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Abstract:  
Risks and uncertainties are inevitable in construction projects, and can drastically change the expected 
outcome, and negatively impact the project's success. However, Risk Management (RM) is still 
conducted in a manual, ineffective, and experience-based fashion in practice, hindering automation and 
knowledge transfer to upcoming projects. The Construction industry is recently benefitting from 
Industry 4.0 revolution and the advancements of Data Science branches such as Artificial Intelligence 
(AI). This shifts the construction management processes towards digitalization and optimization. Data-
driven methods, such as AI and Machine Learning algorithms, Bayesian Inference, and Fuzzy Logic, 
seem to be a decent solution to RM domain shortcomings and automating and optimizing the RM 
processes, which are being widely explored recently. These methods are divided into deterministic and 
probabilistic models, the first of which proposes a fixed predicted value, and the latter, embraces the 
notion of uncertainty, causal dependencies, and inferences between variables affecting projects' risk 
when proposing a predicted value. This research uses a systematic literature review to investigate and 
then comparatively analyse the main deterministic and probabilistic methods applied to Risk 
Management in the construction industry in respect of each method's specific scope, primary 
applications, advantages, disadvantages, method limitations, and proven accuracy. The findings will 
establish the recommendations for optimum AI-based methods and frameworks for different 
management levels- Strategic, Operational Project Management, and for large or small datasets. 

Keywords:  
Artificial Intelligence, Construction Industry, Machine Learning Algorithms, Project Management, Risk 
Management 

1. Introduction 

The construction industry has one of the highest accident and fatality rates, delays, and cost 
overruns, which are caused by uncontrolled risks. Risks occur at various levels: operational, 
project, portfolio, strategic, and business and enterprise levels, derived from external and 
internal factors, and can be: a) a Field-based risk, including financial, market, operational, 
political, reputational, and disaster risks, or b) a Property-based risk, including uncertainty, 
dynamics, interconnection and dependence, and complexity (Wu et al., 2014). Risk 
Management (RM), as depicted in best practices and Project Management standards, tends to 
be a proactive approach consisting of Risk identification, analysis and assessment, mitigation 
planning, and control stages (Project Management Institute (PMI), 2017) to exploit or enhance 
positive risks (opportunities) while avoiding or mitigating negative risks (threats) and to ensure 
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the project's success, to meet project's objectives and constraints, and to secure the project 
safety. However, it is still conducted in a manual, time-consuming, superficial, and ineffective 
manner. Moreover, Risk Identification and Assessment, in their conventional ways, are 
conducted based on individual and experience-based expert judgments and seem highly 
personalized and context-dependant (Li et al., 2018). Therefore, knowledge transfer and model 
generalization remain critical issues for future projects. 

On the other hand, the construction industry is experiencing a digitalization revolution thanks 
to the abundant production of data and the development of digital tools and data-driven 
decision-support systems like Artificial Intelligence (AI), Digital Twins, and the Internet of 
Things (IoT). These technologies prepare the technical foundation for an intelligent and ever-
improving construction industry. AI is one of the key pillars of the industry 4.0 revolution and 
digitalization era to create an active connection between the physical and digital worlds. It 
includes the science and engineering techniques that aim to make machines mimic human 
cognitive processes of learning, reasoning, perception, planning, and self-correcting (Darko et 
al., 2020). AI is gaining a vast application for fostering, optimizing, and automating processes 
throughout the entire construction project life cycle for intelligent management of projects. 

Nowadays, AI algorithms can learn from enormous real-time data generated by cutting-edge 
technologies like the Internet of Things (IoT), Sensors, Cyber-Physical Systems (CPS), Cloud 
Computing, Big Data Analytics (BDA), Text Mining, and Information and Communication 
Technologies (ICT) for more reliable and smart management and decision-making in the 
construction projects (Zhong et al., 2017). This data, if transformed into a structured and 
understandable form, can bring valuable insights for knowledge management in projects and 
economy, and society development. AI learning process takes place based on historical data 
records, in which the machine tries to recognize the relationships between input data and output 
data by constant weighting and correction. AI algorithms can analyse large volumes of data to 
extract insights from previous data, recognize the data pattern, generalize the rules, and make a 
prediction for upcoming data entries in complicated, nonlinear, and uncertain problems (Mellit 
and Kalogirou, 2008). 

