

bird migration routes), long transmission lines for grid connections, and constraints on granting 

land use and construction permits because of their possible impact on nearby residents significantly 

affect their cost performance. Islam et al. [41] study the cost overrun scenario of power plant 

projects in Bangladesh, developing a novel modified fuzzy group decision-making approach 

(FGDMA). The major risks in Bangladeshi power plant projects are the owner’s complex 

bureaucratic system, land acquisition delays, delays in procurement, delays in decision making, 

and unavailability of materials and equipment. In a further study, Islam et al. [42] investigate the 

interrelationships between the risks causing cost overruns in power plant projects and establish 

them using a modified fuzzy Bayesian belief network (FBBN) model. The study discovers that 

some major risks (i.e., change orders, construction delays, improper soil investigations (unforeseen 

ground conditions), and inflation) have a direct impact on increased project costs. 
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2.2. Contingency Cost Modeling in Academic Studies 

Estimating the contingency amount for construction projects is one of the most challenging tasks 

due to their unique project characteristics. Traditionally, a defined percentage of the predicted 

initial project cost is budgeted. In recent years, such approaches as parametric regression, 

probabilistic distribution and simulation, and artificial intelligence-based methods have gained 

attention, mostly focusing on such complex transportation projects as highways, tunnels, airports, 

railroads, and road construction.  

Those that involve risk induced contingency cost modeling include Diab et al.’s [8] combination 

of expert judgment and stepwise regression to derive the amount of cost contingencies for a U.S. 

highway transportation project –regarded as more realistic than the traditional approach. Thal et 

al. [7] use multiple linear regression for determining the contingencies of U.S. air force projects, 

with significant risks treated as variables and probabilistically independent. Sonmez et al. [43] 

develop a regression model to facilitate decision making for risk induced contingency cost 

allocation for a variety of projects worldwide. However, since regression analysis provides a 

deterministic model, it requires data from a substantial number of similar previous projects [44], 

which, as pointed out earlier, is usually not available for complex infrastructure projects. Hoseini 

et al. [45] study cost and cost contingency performance in the execution phases of water 

infrastructure projects in Netherlands and compute the contingency costs of both the clients and 

contractors of different projects. They analyze the projects’ cost data using simple descriptive 

statistics and estimate the contingency cost as a percentage of the required base cost of a project. 

However, they could not develop any contingency cost prediction model for future projects − 

rather they made a comparison of the estimated contingency costs of client’s and contractor’s 
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projects, and explain their variation by pessimism and optimism bias to assist practitioners in the 

realistic budgeting of future projects.  

One alternative is Monte Carlo simulation (MCS), with Shahtaheri et al. [46], for example, 

proposing an MCS-based approach for the contingency cost management of complex projects by 

integrating probabilistic risk assessment with deterministic cost prediction. Allahi et al. [47] use 

MCS to obtain the probabilistic distribution of contingency cost for a railroad project by 

considering the probability of occurrence of project risks. Barraza et al. [4] use MCS to assign a 

contingency cost to each activity in the work breakdown structure of a hypothetical industrial 

project. Maronati and Petrovic [9] mention that “the cost contingency is typically estimated using 

statistical analysis or judgment based on past asset or project experience.” Accordingly, they use 

MCS to evaluate uncertainties and risks based on subjective judgment. They predict project costs 

from both correlated and uncorrelated variables and simulate individual cost variables (cost of a 

work, price of materials and equipment) – simulated separately and then combined for modeling 

project total cost. Usually, MCS-based cost prediction models assume the cost items are discrete 

and normally distributed; however, they consider the distribution-free rank correlations between 

cost variables for modeling project costs.  

Chang and Ko [25] also develop an MCS-based integrated risk assessment and cost prediction 

approach. They demonstrate the application of MCS in modeling net present value (NPV) with the 

micro-level modeling of each activity/event cost, time-dependent revenue, and associated risk 

impacts. They use expert judgments for assessing the risks and their cost impact on specific project 

activities and consider the financial losses of the risks as cost variables for simulating project 

activity costs. However, their assumption of no correlation between risk sources, along with the 

limitation of MCS of handling the imprecision and vagueness in subjective judgment, reduces the 

credibility of their model when applying it to complex infrastructure projects. The risks in complex 
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infrastructure projects are highly inter-correlated [48] and produce significant cost impacts [9]. 

Another possibility is the artificial neural network (ANN), which can handle both the complex 

and nonlinear relationships between the input and output of models based on discrete data sets and 

noisy data sets with missing values. Lhee et al. [49], for instance, propose an ANN-based risk 

induced contingency cost model for transportation projects, claiming it to be more accurate. 

However, the availability of sufficient quantitative risk assessment data from similar projects is a 

significant challenge for practical applications of regression analysis, MCS, and ANN, which have 

also been criticized for their shortcomings in handling uncertainty [21,50].  

Previous studies of power plant projects, despite their well-known serious cost overruns [51], pay 

less attention to developing and validating contingency cost models – focusing instead on their 

unique attributes. Usually, energy infrastructure projects (i.e., power plants) are complex, and the 

project context and working environment vary significantly between projects – exacerbating the 

problem of data availability. Previous contingency studies propose methodological modifications 

to address this situation. For example, Idrus et al. [11] propose the use of a fuzzy expert system, 

which can accommodate the subjective judgments of experts; Salah et al. [10] use fuzzy set theory; 

and Jung et al. [30] apply fuzzy-FMEA. Plebankiewicz [52] develop a fuzzy-Mamdani method for 

predicting the probabilities and percentages of cost overruns, with an estimated cost of individual 

work packages or whole projects. The model considers the critical factors affecting the cost 

overruns of a project and can assist contractors plan for the most uncertain works in the execution 

phases of a project. Afzal et al. [53] propose a cost overrun management framework considering 

significant risks involved in complex and uncertain metropolitan transit projects in China. Their 

framework integrates fuzzy-AHP and MCS, as fuzzy logic handles the uncertainty and subjective 

judgments involved in risk assessment and management, AHP finds inherent interactions between 

the risks, and MCS performs better for cost-risk contingency simulation using the risk probabilities 
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associated with the project’s complex interdependencies between various activities and associated 

resources.   

Previous studies consider risks as independent variables for contingency cost modeling – a critical 

limitation of their models, as the risks in complex projects are not independent: in many cases, 

they are interdependent [38,40]. To address this feature, a Bayesian belief network approach has 

been integrated with fuzzy logic (i.e., FBBN) for risk assessment in several studies [46-49]. 

However, these do not go far enough to leverage risk assessment to contingency cost prediction. 

Moreover, existing FBBN models have practical limitations in the construction of cause-effect 

relationships between the risks, and their probabilistic evaluations depend entirely on the intuitive 

knowledge, experience, and judgment ability of domain experts [22]. In response, Islam et al. [42] 

propose a modified FBBN model to assess the probability of occurrence and cost impact of risks. 

This is further modified with the fuzzy set theory presented by Pawan and Lorterapong [21] in the 

present study for contingency cost prediction of such complex infrastructure projects as power 

plants. Catalão et al. [34] develop a model for computing the probability of project cost overruns 

using a probit model, where such exogenous factors as political, governance, and economic 

determinants along with project characteristics are considered. However, they do not quantify the 

amount of contingency required to control cost overruns.  

A comparison of contingency cost models/tools is presented in Appendix 1 for a basic 

understanding of their characteristics, advantages, and limitations for further improvement.  

2.3. Contingency Cost Modeling in the Real World 

Beyond the research-based models/tools listed in Appendix 1, different organizations/departments 

in the United States, United Kingdom, and Australia propose or develop some practical 

tools/approaches for contingency cost modeling in real life projects. For example, The U.S. 

Department of Transport Federal Transit Administration [58] revised the allocated contingency 
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cost based on critical risk analysis and the beta probability distribution function. They consider 

expert interviews for latent contingency and historical cost data for patent contingency. The 

practical challenges of using their model are to have a sufficient quantity and quality of cost data. 

A quality data set means there will be no missing data and that the data represents real-life costs 

of the different work items of similar previous projects. They also develop a project contingency 

curve by considering the varying risk profiles in different project phases. The Nevada Department 

of Transport (NDOT), USA [59] integrates risk assessment and management with cost estimation 

at the project development phase. NDOT uses MCS as a tool for quantitative analysis of the risks 

involved and their cost impact. With the outcome of the MCS analysis, they add 3 to 7% of the 

contract price as a contingency percentage based on the project size in millions of dollars. They 

must consider project size in the budgeted cost, project delivery methods, and risk management 

strategies for allocating the contingency percentage. This contingency cost covers unforeseen 

risks/changes in the construction phases, including owner-induced variations in work quantity. The 

Queensland Government’s DTMR [60] models contingency as the cost of residual risks. 

Accordingly, it requires a project risk profile and the probabilistic level of risk occurrence. The 

contingency allocation/quantification for each cost item depends on the risk management process 

following ISO 31000:2009. For the uncertain nature of risks, project management professionals 

allocate a contingency based on their risk assessment and experience-based judgment [60].  For a 

complex project, they advise following the probabilistic risk evaluation and contingency cost 

estimation method, stating that “There is no specific formula or linear correlation between a 

contingency allowance for risk exposure determined by a percentage basis or by a probabilistic 

basis.” Australian Governments’ infrastructure management department [61] also advises applying 

probabilistic contingency estimation to major infrastructure projects. It is clearly declared that 

contingency cost is allocated to bear risks in the project execution phases through a realistic risk 

quantification tool at the project development stage. They recommend using machine learning tool 



15 
 

such as Monte Carlo simulation. The process involves assessing the risk and uncertainty 

parameters and modeling the costs of risks as a contingency. The Infrastructure Risk Management 

(IRM) group in UK [62] have developed a contingency estimate approach, which is outlined as: 

(1) risks should be presented as a range estimate to facilitate informed decision making at a 

particular strategic level; (2) setting up risk allowances using risk analysis by reference class, 

instead of optimism biased, forecasting; and (3) the integration of risk and cost estimation for 

completeness and to avoid exaggeration. Overall, cost estimates should be guided by risk analysis, 

where risk data and project cost items are modeled together side-by-side. Moreover, they clearly 

mention that the contingency estimate depends on organizational context, their business strategies, 

and the development stages of a project.  

While many organizations [58–62,64], including the American Association of Cost Engineering 

(AACE) [65,66], recommend applying MCS to contingency cost estimation of real-life projects, 

there is no consensus among experts or organizations for contingency cost modeling. However, 

some specific guidelines are provided for estimators practicing integrated risk analysis and risk 

management-based contingency cost estimation approaches [63]. After critical risk and cost 

analyses, the estimators are urged to make a judgment for allocating contingency cost depending 

on the specific project context [61].  

 

3. Research Methodology and Model Development  

The relevant literature is first reviewed to understand the potential and critical cost overrun risks 

encountered in power plant and similar infrastructure projects. Next, the previously developed 

models or tools used for cost overrun risk analysis and contingency cost modeling are critically 

discussed, finding suitable models/methods or any research gap for further improvement of those 

models/methods for the risk induced contingency cost modeling of the power plant projects.  
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The methods/models previously developed and listed in Appendix 1, such as MCS, ANN, and 

stepwise/multivariate regression model, have limited applications in the risk assessment and 

contingency cost modeling/prediction of infrastructure projects due to the lack of good quality data 

recorded from similar previous projects. Some studies [9,67] use MCS based on a subjective data 

set, which can be recognized as an improvement of data-intensive models. However, such 

assumptions as distribution type (i.e., lognormal, multivariate normal, gamma, etc.) and judgment 

bias are critical constraints to applying this model. Except the model presented by Maronati and 

Petrovic [9], all other models/methods (Appendix 1) assume that the risks and their associated 

costs are discrete variables, and ignore the inter-relationships between the risks. However, previous 

studies [48,68] have found that the risks in complex projects are highly co-related, and the cost 

items (i.e., direct or indirect costs) are also not independent but influence each other in many cases 

[9].  

On the other hand, some studies [10,11,30] propose fuzzy expert systems to model contingency 

cost in encountering risk and uncertainties in complex projects (Appendix 1). The fuzzy methods 

can accommodate imprecision, vagueness, and judgment bias, and overcome data limitations. 

However, they disregard the inter-relationship between risks, do not address data 

reliability/consistency, and assign the same weight to all experts regardless of their experience 

level, knowledge, and positions in risk/project management, which has a significant influence in 

risk evaluation [30,41,69,70].  

To handle the probabilistic inter-relationships among the risks in complex infrastructure projects, 

many researchers [71–76] apply Bayesian belief network (BBN) theory. A BBN, or simply a risk 

network, is a Directed Acyclic Graph consisting of a set of nodes and edges, where nodes represent 

variables, and edges represent probabilistic causal dependencies among the variables [71]. The 

nodes, which are influenced by the probabilistic states of other nodes, and the edges directed into 
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them, are called child/dependent nodes. The nodes, which have a causal influence on other nodes 

and the edges directed from them, are called parent nodes. The parent nodes, which are not 

influenced by any node, are called independent nodes. Thus, the BBN has both dependent and 

independent nodes. For the risk analysis of a complex infrastructure project, the risks are 

considered as nodes or variables, and the probabilistic causal dependencies between the risks are 

represented by edges/arrows directed from a parent risk to a child risk [59-61]. An example of the 

risk networks for assessing power plant project risks based on the typical BBN model is shown in 

Appendix 2. In the BBN, risk probability is evaluated by a ‘single point estimate’ for the truth or 

falsity of any event occurring. However, assessing risk or uncertainty with a single point 

probability is critical for domain experts. Thus, some studies [46-48] add fuzzy logic with BBN 

(i.e., FBBN) to evaluate the probabilistic fuzzy states (e.g., three-point estimates) of the risks and 

their causal relationships. The previously applied original FBBN model demands a huge amount 

of probability data to be gathered if the dependent risk has four or more parent risks. For instance, 

if a risk has seven parents and four fuzzy states (i.e., low, medium, high, and a very high probability 

of risk), the original FBBN requires 47 = 16,384 conditional probabilities to compute the 

probability of that risk. To overcome this limitation of the original FBBN model, Islam et al. [42] 

present a modified FBBN model, which is an integration of a modified FGDMA and canonical 

model.  The modified FBBN uses the canonical model (from advanced Bayesian theory) instead 

of the commonly used Bayes theorem [46-48], as the canonical model assumes the causal influence 

of a parent risk on the dependent risk is independent of other parent risks. Thus, the model requires 

only seven probability values (i.e., seven parent risks will produce seven independent pairs with 

the dependent risk) compared to 16,384 conditional probabilities. This considerably diminishes 

the time and effort needed of the experts to provide conditional probability data, as the domain 

experts can easily evaluate one-to-one causal influences between a parent and its dependent risk 

without considering the influences of all parents on the dependent risk [79]. This also reduces the 
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possibility of judgmental error providing too many probability values, and decreases the 

computational load on the model [80]. Details of the canonical model can be found in Gingnell et 

al. [80] and Pearl [81]. The particular advantages of integrating the modified FGDMA [41] with 

the canonical model are inherent in its ability to work with a small data set and model the 

imprecision and vagueness involved in the subjective assessment of the risk probability, and its 

consequential effect on project costs.  

However, Islam et al. [42] only assess the risk using the modified FBBN model and do not proceed 

further to contingency cost prediction based on the risk assessment findings, which indicates a 

clear research gap. On the other hand, Pawan and Lorterapong [21] present a fuzzy set-based time 

contingency prediction model, where the probability of risk occurrence is directly elicited from 

experts, and no in-depth risk analysis is conducted. Therefore, the present study develops a risk 

induced contingency cost prediction model combining the modified FBBN [42] and fuzzy set 

theory-based contingency modeling [21] for overcoming the gaps identified from the above 

discussion. 

4. Risk Induced Contingency Cost Prediction Model 

An integrated risk assessment and contingency cost prediction model is proposed. This combines 

the modified FBBN model [42] and fuzzy set-based contingency cost prediction model [21]. In 

this integrated approach, the modified FBBN assesses the probabilities of the potential and critical 

risks, which become the inputs of the fuzzy set-based method for contingency cost prediction. The 

fuzzy set-based contingency prediction model predicts the trapezoidal (four-point estimate) fuzzy 

contingency costs, defuzzified value of the predicted contingency cost, fuzzy quality index (FQI) 

of the trapezoidal contingency cost, and agreement index (AI) between the trapezoidal predicted 

contingency cost and the allocated contingency cost. Finally, the model enables risk response 

planning and contingency cost budgeting based on the agreement index. A framework of the 
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proposed contingency cost prediction model is presented in Fig. 1. The following sub-sections 

describe the modified FBBN model and fuzzy set-based cost contingency prediction model step-

by-step.  

 
Fig. 1. Framework of the risk induced contingency cost prediction model 

 

4.1. Modified Fuzzy Bayesian Belief Networks for Risk Assessment  

 

Details of the modified FBBN model are provided in Islam et al. [42]. This modified FBBN 

provides the prior probabilities of individual risks responsible for causing cost overruns, posterior 

probabilities of these risks, and overall project risk probability of the cost overrun. The prior 

probability of an individual risk derived from the FBBN model, however, needs to be weighted to 

ensure the sum of the probabilities of all risks is unity. For example, a power plant project cost 

overrun is mainly caused by four major risks – change orders (R1), construction delays (R2), 

improper soil investigation (R3), and inflation (R4) [42]. The prior probabilities (pi) of these risks 

– R1, R2, R3, and R4 – are calculated from the modified FBBN analysis. The following equation 

is then applied to find the weighted prior probabilities (WPi). 
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 WPi= 𝑝𝑝𝑖𝑖
∑ 𝑝𝑝𝑛𝑛
𝑖𝑖=1 𝑖𝑖

 , i = 1, 2, 3, …, n (1) 

The cost overrun (C1) of an individual project will be distributed among the risks according to this 

weighted prior probability, WPi. For example, the cost overrun for R1 is WP1 * C, where C denotes 

the percentage cost overrun. Similarly, if a particular project group (i.e., equal designed power 

production capacity) has four different projects constructed in varying locations, it will provide a 

fuzzy set with four elements (i.e., a, b, c, d) for cost overruns produced by an individual risk on 

the condition that a<b<c<d. 

 
4.2. Fuzzy Contingency Cost Modeling (FCCM) 

Among the variety of contingency cost models, risk analysis guided contingency allocation is 

arguably more realistic and accurate compared to the expert judgment-based traditional technique 

[6,7]. To address this issue, a novel fuzzy set-based model is proposed. Two variables, namely the 

probability of the risk(s) and corresponding cost impact in terms of a fuzzy set (i.e., triangular or 

trapezoidal), are needed. The FBBN method provides the causal relationships between the risks 

and their probabilities. The method also provides the posterior probability distribution for the 

parent risks of a dependent risk (i.e., by distributing the percentage of cost overruns of similar 

projects among them based on the posterior probability distribution). The following steps are 

applied to compute the fuzzy contingency cost for a particular risk, project phase, or the whole 

project as appropriate [21]. 

1. Let a fuzzy set (𝑓𝑓𝑅𝑅𝑖𝑖) representing the cost values of a risk (𝑅𝑅𝑖𝑖) be 

𝑓𝑓𝑅𝑅𝑖𝑖= {(𝑎𝑎, 𝑏𝑏, 𝑐𝑐,𝑑𝑑),𝛼𝛼𝑖𝑖}, 𝛼𝛼𝑖𝑖 ∈ (0, 1),𝑎𝑎 < 𝑏𝑏 < 𝑐𝑐 < 𝑑𝑑     (2) 

The fuzzy contingency cost for a risk, 

                     𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖 = { (𝑎𝑎.𝛼𝛼𝑖𝑖 , 𝑏𝑏.𝛼𝛼𝑖𝑖, 𝑐𝑐.𝛼𝛼𝑖𝑖,𝑑𝑑.𝛼𝛼𝑖𝑖), 1}     (3) 
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where 𝑖𝑖 indicates a risk instance, 𝛼𝛼𝑖𝑖 denotes the posterior probability of a risk of a 

particular project, and 𝑎𝑎, 𝑏𝑏, 𝑐𝑐, 𝑑𝑑 are the distributed cost overruns for an individual risk 

calculated from four different projects having equal power production capacity. These 

cost overruns of four different projects are the direct effect of risk (𝑅𝑅𝑖𝑖) on individual 

projects. Thus, the cost value of a risk can be computed from different cost overruns 

and risk scenarios of a specific size and type of project using posterior probability.  