However, though its vital role in securing the project's success and ability to solve the 
shortcomings of traditional RM methods, AI applications in Construction RM have been limited 
and far behind other industries and robust AI-based RM frameworks (Chenya, 2022). AI models 
can improve analytical capabilities across the RM domain while offering a high granularity and 
depth of predictive analysis (Guzman-Urbina et al., 2018). AI-based RM systems can function 
as a) Early-warning systems for risk control, b) AI-based risk analysis systems using algorithms 
like Neural Networks for identifying complex data patterns, c) Risk-informed Decision Support 
Systems for predicting various outcomes and scenarios of decisions, d) game theory-based Risk 
analysis systems, e) Data-mining systems for large data sets, f) Agent-based RM systems for 
supply chain management risks, g) Engineering risk analysis systems based on optimization 
tools, and, h) Knowledge management systems by integrating decision support systems, AI, 
and expert systems to capture the tacit knowledge withing organizations in computer systems 
(Wu et al., 2014). 

As depicted in Figure 1, an AI-based RM system aims to: a) mine and analyse real-time project 
data, b) conduct automatic identification, evaluation, and assessment of risks, c) conduct 
proactive decision-making on responses to mitigate these risks and d) share this insights and 
predictions in a collaborative environment for data integration like Cloud Building Information 
Modelling (BIM), and Digital Twin platforms (Pan and Zhang, 2021). This research focuses 
specifically on the “b” clause, the AI-based analytical models for risk assessment and 
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management, and aims to study the relevant aspects of a successful AI model, i.e. input data 
requirements, model structure and reasoning, application scope, etc. 

 
 
 
 
 

 
 
 
 
Figure 1. AI-based Risk Management framework 
 

Most of the data-driven methods, like ML algorithms, require a significant amount of data in a 
structured format to learn from and make a prediction for future projects. However, risk data is 
usually not frequently registered or updated in project documents, is in unstructured text or 
image forms, has missing values and scarcity problems and is affected by different individual 
perceptions. Moreover, as there are a variety of risk types and individual experts might not have 
encountered or have sufficient knowledge of all of them, human-based risk analysis systems 
suffer from low accuracy, incomplete risk identification, and inconsistent risk breakdown 
structures (Siraj and Fayek, 2019). Therefore, AI-based methods for data structuralizing and 
pre-processing are required.  

AI algorithms’ structure, processing formats, and the role of probability in the process are other 
important issues to consider. The probability theory has been studied through various models 
within the past decades, such as Gaussian models, Pareto distributions, stochastic process 
theory, Markov processes, and Monte Carlo simulations (Wu et al., 2014). However, an 
important factor that is missing in many of the previous techniques is the isolated analysis of 
risks and ignorance of the causal interrelations and correlations among risk factors. Assessment 
of the individual risk factor's magnitude, regardless of the occurrence probability of the risk 
events chain and the effects each risk cause to the others, may result in underestimation of the 
overall project risk level. Some previous studies have focused on the concept of risk paths and 
scenario analysis, rather than individual risk factors, which is a more accurate and realistic 
delineation of the reality (Eybpoosh et al., 2011). 

The same concept is also applicable to the AI algorithms' structure and processing format. AI 
algorithms can generally conduct deterministic or probabilistic analyses, as a result of which 
are grouped under deterministic or probabilistic model groups. Deterministic models provide a 
fixed prediction amount based on the effects of input variables on the output, while the 
Probabilistic models provide a probability-attached final value considering the interrelation and 
causal inferences of input variables on each other. This research aims to answer the following 
questions through a systematic literature review and comparative analysis between AI models: 

a) In which capacities and by the application of which algorithms the RM domain can 
benefit from AI? 

b) What are the entry data requirements for each algorithm, and in case of data scarcity 
and uncertainty, which algorithms are applicable? 
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c) What are the advantages, disadvantages, application scope, prediction accuracy, and 
limitations of Probabilistic and Deterministic AI models for RM? 

2. Research Methodology 

This research used a systematic Literature review approach, due to its comprehensive, 
structured, reproducible, transparent, and quantitative nature (Pickering and Byrne, 2014).As 
topics and domains related to the scope of this research are numerous, the systematic literature 
review approach helped finding the most relevant interdisciplinary publications, extract 
knowledge areas, and categorize their applied AI techniques, after some filtering stages. The 
publication search was conducted in Scopus and Web of Science libraries, as by the result of 
preliminary search, they had more relevant publications to the research theme. Figure 2 presents 
the literature search scheme, the findings of which serve as the source papers to identify and 
classify AI algorithms for RM. These algorithms are classified in two groups of Probabilistic 
and Deterministic models, based on their analytical reasoning, input data requirements, and 
level of intaking uncertainty, and shape an important component of AI-based RM framework 
in Figure 1. 