2. The fuzzy contingency cost for a dependent risk (FCCd) with two or more independent 

and/or parent risks is simply the fuzzy sum of the contingency cost of the independent 

and/or parent risks. The fuzzy contingency cost of a project (𝐹𝐹𝐹𝐹𝐹𝐹𝑝𝑝𝑖𝑖) is the sum of the 

cost contingencies for the risks (dependent and independent) directly impacting on 

project cost [11]. 

FCC𝑑𝑑 =  ∑ 𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖𝑛𝑛
𝑖𝑖=1   (4) 

FCC𝑝𝑝𝑖𝑖 =  ∑ 𝐹𝐹𝐹𝐹𝐹𝐹𝑑𝑑𝑛𝑛
𝑑𝑑=1 + ∑ 𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖𝑛𝑛

𝑖𝑖𝑛𝑛𝑑𝑑=1   (5) 

where 𝐹𝐹𝐹𝐹𝐹𝐹𝑑𝑑 and 𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖 indicate the contingency cost assigned to the immediate 

dependent and independent risks, respectively. In case of some dependent risks that 

are influenced by other dependent risks and independent risks, Eq. 5 can be used to 

find their fuzzy cost contingencies. It is noted that the sum of two fuzzy sets is different 

from the normal algebraic sum. For example, the sum of two fuzzy sets, i.e., �̃�𝐴 =

(𝑎𝑎1, 𝑏𝑏1, 𝑐𝑐1,𝑑𝑑1), and 𝐵𝐵� = (𝑎𝑎2, 𝑏𝑏2, 𝑐𝑐2,𝑑𝑑2) is calculated by [82] 

              �̃�𝐴 ⊕  𝐵𝐵� = (𝑎𝑎1 + 𝑎𝑎2, 𝑏𝑏1 + 𝑏𝑏2, 𝑐𝑐1 + 𝑐𝑐2,𝑑𝑑1 + 𝑑𝑑2)              (5) 

3. If there are two or more projects in a group, the fuzzy set for the contingency cost of a 

project group is the fuzzy average of the contingency cost of individual projects in the 
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group. For example, the predicted fuzzy set for the contingency cost for a group of 

projects is 

FCCg = 𝐴𝐴𝐴𝐴𝐴𝐴 [�𝐹𝐹𝐹𝐹𝐹𝐹𝑝𝑝𝑖𝑖�𝑎𝑎], 𝐴𝐴𝐴𝐴𝐴𝐴 [(𝐹𝐹𝐹𝐹𝐹𝐹𝑝𝑝𝑖𝑖)𝑏𝑏], 𝐴𝐴𝐴𝐴𝐴𝐴 [(𝐹𝐹𝐹𝐹𝐹𝐹𝑝𝑝𝑖𝑖)𝑐𝑐],𝐴𝐴𝐴𝐴𝐴𝐴 [(𝐹𝐹𝐹𝐹𝐹𝐹𝑝𝑝𝑖𝑖)𝑑𝑑] 

 = [p, q, r, s]  (6) 

where p = 𝐴𝐴𝐴𝐴𝐴𝐴 [�𝐹𝐹𝐹𝐹𝐹𝐹𝑝𝑝𝑖𝑖�𝑎𝑎], q = 𝐴𝐴𝐴𝐴𝐴𝐴 [(𝐹𝐹𝐹𝐹𝐹𝐹𝑝𝑝𝑖𝑖)𝑏𝑏], r = 𝐴𝐴𝐴𝐴𝐴𝐴 [(𝐹𝐹𝐹𝐹𝐹𝐹𝑝𝑝𝑖𝑖)𝑐𝑐], and s = 

𝐴𝐴𝐴𝐴𝐴𝐴 [(𝐹𝐹𝐹𝐹𝐹𝐹𝑝𝑝𝑖𝑖)𝑑𝑑]; p, q, r, and s indicate the elements of a trapezoidal fuzzy set for the 

predicted contingency cost of a project group (for example, heavy fuel oil (HFO), 

combined cycle power plant (CCPP), or natural gas (NG), etc.). 

4. The defuzzification of the trapezoidal contingency cost can be derived from [83] as 

       (𝐹𝐹𝐹𝐹𝐹𝐹𝐴𝐴)𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 =  1
3

 [(𝑝𝑝 + 𝑞𝑞 + 𝑟𝑟 + 𝑠𝑠) − 𝑟𝑟𝑟𝑟−𝑝𝑝𝑝𝑝
(𝑟𝑟+𝑟𝑟)−(𝑝𝑝+𝑝𝑝)]  (7) 

 
5. Now, let this defuzzified FCCg be the predicted contingency cost (CCP) calculated 

from the model, COP the actual cost overrun of a real-life project, and RP the predicted 

risk probability of the project, then the adjusted contingency cost can be expressed 

from [21] as 

Adjusted contingency cost (𝐹𝐹𝐹𝐹𝐴𝐴𝑑𝑑𝐴𝐴) = 𝑅𝑅𝑃𝑃 × 𝐹𝐹𝐶𝐶𝑃𝑃 (8) 
 

This adjusted contingency cost is considered as the actual contingency for error 

analysis of the predicted contingency cost (CCP) of a project. This adjusted 

contingency cost is computed based on the concept that if there is certainty (i.e., risk 

probability is 100%) of a risk occurring similar to the previous project, then the project 

will have the same percentage of cost overrun encountered in that previous similar 

project. Thus, to handle such a level of cost overrun, an equal amount of contingency 

must be assigned. In reality, the project management team will take some measures to 

control risk, and the risk level will be reduced to the 𝑅𝑅𝑃𝑃 (predicted risk probability) of 
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a project; thus, the adjusted contingency is considered equal to the product of risk 

probability (𝑅𝑅𝑃𝑃) and cost overrun of a specific project (𝐹𝐹𝐶𝐶𝑃𝑃).  

 
6. As discussed earlier, modeling uncertainty using expert judgment is subject to bias and 

imprecision. Thus, it is important to justify the quality of their judgment by evaluating 

the degree of vagueness (or preciseness) in their recommended amount. This can be 

measured by a fuzzy quality index (FQI), which is a combined term for measuring the 

level of fuzziness and ambiguity of the amount. The lower value of FQI indicates a 

higher level of precision in the experts’ judgment and vice versa. The fuzziness for a 

given set A(x) can be obtained from Shaheen et al. [84] as 

F (A) = 𝑏𝑏 − 𝑎𝑎 − ∫ ∣ 2𝐴𝐴(𝑥𝑥) − 1 ∣ 𝑑𝑑𝑥𝑥𝑏𝑏
𝑎𝑎   (9) 

where 𝑥𝑥 ∈ 𝑋𝑋,𝑎𝑎𝑎𝑎𝑑𝑑 𝑋𝑋 = [𝑎𝑎, 𝑏𝑏]. The ambiguity for a trapezoidal number (𝑎𝑎1,𝑎𝑎2,𝑎𝑎3,𝑎𝑎4) 

can be measured as 

𝐴𝐴𝐴𝐴 (𝐴𝐴) = 𝑎𝑎3−𝑎𝑎2
2

+  (𝑎𝑎4− 𝑎𝑎3)+ (𝑎𝑎2− 𝑎𝑎1)
6

  (10) 

where 𝑎𝑎1,𝑎𝑎2,𝑎𝑎3 represent the triangular fuzzy number for a set 𝐴𝐴(𝑥𝑥) provided by an 

expert. The 𝐹𝐹𝐹𝐹𝐹𝐹 is then computed as 

               𝐹𝐹𝐹𝐹𝐹𝐹 =  𝐹𝐹(𝐴𝐴)+𝐴𝐴𝐴𝐴(𝐴𝐴)
2

  (11) 

 

7. In setting up a risk response plan in relation to the agreement index (AI) between the 

predicted fuzzy contingency cost and budgeted contingency cost (BCC), a decision 

maker can assign a crisp contingency cost, which needs to be converted to a fuzzy 

number as {(0,0,0, 𝑥𝑥), 1}, where x represents the budgeted crisp contingency. The AI 

is computed following the equation proposed by Pawan and Lorterapong [21] as 

𝐴𝐴𝐹𝐹 �𝐹𝐹𝐹𝐹𝐹𝐹𝑔𝑔,𝐵𝐵𝐹𝐹𝐹𝐹� =  (𝑎𝑎𝑟𝑟𝑑𝑑𝑎𝑎 𝐹𝐹𝐹𝐹𝐹𝐹𝑔𝑔∩𝐵𝐵𝐹𝐹𝐹𝐹)
𝑎𝑎𝑟𝑟𝑑𝑑𝑎𝑎 𝐹𝐹𝐹𝐹𝐹𝐹𝑔𝑔

*100 (%)  (12) 
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The AI values range between 0 and 100, where ‘0’ means no agreement at all and the 

value of 100 means total agreement between the predicted and budgeted contingency 

cost. In other words, a higher value of AI indicates a better prediction and allocation 

of the contingency cost. At this stage, the risk management team can apply appropriate 

risk management strategies to control the likely risk exposure(s) and check the level 

of AI. By repeating this process (i.e., applying alternative risk management strategies), 

a risk management team can increase AI to reduce the gap between the predicted and 

budgeted contingency cost, and can increase the chance of project success in regards 

to cost performance. 

 

5. Application of the Model to Power Plant Projects 

 

5.1. Data Collection 

Power plant projects have seen huge cost overruns regardless of geopolitical boundaries. The 

problem is extensive, particularly in such developing countries as Bangladesh [85,86]. The present 

study involved collecting project risk data (i.e., the occurrence frequency of risk, and the 

probabilistic cost impact of the precedent risk(s) to the succeeding risk(s) in the risk networks) and 

the corresponding cost overruns (%) of the specific projects from domain experts involved in 

Bangladesh power plant projects. For data collection, a structured questionnaire survey was 

conducted among the experts holding executive positions in the Bangladesh Power Development 

Board. For eliciting domain expert judgments, the risk factors and their logic relationship in the 

risk networks were taken from Islam et al. [42] and presented in Appendix 2. A structured 

questionnaire based on these risk factors was developed for eliciting expert judgments. The 

questionnaire has three different sections. Section A consists of questions concerning the expert’s 
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profile (i.e., professional position, working experience, experience gained working on other 

projects, and academic qualifications). Section B is devoted to gathering basic information (i.e., 

project ownership, power production capacity in megawatts, plant type based on fuel (HFO, 

Natural gas, and CCPP), contract type (i.e., EPC (Engineering, Procurement and Construction), 

BOO (Build, Own, Operate), and Turnkey) predicted cost, budgeted contingency cost, and 

percentage cost overruns) about the specific project. Section C is dedicated to eliciting expert 

judgments for assessing the risk factors. The experts evaluate the occurrence frequency of the 

independent risks, and the one-to-one causal relationships between the precedent risks to 

succeeding risk(s) in terms of cost impact, on a linguistic scale from 0 (none) to 6 (extremely high). 

The questionnaires were distributed to 100 experts from 20 randomly selected power plant 

projects. Altogether, 70 experts from 15 different projects returned the completed questionnaires. 

All the experts held such executive positions as Project Director, Project Manager, and Project 

Engineer, with 10 to 20 years’ experience of power plant construction projects. Of the 15 different 

projects, 12 projects were selected for demonstrating the proposed contingency cost prediction 

model. Table 1 summarizes the 12 case study projects.  

Table 1. Summary of the case study projects 

Project Plant type  Power 
generation 
capacity 
(MW) 

Type of 
contract 

Predicted cost 
for the project 
(MUSD) 

Actual cost 
for the project 
(MUSD) 

Budgeted 
contingency 
cost (%) 

Actual 
contingency 
cost (%) 

Cost 
overrun 
(%) 

P1 HFO 100 EPC 125 150 8 28 20 
P2 HFO 100 BOO 100 125 1 26 25 
P3 HFO 100 EPC 104.16 144.44 8 46.67 38.67 
P4 HFO 100 Turnkey 110 154 1 41 40 

    
P1 CCPP 225 EPC 235 293.75 8 33 25 
P2 CCPP 225 EPC 287 459.20 8 68 60 
P3 CCPP 225 EPC 200 220 8 18 10 
P4 CCPP 225 EPC 412.50 721.80 8 83 75 

    
P1 CCPP 365 EPC 322 375.68 8 24.67 16.67 
P2 CCPP 350 EPC 430 614.90 8 51 43 
P3 CCPP 350 EPC 380.15 506.85 8 41.33 33.33 
P4 CCPP 400 EPC 325.65 351.70 8 16 8 

    
P1 Natural gas 150 EPC 210.40 252.48 8 28 20 
P2 Natural gas 100 EPC 135 189 8 48 40 
P3 Natural gas 100 Turnkey 167 208.75 1 26 25 
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Project Plant type  Power 
generation 
capacity 
(MW) 

Type of 
contract 

Predicted cost 
for the project 
(MUSD) 

Actual cost 
for the project 
(MUSD) 

Budgeted 
contingency 
cost (%) 

Actual 
contingency 
cost (%) 

Cost 
overrun 
(%) 

P4 Natural gas 125 Turnkey 157.50 204.75 1 31 30 
Note: MW = megawatt, MUSD = million U.S. dollar  
 
 
5.2. Risk Assessment Findings 

The modified FBBN model assesses the risks. As mentioned earlier (Section 3), the modified 

FBBN model is an integrated modified FGDMA and canonical model. For risk assessment, a 

canonical model with 27 independent and 14 dependent risks, and 54 causal relationships between 

the risks (see the risk networks in Appendix 2) was firstly built in the Netica Application, Netica 

604 (http://www.norsys.com/). The occurrence frequencies of the independent risks, and the one-

to-one probabilistic causal relationships between the risks elicited by the experts’ judgments were 

analyzed using the modified FGDMA to find the fuzzy prior probabilities and the fuzzy conditional 

probabilities respectively. The defuzzified prior probabilities (pi) of all the independent risks, and 

conditional probabilities of all the causal risk-relationships, were provided as inputs to the 

canonical model. The model was then run by the Netica software to find the project risk (Rp), and 

posterior probabilities (𝛼𝛼𝑖𝑖) of the individual risks of each project.  

The risk assessment outcomes of different types (i.e., NG, CCPP, and HFO) and sizes (megawatt) 

of the power plant projects are presented in Table 2. Column 1 indicates four different projects 

(P1, P2, P3, and P4) of each type; column 2 contains the major risks, i.e., change orders (R1), 

construction delays (R2), improper soil investigation (R3), and inflation (R4), producing the cost 

overruns of a particular power plant project of each type. Columns 3 to 6 describe the risk and cost 

overrun scenario of HFO 100MW projects. In particular, columns 3 and 4 show the prior and 

posterior probabilities of the major risks, respectively. The columns 5 and 6 respectively contain 

the overall risk level and the percentage cost overruns of each HFO 100MW project. All other 

columns are similar to columns 3 to 6 concerning each group of projects. From the risk analysis, 
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it is found that R1, R2, R3, and R4 are direct causes of cost overruns. The model is then used to 

establish the amount of contingency of the projects. Table 2 shows the risk scenarios and 

corresponding cost overruns of different power plant projects obtained from the FBBN analysis. 

A maximum prior probability, 0.58, was found for R1 in the CCPP 350-400MW projects, the 

lowest prior probability of this risk being identified in NG 100-150MW projects. The prior 

probability of R2 (0.46) for the CCPP 350-400MW projects was also at the peak level, and the 

lowest prior probability (0.08) was obtained for R4 in this type of project. The lowest prior 

probability of R2 (0.36) was found in the HFO 100MW projects. After consulting the experts, the 

prior probability of improper soil investigation (R3) was considered the same (0.69) for all projects. 

Overall, the lowest risk project was HFO 100MW and the highest level of risk was for the CCPP 

225 MW projects.  

According to the experts’ opinions, it is clear that the assessed risk at the project level has a 

nonlinear relationship with the percentage of cost overrun. For example, the probability of project 

risk was 0.26 for HFO 100MW, and cost overrun was 40% of the initial budget of that project. For 

same size projects, project risk was assessed as 0.38, but the corresponding cost overrun was only 

20%. This scenario was the same for all the other types of projects. Further details of the FBBN 

and risk assessment outcomes can be found in Islam [87].  
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Table 2. Risk scenarios and the assessment results from the modified FBBN analysis of power plants 
Project 

no. 
Risk HFO 100MW CCPP 225MW CCPP 350-400MW NG 100-150MW 

Prior 
probabi
lity (pi) 

Posterior 
probability 
(𝛼𝛼𝑖𝑖) 

Project 
risk (rp) 

Project 
cost 
overrun 
(%) 

Prior 
probabili
ty (pi) 

Posterior 
probability 
(𝛼𝛼𝑖𝑖) 

Project 
risk (rp) 

Project 
cost 
overrun 
(%) 

Prior 
probabi
lity (pi) 

Posterior 
probability 
(𝛼𝛼𝑖𝑖) 

Project 
risk (rp) 

Project 
cost 
overrun 
(%) 

Prior 
probabi
lity (pi) 

Posterior 
probability 
(𝛼𝛼𝑖𝑖) 

Project 
risk (rp) 

Project 
cost 
overrun 
(%) 

P1 R1 0.37 0.25 0.38 20.00 0.28 0.20 0.359 25 0.32 0.23 0.37 16.67 0.42 0.29 0.38 20.00 
R2 0.43 0.30 0.38 0.28 0.40 0.29 0.44 0.31 
R3 0.69 0.43 0.69 0.50 0.69 0.45 0.69 0.43 
R4 0.35 0.21 0.29 0.21 0.33 0.21 0.24 0.14 

P2 R1 0.31 0.22 0.37 25 0.57 0.29 0.51 60 0.45 0.31 0.38 43.00 0.36 0.25 0.37 40.00 
R2 0.39 0.29 0.459 0.23 0.39 0.28 0.395 0.29 
R3 0.69 0.45 0.69 0.35 0.69 0.44 0.69 0.45 
R4 0.33 0.20 0.65 0.33 0.22 0.13 0.3 0.19 

P3 R1 0.31 0.22 0.36 38.67 0.423 0.24 0.449 10 0.58 0.34 0.44 33.33 0.223 0.16 0.36 25.00 
R2 0.37 0.28 0.424 0.25 0.46 0.28 0.396 0.30 
R3 0.69 0.46 0.69 0.37 0.69 0.38 0.69 0.46 
R4 0.33 0.21 0.55 0.28 0.45 0.23 0.386 0.25 

P4 R1 0.23 0.23 0.26 40 0.552 0.28 0.52 75 0.44 0.32 0.36 8.00 0.418 0.26 0.42 30.00 
R2 0.36 0.39 0.448 0.22 0.42 0.32 0.421 0.27 
R3 0.69 0.65 0.69 0.35 0.69 0.47 0.69 0.40 
R4 0.26 0.23 0.75 0.38 0.08 0.05 0.5 0.28 

Note: The risk probabilities (pi, 𝛼𝛼𝑖𝑖, and Rp) are computed by the model (i.e., the modified FBBN) based on the data elicited from the experts, and the project cost overruns 
were taken directly from the experts based on the project’s history. 
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5.3. Contingency Cost Prediction 

The detailed computational outcome of the risks’ prior probabilities (i.e., pi) to distributed cost 

overruns among the risks of the four HFO-100MW projects are presented in Table 3. Following 

Eq. 1, the prior probabilities (pi) of the risks were used to find the weighted prior probabilities 

(WPi). The actual project cost overrun (COp) is distributed among the risks based on the 

corresponding WPi for each risk of the different projects. The distributed cost overruns (DCOp) 

between the risks for the projects are calculated as the product of WPi and COp (i.e., DCOp = WPi 

* COp) and the results for each project are given in columns 5, 9, 13, and 17 of Table 3. These 

distributed cost overruns become the elements of a fuzzy contingency set for individual risk. From 

the risk analyses of these four similar projects, the trapezoidal fuzzy set (a,b,c,d) for the 

contingency cost of individual risks is formed by arranging them in ascending order. The four 

elements (a,b,c,d) of a trapezoidal fuzzy contingency cost set for each of the risks, i.e., R1, R2, R3, 

and R4, are taken from Table 3 and shown in the third column of Table 4 for estimating the 

contingency cost of the projects. 

Table 3. Risk scenarios and cost overrun (%) distribution of different HFO projects 

Risk  Project 1  Project 2  Project 3  Project 4  
pi WPi COp 

(%) 
DCOp (%) pi WPi COp 

(%) 
DCOp 
(%) 

pi WPi COp 
(%) 

DCOp 
(%) 

pi WPi COp 
(%) 

DCOp 
(%) 

R1 0.37 0.20  
 

20.0 

4.00 
(=0.2*20) 

0.31 0.18  
 
25.0 

4.52 0.31 0.18  
 
38.6 

6.95 0.23 0.15  
 
40.0 

5.97 

R2 0.43 0.23 4.64 0.39 0.23 5.69 0.37 0.22 8.48 0.36 0.24 9.44 

R3 0.69 0.38 7.54 0.69 0.40 10.06 0.69 0.41 15.73 0.69 0.45 17.90 

R4 0.35 0.19 3.81 0.33 0.19 4.74 0.33 0.19 7.50 0.26 0.17 6.69 

Sum 1.83 1.00  20.00 1.72 1.00   25.00 1.70 1.00   38.67 1.54 1.00   40.00 
Note. COp means Actual Cost Overrun and DCOp designates Distributed Cost Overrun  
 

As an illustrative example, the details of the contingency allocation for the projects are shown in 

Table 4. The fuzzy contingency cost (%) sets (𝑓𝑓𝑅𝑅𝑖𝑖) of the risks R1, R2, R3, and R4 are 
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(4.00,4.52,5.97,6.95), (4.64,5.69,8.48,9.44), (7.54,10.06,15.7,17.9), and (3.81,4.74,6.69,7.50) 

respectively. These fuzzy sets are used for each of the four projects. The posterior probability of a 

risk (∝𝑖𝑖) is then multiplied with the fuzzy contingency sets (𝑓𝑓𝑅𝑅𝑖𝑖) to estimate the contingency cost 

(𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖) for each risk from Eq. 3. Then, following Eqs 4 and 5, the fuzzy sum of all risks’ 

contingency provides the fuzzy contingency cost set (𝐹𝐹𝐹𝐹𝐹𝐹𝑝𝑝𝑖𝑖) of a particular project. For each 

project, these fuzzy elements are defuzzified using Eq. 7 to find the predicted contingency cost 

(CCP) for an individual project. Using Eq. 6, the fuzzy average of the fuzzy contingency cost sets 

of all projects in the same group provides the fuzzy contingency cost elements (p,q,r,s) of FCCg, 

fuzzy contingency cost set of a project group, such as HFO 100MW. The defuzzified value of 

FCCg provides the predicted contingency cost (CCP)g of a project group. For example, the elements 

of a fuzzy set of the risk R1 are (4.00,4.52,5.97,6.95) and the posterior probability of this risk R1 

of the project P1 is 0.25. Thus, the predicted fuzzy contingency cost for risk R1 of project P1 

becomes (0.99,1.12,1.48,1.72). The predicted fuzzy contingency costs of other risks, i.e., R2, R3, 

and R4, are (1.39,1.70,2.53,2.82), (3.25,4.34,6.78,7.72), and (0.80,0.99,1.40,1.57) respectively. 

Based on these four fuzzy sets for the four risks, the fuzzy elements of a set (𝐹𝐹𝐹𝐹𝐹𝐹𝑝𝑝1) for project P1 

are found as (6.43,8.15,12.20,13.83). Finally, the defuzzified value of 𝐹𝐹𝐹𝐹𝐹𝐹𝑝𝑝1 is 10.15, which is the 

predicted contingency cost (CCP) of project P1. For HFO 100MW projects, the fuzzy contingency 

cost set of FCCg(=HFO 100MW) is (6.95,8.85,13.31,15.09) and the defuzzified value (i.e., CCP) for this 

project group is found to be 11.05 percent. The predicted contingency cost of each project is then 

compared with the actual contingency cost of the project by error analysis. The actual contingency 

cost is the adjusted contingency cost (CCAdj) computed for each project by Eq. 8. The percentage 

error of the predicted contingency cost is calculated by dividing the difference between the actual 

(CCAdj) and predicted contingency cost (CCP) by the actual adjusted contingency cost (CCAdj). 

Accordingly, the CCAdj of project P1 is found to be 7.68% and the CCP is 10.15%. Thus, the 

percentage error of project P1 is -32.16%. The percentage errors of other HFO projects and the 
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percentage error of the group of HFO 100MW projects are computed and presented in the last 

column of Table 4. It is found that the model can predict the contingency cost of the HFO 100MW 

projects with a -4.84% error. Using the same process, the fuzzy contingency costs of all other 

projects (i.e., CCPP 225MW, CCPP 350-400MW, and NG 100-150MW) are predicted, and the 

percentage error analysis of these projects conducted.  

It is important to note that this research is aimed at managing the cost overruns of power plant 

projects through contingency cost modeling. That is why the actual cost overruns (%) instead of 

the actual contingency costs of the projects are considered for error analysis to justify the accuracy 

of the model’s outcomes.  

Table 4. Fuzzy set-based contingency cost prediction for the HFO 100MW projects  

Project 
no.  

Risk Elements of a fuzzy set, 
𝑓𝑓𝑅𝑅𝑖𝑖 (% cost overrun)  

𝛼𝛼𝑖𝑖 Predicted fuzzy 
contingency cost for a 
risk i (FCCi)  

Deff. 
FCCpi 
(CCP) 
(%) 

Project 
risk 
probabil
ity (Rp)  

COp (%) CCAdj 
(RP ×
COP) (%) 

Error (%) 
(CCAdj-
CCP)×100
/ CCAdj a b c d a×  

𝛼𝛼𝑖𝑖  
b×  
𝛼𝛼𝑖𝑖 

c×  
𝛼𝛼𝑖𝑖 

d×  
𝛼𝛼𝑖𝑖 

P1 R1 4.00 4.52 5.97 6.95 0.25 0.99 1.12 1.48 1.72 10.15 0.38 20.00 7.68 -32.16 
R2 4.64 5.69 8.48 9.44 0.30 1.39 1.70 2.53 2.82         
R3 7.54 10.06 15.70 17.90 0.43 3.25 4.34 6.78 7.72         
R4 3.81 4.74 6.69 7.50 0.21 0.80 0.99 1.40 1.57          
    𝐹𝐹𝐹𝐹𝐹𝐹𝑝𝑝1 6.43 8.15 12.20 13.83         

P2 R1 4.00 4.52 5.97 6.95 0.22 0.88 1.00 1.32 1.54 10.19 0.37 25.00 9.13 -11.61 
R2 4.64 5.69 8.48 9.44 0.29 1.34 1.64 2.45 2.72         
R3 7.54 10.06 15.70 17.90 0.45 3.42 4.56 7.14 8.12         
R4 3.81 4.74 6.69 7.50 0.20 0.78 0.97 1.37 1.54          
    𝐹𝐹𝐹𝐹𝐹𝐹𝑝𝑝2 6.43 8.17 12.27 13.92         

P3 R1 4.00 4.52 5.97 6.95 0.22 0.88 1.00 1.31 1.53 10.24 0.36 38.67 13.92 26.44 
R2 4.64 5.69 8.48 9.44 0.28 1.30 1.59 2.37 2.63         
R3 7.54 10.06 15.70 17.90 0.46 3.47 4.63 7.24 8.23         
R4 3.81 4.74 6.69 7.50 0.21 0.80 1.00 1.41 1.58          
    𝐹𝐹𝐹𝐹𝐹𝐹𝑝𝑝3 6.45 8.20 12.32 13.98         

P4 R1 4.00 4.52 5.97 6.95 0.23 0.94 1.06 1.40 1.63 13.62 0.26 40.00 10.20 -33.53 
R2 4.64 5.69 8.48 9.44 0.39 1.79 2.19 3.27 3.64         
R3 7.54 10.06 15.70 17.90 0.65 4.90 6.53 10.22 11.62         
R4 3.81 4.74 6.69 7.50 0.23 0.89 1.10 1.56 1.75         

    𝐹𝐹𝐹𝐹𝐹𝐹𝑝𝑝4 8.51 10.89 16.44 18.64         
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Project 
no.  

Risk Elements of a fuzzy set, 
𝑓𝑓𝑅𝑅𝑖𝑖 (% cost overrun)  

𝛼𝛼𝑖𝑖 Predicted fuzzy 
contingency cost for a 
risk i (FCCi)  

Deff. 
FCCpi 
(CCP) 
(%) 

Project 
risk 
probabil
ity (Rp)  

COp (%) CCAdj 
(RP ×
COP) (%) 

Error (%) 
(CCAdj-
CCP)×100
/ CCAdj a b c d a×  

𝛼𝛼𝑖𝑖  
b×  
𝛼𝛼𝑖𝑖 

c×  
𝛼𝛼𝑖𝑖 

d×  
𝛼𝛼𝑖𝑖 

    
Average 

Fuzzy set for 
Contingency 
Cost (FCCg) 

6.95 
(p) 

8.85 
(q) 

13.31  
(r) 

15.09 
(s) 

11.05 0.34 30.92 10.54 -4.84 

 

However, these findings of the fuzzy contingency cost model need to be validated or justified 

before applying the model to future real-life projects. Thus, the following section discusses the 

findings of a detailed error analysis, and the fuzzy quality index (FQI) and agreement index (AI) 

analyses, to justify the model’s outcomes for contingency amounts and allocation for future 

projects. 

 

6. Model Verification for Establishing the Contingency Amount 

Model verification is an important step for justifying a proposed model for establishing the 

contingency cost of any project. The present study performs fuzzy quality index analysis and error 

analysis for verification of the model. A detailed application of the model with risk response 

planning and agreement index analysis for contingency allocation was demonstrated considering 

some actual power plant projects, which is also a part of the model verification process. 

 

6.1. Fuzzy Quality Index Analysis and Error Analysis  

This study conducted fuzzy quality index (FQI) analysis and error analysis (%) and justified any 

relationship between these two factors by verifying the outcome of the model. It is evident from 

Table 1 that there is a nonlinear relationship between the risk assessment and the corresponding 

cost overruns or contingency allocations. Within the HFO type projects, for example, the risk 
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probability of Project-1 and Project-4 was 0.38 (i.e., medium risk) and 0.26 (low risk) with the 

corresponding cost overrun of 20% and 40% of predicted cost respectively. Similar trends are 

found with the CCPP projects. For example, the risk levels of Project 3 and 4 are 0.45 and 0.52 

respectively, and the corresponding cost overruns 10% and 75% respectively. While Project-1 and 

Project-2 have an almost identical low risk level, the cost overruns are drastically different – 

16.67% for Project-1 and 43% for Project-2.  

The presence of nonlinearity in risk evaluation is mainly attributable to variations in the experts’ 

judgments due to judgment bias and vagueness and ambiguity in their understanding of project 

risks. Therefore, it is important to discuss the fuzzy quality index (FQI) of the measured fuzzy cost 

contingency. The FQI can be explained by the fuzziness of a fuzzy set A (i.e., F(A) and ambiguity 

of the same set, or AG(A)). The FQI indicates the degree of vagueness (or precision) present in 

the fuzzy contingency cost for a group of projects (FCCg). If there is some difficulty in providing 

a precise monetary value for a particular risk, the situation is better described as vague. In this 

situation, the experts are requested to evaluate the risk cost providing a fuzzy number (i.e., 

triangular or trapezoidal). The quality of the fuzzy number is measured by its degree of fuzziness, 

which can be assessed by Eq. 9. A higher degree of fuzziness means a wider data set (i.e., the 

difference between the fuzzy numbers in a set is higher); a lower degree of fuzziness indicates a 

narrow data set (i.e., the fuzzy numbers are close to each other). The ambiguity explains the 

precision level of the measured values, which can be assessed by Eq. 10. A higher value of 

ambiguity means a lower level of precision in the data set, and vice versa. Both fuzziness and 

ambiguity, F(A) and AG(A), are important for testing the accuracy and reliability of the predicted 

contingency cost.  

Table 5 shows the trapezoidal fuzzy numbers of the predicted contingency cost (FCCg), predicted 

(defuzzified values) contingency cost, and actual (adjusted) contingency cost (CCAdj), percentage 
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error between predicted and actual contingency cost, and the corresponding fuzziness and 

ambiguity of the predicted contingency costs for different power plant projects. The results show 

the model predicted the lowest contingency cost at 8.28% of the predicted cost for the CCPP 350-

400MW projects, followed by NG, HFO, and CCPP 225MW. The CCAdj was also lowest for the 

CCPP 350-400MW projects and highest for the CCPP 225MW projects. The percentage error 

analysis shows that the HFO 100MW projects have the lowest (-4.84%) error in contingency cost 

prediction, followed by the NG 100-150MW, CCPP 350-400MW, and CCPP 225MW. The 

fuzziness of HFO 100MW projects was at the lowest level (1.84). However, the ambiguity level 

was slightly higher than the NG 100-150MW projects, but lower than both of the CCPP project 

types. The fuzziness and ambiguity level, and the FQI of the CCPP 225MW projects, were also at 

the highest level compared to other projects. In contrast, the model outperformed in predicting the 

contingency cost of the NG projects, as the percentage error was at the lowest level, and the 

fuzziness, ambiguity, and FQI were also lower.  

Table 5. Contingency cost prediction and comparison of the selected power plant projects 

Plant FCCg (p,q,r,s) (%) 
(Trapezoidal fuzzy 
numbers of the predicted 
contingency cost) 

CCP 
Defuzzified (%) 
(predicted 
contingency cost) 

CCAdj 
(%) 

Error 
(%) 

Fuzziness 
F (A) 

Ambiguity 
AG (A) 

FQI 

CCPP 225MW 4.27, 11.0, 25.19, 31.46 17.97 14.89 20.67 6.50 9.26 7.88 
CCPP 350-
400MW 

2.78, 5.40, 10.15, 14.53 8.28 9.72 14.85 3.50 3.54 3.52 

Natural Gas 100-
150MW 

6.50, 8.15, 9.33, 13.00 9.36 10.97 14.66 2.66 1.48 2.07 

HFO 100MW 6.95, 8.85, 13.31, 15.09 11.05 10.54 -4.84 1.84 2.84 2.34 

 

The relationship between the measured percentage error of contingency cost and the corresponding 

fuzziness is evident, in that a higher percentage error of the predicted contingency means a higher 

level of fuzziness, F(A), and vice versa. However, the percentage error for contingency cost 

prediction of the selected power plant projects varies between -4% and 20%, which falls within 

the well-accepted range at the preliminary phase of a megaproject. A maximum of 20% error in 



35 
 

the prediction of contingency cost based on the subjective judgments of the domain experts is 

supported by Idrus et al. [11] and Fidan et al. [88]. Thus, the fuzziness calculation of a fuzzy set 

provides a significant indication of the level of error or accuracy in contingency prediction. For 

instance, the model does not perform well in predicting the contingency cost of the CCPP 225MW, 

as the percentage error and fuzziness of the predicted contingency cost of such projects are 

comparatively higher than the other power plant projects. As the error or fuzziness originates from 

the uncertainty, vagueness, and imprecision in expert judgment in risk assessment, both the 

prediction error and fuzziness can be reduced by repeating the risk evaluation process with the 

domain experts. For this repetition of risk assessment, with the purpose of reducing the assessment 

gap among the participated experts, a three-round fuzzy-Delphi technique could ideally be applied 

[67,72-75].  

 

6.2. Risk Response Planning and Contingency Allocation 

Based on the Agreement Index (AI) analysis, the project team can make informed contingency 

allocation decisions at the preliminary phase of a project. Using the FBBN and fuzzy contingency 

cost model in the execution phase, the project risks will be monitored, and the risk probabilities 

and budgeted contingency will be constantly updated and revised as appropriate. It should be noted 

that estimators generally allocate a 1% to 8% of the predicted cost as a contingency cost amount 

for Bangladesh power plant projects. While the figure aligns with previous studies [11,93], 

ironically, the actual cost overruns are very high. It is customary practice in the industry to make 

a so-called “budget revision”, by which the preliminary budget of the projects is revised several 

times during the execution phase and a revised baseline budget is formed. Ideally, it would be 

more rational to develop a realistic project budget and associated contingency cost through a 

rigorous risk assessment and analysis. At this stage, the AI level informs the gap between the 
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predicted and budgeted contingency costs, so that the project team can justify the reality of their 

budgeted amount. The project risk manager may apply an appropriate risk management policy for 

controlling risks and reallocating the contingency cost to increase the AI. Based on that risk 

management policy, they will monitor the project risks to achieve budgeted project cost.  

The CCAdj for each project group is considered as the budgeted contingency cost and used to 

calculate AI. Table 6 shows the budgeted contingency and AI of each of the project groups. The 

AI is very high at 85.38% for Natural Gas projects and lowest at 35.06% for the CCPP 225MW. 

Moreover, the lowest AI is identified among the projects with a high percentage contingency error 

(Table 5). The CCPP 225MW project had a higher level of percentage error and a higher FQI but 

with lower AI. Despite a minor error (-4%) and FQI (2.34), the AI of the HFO project was not at 

a satisfactory level (only 41.92%). A lower FQI means a lower level of ambiguity and fuzziness 

and a higher AI means a higher chance of avoiding a project cost overrun; thus, this is the most 

desirable outcome in project budgeting for successful project delivery. However, there is no 

reference level of FQI being set, as such, to accept or reject the predicted contingency cost; instead, 

it depends on the estimator to reject the prediction with clearly higher FQI compared to other 

amounts [84]. In fact, the project team can assign a contingency cost for their projects based on 

FCCg, FQI, and AI along with their best judgments. 

Table 6. Budgeted contingency cost and AIs for different projects 

Project group Fuzzy set of the predicted 
contingency cost for a 
project group (FCCg) (%) 

Budgeted 
contingency cost 
(BCC) (%) 

Area of 
FCCg 

FCCg ∩ 
BCC  

AI (%) 

p q r s 
CCPP 225 4.27 11.00 25.19 31.46 14.89 20.69 7.25 35.06 

CCPP 350-400 2.78 5.40 10.15 14.53 9.72 8.25 5.63 68.25 
Natural Gas 6.50 8.15 9.33 13.00 10.97 3.84 3.27 85.38 
HFO 6.95 8.85 13.31 15.09 10.54 6.29 2.64 41.92 
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Table 6 shows that the AIs of the HFO 100MW and CCPP 225MW projects are below 50%, which 

indicates there is a high chance of not achieving the targeted budgets for these projects. In other 

words, the lower AI indicates that the budgeted contingency cost has a lower probability of 

controlling uncertainties in project execution phases; thus, there is a higher chance of a cost 

overrun. In this situation, decision-makers can increase the AI by increasing the budgeted 

contingency, which will reduce the chance of a cost overrun. Alternatively, they can make a good 

risk management plan for reducing the probability of risks, which will reduce the predicted 

contingency cost and thus increase the AI between the predicted and budgeted contingency costs. 

The predicted fuzzy contingency costs and agreement index (AI) can be sketched for a 

comprehensive understanding of contingency budgeting and the likely probability of achieving the 

target budget. Before risk reduction, the fuzzy set for contingency cost for the HFO project group 

was predicted as (6.95,8.85,13.31,15.09)% and the actual budgeted contingency for this project 

group was 10.54% of the predicted cost. The AI for this project group is only 41.92% (Table 6), 

which indicates a lower probability of project success in terms of the budgeted cost. The risk 

assessment clearly indicated that inadequate soil investigation had a high level of risk with a 

probability of 69% of causing cost overrun. If a risk response plan were made to reduce this risk 

to a lower level, the risk level of this factor would be reduced to 30%. This strategic plan makes a 

significant change in the fuzzy contingency cost set, i.e., (5.25,6.55,9.66,10.98)% (Fig. 2). By 

assigning the same 10.54% of contingency, the AI can be significantly increased to 91.78%. This 

means the success rate (i.e., probability) of achieving the budget is over 90%. Fig. 2 shows the 

previous (i.e., before risk reduction) and revised (i.e., after risk reduction) trapezoidal contingency 

cost with a budgeted contingency for the HFO projects. It is evident from Fig. 2 that a decrease in 

the risk level contributes to an increased agreement index for contingency cost allocation on the 

HFO projects. There is, however, still around a 10% probability of not meeting the target budget. 
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The above discussion illustrates how project risk and contingency planning and management can 

be carried out to meet or improve project cost performance.  

 
Fig. 2. AI between the predicted and budgeted contingency costs of the HFO Projects 

 

 

7. Guide to Practitioners for Implementing the Model  

Industry practitioners can apply this model for the contingency cost prediction of any infrastructure 

project, including power plants, by following the step-by-step guidelines presented in Fig. 3 and 

listed below:  
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Fig. 3. A practical guide to use the model in professional applications 

 

1. The practitioners need to make a list of the potential risks and develop the logical inter-

relationship between the risks to form a risk-network (for an example, readers are referred 

to see Appendix 2), which propagate cost overruns.  

2. They should assess the occurrence probabilities of the independent risks and the one-to-

one probabilistic level of the inter-relationship among the risks in the networks. They 

should also provide the corresponding cost overrun (%) of the projects on which they based 

their assessment of the risk probabilities.  

3. Then, the modified FBBN will be used to obtain the fuzzy occurrence probabilities of the 

independent risks, dependent risks, and the risk level of a specific project phase or whole 

project.  

4. These probabilistic risk-levels will be the inputs of a fuzzy set in the proposed model, which 

will provide a fuzzy set of contingency costs.  

5. The FQI will be analyzed to validate the predicted fuzzy contingency cost. If the outcomes 

of the FQI analysis are not at a satisfactory level, the experts should then revise their risk 
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assessments and repeat the process to predict the fuzzy contingency cost. Following that, 

the cost estimator/risk manager/decision maker will allocate the contingency cost for the 

project.  

6. The allocated contingency cost needs to be verified computing an agreement index (AI), 

and then a revision of the allocated contingency cost if necessary. Based on strategic risk-

response planning and AI, the practitioners can then fix a budget for the contingency cost.  

This is a dynamic approach to monitoring and controlling contingency costs throughout the project 

execution phases by updating the risk probability in the model. The updated risk probability will 

indicate the status of the budgeted contingency cost along with the actual contingency over the 

execution phases. Thus, the model can give early warnings concerning the cost performance of the 

project. The whole process of this model is not restricted to a specific project characteristic, and 

hence can be used for risk induced contingency cost prediction of any infrastructure project. The 

only issue is that the experts need to be equipped with enough knowledge of the potential and 

critical risks, their logical relationships, and their cost impact in different phases of the project. 

 

8. Conclusion 

This paper presents a novel approach for allocating project contingency cost for complex power 

plant and similar infrastructure projects. The approach involves two distinct steps: a risk 

assessment using a modified FBBN followed by the application of fuzzy set theory for contingency 

allocation. The study advances the current practice of contingency cost allocation by introducing 

the integrated risk assessment and contingency cost model. In particular, the study advances the 

contingency prediction model proposed by Pawan and Lorterapong [21] for schedule 

contingencies to cost contingencies. In their model, risk probabilities (i.e., the input variables) are 

elicited directly from expert opinions without analyzing the possible cause-and-effect relationships 
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between the project risks. In the model proposed here, the risk assessment outcomes from a 

modified FBBN analysis are used as the input variables for risk integrated contingency cost 

allocation using fuzzy set theory. The modified FBBN has specific benefits for risk assessment in 

an uncertain and complex project environment: it shows the causal risk networks more effectively. 

This aids the understanding of the root causes of cost overrun risks; and it requires significantly 

less probabilistic data elicitation from the experts, which not only saves data collection time and 

effort, but also reduces the computational load on the model compared to the commonly used 

FBBN models [87]. The integrated contingency cost model developed in this study enables the 

effects of multiple, uncertain, and inter-related project cost risks to be traced. In addition, it 

addresses the uncertainty, vagueness, and subjectivity problems in using expert judgments for risk 

assessment. 

The study’s application of fuzzy quality index and agreement index is of additional value to 

decision-makers. The fuzzy quality index presented in this model can be used as an indicator of 

the accuracy level of the predicted contingency, whereas the agreement index assists decision-

makers to take proactive action for project risk management and cost control. Thus, the model 

provides the project management team with a practical tool for the proactive assessment of project-

specific risks and contingency cost planning.  

This study demonstrates that risk assessment can be systematically applied for realistic 

contingency allocation for specific risk events, project phases, or the project as a whole. Here, the 

risk assessment outcomes and cost overruns scenario of different power plant projects in 

Bangladesh are used as real-world examples to demonstrate the power and usefulness of the 

proposed method. The method is equally applicable to other power plant projects or infrastructure 

projects where risk assessment and contingency planning are an integral part of project cost 

prediction, budgeting, and financing.  
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It is worth mentioning that the primary model inputs, prior probabilities, and posterior probabilities 

of project cost overrun risks can have significant variability as they are elicited from expert 

judgments. Therefore, the accuracy level of the risk assessment results can significantly influence 

the accuracy of the contingency cost modeling. The availability of project risk information for an 

increased number of similar projects would certainly increase the robustness of the model. 

Otherwise, future studies would benefit from a closer examination of a three-tier Delphi technique 

to arrive at consensus results. As a limitation, this study did not discuss or compare the developed 

model with the available software for cost contingency modeling in the real world. Further research 

is needed to justify the potentiality of this model for software development and compare its 

applicability with the available software for contingency cost modeling in real-life projects.  
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Appendix 1. Comparison of different contingency cost methods/models/tools  

Reference Methods/models/tools Characteristics Advantages Disadvantages/limitations 
Touran 
[94] 

Probabilistic model - frequency and cost value of a specific 
risk and coefficient of variation 
occurring if the risk were considered as 
variables to estimate contingency cost  
-the probability of cost overrun was also 
calculated based on the assigned cost 
contingencies  
 

-the cost value of risk can be calculated 
-although the contingency is predicted as a 
percentage of budgeted cost, the probability of 
cost overrun for the predicted contingency is 
known 
-comparatively small data set (say, only 6 
projects) can provide a higher level of 
accuracy (i.e., 75% confidence level) in 
contingency cost prediction  

-assumed that the cost of risk is an 
identical, independent, and normally 
distributed random variable  
-finding a deterministic cost value of a 
particular risk is always critical 

Barraza et 
al. [4] 

Monte Carlo 
Simulation (MCS) 

-budgeted contingency cost was 
distributed among the work 
packages/activities 
-contingency prediction for each activity 
depended on the probability distribution 
of each case 
-risk management strategies taken for 
each activity were directly influencing 
the project budget and contingency  

-decision-makers can make an informed 
decision for contingency allocation by 
observing various simulated risk scenarios at 
the project planning stage 
-budgeted contingency per activity can be 
monitored with progress, which gives an early 
warning on the project cost performance 
-project risk managers have alternatives to 
make informed decisions based on the realistic 
risk status in different stages of the project 
execution phase 

-all the activities are considered as 
independent, which is not realistic for a 
complex project 
-all activity-costs were assumed to be 
probabilistically distributed  
-not an integrated approach, which 
considers risk management and 
contingency cost prediction together 
 

Thal et al. 
[7]  

Multiple linear 
regression model 
(MLRM) 

-uses project cost data available just 
prior to the contract award 
-a contingency cost prediction model 
based on the budgeted contingency costs 
of similar previous projects 

-the application of this model can significantly 
reduce the shortage of contingency funds for 
all projects when compared to conventional (a 
flat percentage of total cost) contingency cost 
prediction practices 
 

-a data-intensive model  
-risks and uncertainties were not 
considered for contingency cost 
prediction 
-some qualitative variables that might 
have substantial cost effects were not 
considered due to lack of data 

Idrus et al. 
[11] 

Integrates subjective 
judgment-based risk 
analysis with a fuzzy 
expert system 
(Mamdani approach) 

- risk occurrence frequency and severity 
are the inputs and predicted contingency 
cost is the output 
-risk severity is simply calculated as a 
percentage of the total project cost 

-can accommodate the contractor’s experience 
and judgment for contingency cost prediction  
- the magnitude of the individual risk is the 
only variable for contingency cost prediction  
-provides fuzzy estimates, where project 
administrators have more flexibility for 
decision making on budgeting contingency 
cost under uncertain project environment 

-the model was tested with the 
surveyed projects, which did not have 
any cost overrun  
-contingency cost was simply the sum 
of the magnitudes of all risks 
-no risk management concept was 
introduced 
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Reference Methods/models/tools Characteristics Advantages Disadvantages/limitations 
-inter-relationship among the risks was 
ignored  

Lhee et al. 
[95] 

Artificial Neural 
Network (ANN) 

-can work with many input variables 
(project characteristics) together to 
produce a single output (contingency 
cost)  
-desired contingency cost calculated 
from the history of previous projects 
(contract value and actual value) 

-predict contingency cost accurately as 
possible 
-assists project administrators for realistic 
contingency prediction and project funding  
 

-no risk management issue was 
considered 
-accuracy of the outcomes in ANN is 
controlled by an optimal number of 
hidden layers, which is fully 
uncontrolled by the user 
-prediction accuracy also depends on 
access to the reliable historical data 
from similar previous projects; more 
data can provide better accuracy  

Xie et al. 
[96] 

Quantitative method 
value at risk model 

-allocate contingencies at different 
phases of the project 
-analyze the monetary losses due to 
various risks in the project execution 
phases and reimburse those losses with 
the predicted cost contingencies 
 

- a dynamic model as newly available 
information with project progress are taken 
into consideration throughout the project 
execution phases to compare the actual and 
forecasted contingencies 
-analyzes daily cost and daily earning to 
monitor project cost performance 
-provides an early warning about the cost 
performance of the project in execution phases 
 

-did not analyze risk frequencies and 
magnitudes to estimate contingency 
cost 
-required a long and good quality 
historical data from similar completed 
projects 
-data was assumed to follow a 
multivariate normal distribution  
-this is micro-level management, which 
demands day-to-day record keeping of 
project cost, which is laborious and 
time-consuming  

Uzzafer 
[3] 

Generic probabilistic 
model, integrated risk 
assessment, and 
contingency cost 
prediction model 

-project cost and risk were correlated 
with contingency prediction 
-the cost impact of risk within the 
tolerable risk limit was considered as a 
variable to estimate contingency cost  
-contingency cost estimates were 
assumed to be sub-additive to the whole 
estimate of a project 
-contingency was simply the subtraction 
of the project cost under worst-case risk 
events and the expected cost of the 
project. 

-cost optimization is possible, which assists 
decision making under uncertain project 
environment 
-risk assessment and management strategies 
(i.e., risk reduction and risk 
residual/acceptance) are integrated with the 
contingency cost prediction 
-both parametric and non-parametric models 
were presented 
-both experts’ judgments and historical 
records on risk assessment and cost estimate 
were accommodated to estimate the 
contingency cost. 

-assigning cost and probabilities to an 
individual risk event is not an easy task 
for the project manager 
-risk events are discrete, and no inter-
relationship among the risks was 
considered 
-project risk was mapped, and 
corresponding contingency was 
calculated considering the worst case 
of the risk only 
-the model was validated expecting a 
gamma distribution of the project costs 
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Reference Methods/models/tools Characteristics Advantages Disadvantages/limitations 
Salah and 
Moselhi 
[10] 

Fuzzy set theory  -develop project contingency depletion 
(PCD) curve 
-monitor actual vs. PCD curves 
-manage planned contingency with the 
changed risk scenario 
-fuzziness and ambiguity expected ratio 
are used to model uncertainty 

-monitor and control contingency fund over 
the project period 
-experts express contingency cost using the 
fuzzy numerical numbers considering the level 
of potential risk/uncertainty instead of a single 
point estimate 
-predicted contingency can be allocated to 
work packages, which assist better 
contingency management 
-does not require historical data 
-reduces calculation time as one fuzzy 
iteration is required 

-all experts were given the same weight 
-estimates are fully based on expert 
judgment 
- no formal risk assessment and 
management tools/techniques were 
used 
-risks in megaprojects or complex 
projects are having a high-level of 
interdependence  

De Marco 
et al. [97] 

System dynamic 
approach, contingency 
cost management 
model 

-simulate decision-making scenario 
under varying situations of a project 
-consider project managers’ and owners’ 
behavior/strategies to risk management 
under complex and uncertain project 
environment 

-assists project manager managing 
risk/uncertainty under the conflict of interests 
within the various stakeholders 
–accommodates the influences of the 
stakeholders’ behavior of releasing 
contingency cost 
-handles project phase-overlaps and associated 
risks 

-did not estimate contingency cost, 
rather presented how to use/manage 
contingency into project execution 
phases 
-quantitative evaluation of 
owner’s/stakeholder’s behavior, top 
management pressure, or project 
manager’s willingness to use 
contingency fund is quite difficult 

Hammad 
et al. [67] 

MCS -planned value of each activity was 
considered as equal to the completion 
cost of the similar activity of the 
previous projects  
-the probability distribution of each 
activity was given as an input of the 
MCS to compute the total project cost 
-contingency cost of a whole project was 
predicted as the difference between total 
cost and the planned cost 
-contingency for each activity was 
predicted as the percent contribution of 
an activity to the project cost variance  

-contingency and cost performance of each 
activity can be monitored 
-cost performance after the end of a reporting 
period gives an early warning about the 
project budget and indicates which activity is 
critical to manage 
-expert judgment-based prediction can 
accommodate in the absence of a historical 
record of previous similar activities/projects 
-does not require huge data collection and 
tedious calculation  
-can handle project uncertainties in a complex 
environment 

-subjective cost information can be 
varied, and prediction accuracy fully 
depends on the level of skill, 
knowledge, and experience of the 
estimator 
-the total contingency was distributed 
based on percent weight of an activity 
cost to the total project cost, without 
considering the level of risk associated 
with that activity 
-activity costs are assumed to be 
independent and normally distributed 

Jung et al. 
[30] 

Integrated risk 
assessment and 
contingency cost 

-identify and analyze cost overrun risks  
-three variables (O, D, S) instead of two 
variables (O, S) for risk analysis  

-improved accuracy of risk assessment and 
performed better than the traditional lump-
sum ration approach to contingency prediction  

-not a dynamic approach, as no 
guideline was provided to revise the 
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Reference Methods/models/tools Characteristics Advantages Disadvantages/limitations 
model, fuzzy set 
theory and FMEA 

-integrates risk management in 
estimating contingency  
-considers the expert’s weight in risk 
evaluation 
-a direct method of calculating 
contingency (% possibility of risk x 
project cost) 

-a small (3-5 experts) group of a risk 
management team can apply this model using 
their experiences  
- three points estimate instead of a single 
value, which allows flexible decision making 
regarding contingency allocation 

risk outcome during the execution 
phases  
-the risk level can be changed with 
project progress  
-correlation among the same level risks 
or risk in a group was not considered  

Diab et al. 
[8] 

Integrated approach 
includes relative 
importance index and 
stepwise regression 
model 

-calculate expert judgment-based 
relative importance of identified risks for 
contingency estimate 
-established inter-relationship between 
risks and subsequent costs to estimate 
contingency amount 
-deterministic approach 
 

-useful at planning stage allocating 
contingency 
- major risks were identified and considered 
for contingency prediction  
- contingency cost (%) is simply the function 
of the relative importance of the risks 
-developed a first-order equation for 
estimating contingency cost where risks are 
considered as variables 

-need enough data to fit a multiple 
regression model 
-in case of a nonlinear relationship 
between the risk and contingency cost, 
the prediction accuracy will be reduced 
-a deterministic approach usually does 
not consider the uncertainty, 
complexity, and unplanned events in 
megaprojects [95] 
-the inter-relationship between the 
input variables are ignored 

Shahtaheri 
et al. [46] 

Integrated approach 
includes risk 
assessment and MCS 
for contingency 
prediction 

-probabilistic approach 
-estimate risk probability for an 
individual activity or work packages  
-risk impacts are predicted in terms of 
the categories of project performance 

-probabilistic risk analysis provides a range of 
input variables as probability distributions 
instead of discrete inputs 
-simulation result provides a range of 
outcomes instead of single/crisp estimate, 
which allows better contingency cost 
management throughout the project period as 
per need 
-can handle nonlinear relationship between 
inputs and outputs  
-can also work with a large number of input 
variables 

-requires sufficient reliable historical 
data to generate a probability density 
function for better prediction accuracy 
[10,46] 
-accuracy also depends on the number 
of iterations, which requires extra time 
and efforts for calculation [10] 
-inter-relationship or dependencies 
between the risks in same or different 
categories are ignored 

Chang 
and Ko 
[25] 

Integrated risk 
assessment and cost 
prediction approach 
using MCS 

-expert judgments are used for assessing 
risks associated with the activity cost in 
parametric prediction 
-the financial loss of risks was 
considered as cost variable or 
contingency 

-the model estimates net present value (NPV) 
considering activity/event cost, revenue, and 
associated risk impacts 
-upgrades the parametric cost assessment 
simulating cost impacts of risks associated 
with the activity cost variables  
 

-costs related to risks were assumed to 
be a lognormal variable 
-risk sources were assumed to be 
independent 
-correlated input variables can offset 
the prediction accuracy 
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Reference Methods/models/tools Characteristics Advantages Disadvantages/limitations 
-the cost variable for a group of risks 
was calculated as the percent (i.e., the 
level of risk) of the total cost 

Maronati 
and 
Petrovic 
[9] 

MCS -evaluate uncertainties and risks 
-project costs were predicted considering 
both correlated and uncorrelated 
variables  
-individual cost variables (cost of work, 
price of materials and equipment) were 
simulated separately and then combined 
for modelling project total cost 
-distribution-free rank correlation among 
the cost variables was used  

- MCS handles uncertainties in cost simulation 
-correlation between the cost variables are 
taken into consideration to estimate cost 
uncertainties 
-the triangular distribution function of a cost 
item is used instead of crisp value, which 
facilitates flexibility in decision making 
regarding budget prediction 
-experts feel more comfortable to provide 3-
point costs instead of a single mean and 
standard deviation of a cost item 

-expert judgment was used instead of 
economic parameters (inflation, GDP, 
etc.) for adjusting those cost items to 
reflect current market price and supply 
chain  
-the model underestimates cost 
uncertainty or contingency cost 
compared to the real cost overrun 
-risk/uncertainty was not delicately 
assessed and addressed into the 
contingency cost calculation 

Hoseini et 
al. [98] 

Basic statistical 
analysis (goodness-of-
fit test, mean, standard 
deviation, distribution 
pattern, etc.) of the 
predicted contingency 
cost in practice based 
on historical data 

-Gamma, Beta, and lognormal 
distributions were presented, and 
lognormal distribution was found well 
fitted to the percentage of a contingency 
cost estimate  
-trends of contingency cost estimates 
were studied through preconstruction 
phases (initiation, project development, 
and tender and award) 

-separate contingency estimates are provided 
for the known-unknown and unknown-
unknown risks  
-risk induced contingency cost estimates and 
follows up the trends of prediction 
development in different construction phases 
prior to the execution phase 

-application of this approach depends 
on the data recorded from different 
preconstruction phases of similar 
previous projects 
-correlation among the risks is not 
considered for the analysis  
 

1 
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Appendix 2. A typical cost overrun risk network used in Netica for risk analysis using the modified 2 

FBBN model 3 
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