The search rule was ( ( "construction" )  OR  ( "AEC" )  OR  ( "construction industry" )  OR  ( 
"construction project" ) )  AND  ( ( "risk" )  OR  ( "risk assessment" )  OR  ( "risk management" 
)  OR  ( "risk evaluation" ) )  AND  ( ( "Artificial Intelligence" )  OR  ( "Machine Learning" )  
OR  ( "Data Mining" )  ), which was limited to Engineering domain, English language, and 
Review paper type, as a result of which 69 documents remained. Review papers had a wider 
variety of techniques included, often had a comparison conducted, and had the proper level of 
detail about each method, which was sufficient for our research scope. The abstracts and 
keywords of all the 69 documents were reviewed to remove the outlier publications. For 
instance, some publications were studying RM in other industries, some were focused on AI-
methods for other purposes like data generation, and some were focused on non-AI methods. 
At the end of this phase, 48 final documents remained as the source papers.  

A thematic and bibliometric analysis was conducted on the source papers in Bibliometrix 
application to identify the main areas of research concentration, common techniques, 
interrelation of topics, application scopes, and trending topics. It is noteworthy that a number 
of papers were particularly focused on health and safety risks, which are only analysed 
regarding the AI algorithms they proposed. 

 
 
Figure 2. Literature search flowchart 

3. Research Findings 

3.1  Background data 
Figure 3 presents the co-occurrence diagram between keywords and research areas in the source 
papers created by Bibliometrix application, which provides a big picture of the interdisciplinary 
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research in the field. As marked on the diagram, the papers introduce a number of AI algorithms 
applicable to various steps of RM, such as risk identification and analysis, for decision making 
about different aspects of construction projects, such as contracts or cost. This paper focuses on 
the blue and green zones of the figure, i.e., risk assessment and analysis steps, and AI algorithms 
for each of these steps.   

Furthermore, the various topics’ trends were analysed based on the found literature, as a result 
of which, the Big Data, Machine Learning, and Deep Learning lead the current trend, followed 
by health, safety, and occupational risks. Decision Support Systems and knowledge based 
Systems used to be trending during the last decade, but are substituted by AI-based techniques 
that foster the decision-making. 

 
 
Figure 3. Co-occurrence diagram between keywords and research areas of source papers 

AI algorithms      Decision Support Systems      RM domains       
Construction Project Disciplines      Health and Safety 

3.2  AI-based risk data structuralizing and pre-processing 
Text mining tools like Natural Language Processing and adaptive lexicon have been 
implemented to convert textual and unstructured risk data into structured format proper for AI 
algorithms (Fan and Li, 2013). Given that 80% of construction data is stored in text format in 
project reports, TM can extract valuable data for identifying contract risks from contract 
conditions, socio-technical risks from licensee event reports, and safety risks from accident 
reports (Xu et al., 2021) for further analysis of risks. Moreover, Computer vision techniques 
are for detecting hazardous objects and situations that might trigger safety risks through images. 
Clustering and Classification methods are used to categorize risks and can be integrated with 
text mining methods as a proceeding step of text structurization. It is widely applied in safety 
and contract risk domain and various ML methods like Support Vector Machine (SVM), Linear 
Regression (LR), K-Nearest Neighbour (KNN), Decision Tree (DT), Naïve Bayes (NB) models 
are used in literature to classify the causes of the accidents (Zhang et al., 2019). 
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3.3  AI algorithms classification for Risk Identification, Analysis, and 
Mitigation Planning 

Various categories have been proposed for AI-based Risk analysis and reasoning methods in 
literature. Based on the categorization for AI application areas in the construction industry 
proposed by Pan and Zhang (2021), RM falls under a) the category of Expert Systems/Fuzzy 
logic for Knowledge Representation and Reasoning mainly formed on probabilistic, qualitative, 
and linguistic analysis, and b) Machine Learning for supervised learning based on either 
probabilistic or deterministic analysis. Samantra et al. (2017) classified construction risk 
assessment approaches as a) Probabilistic approach, dealing with risk probability and impact 
estimation based on historical numeric data, including Sensitivity analysis, Decision Tree 
analysis, Bayesian Networks, Monte Carlo simulation, etc. (Zhang et al., 2014), and b) 
Possibilistic approach, dealing with risk probability and impact estimation based on qualitative 
or descriptive data including fuzzy logic (Dikmen et al., 2007). The advantage of possibilistic 
models is that they can embrace the uncertain and vague definition of risk factors and their 
magnitude in a linguistic and subjective human description (Samantra et al., 2017). Although 
called by various names, the notion and reasonings for classifying all of the methods are the 
same. For ease of reference, this paper calls them Probabilistic and Deterministic models. It is 
noteworthy that this classification basis is the risk reasoning itself, which is applicable to all 
phases of RM process from risk identification to assessment and mitigation planning. 

3.3.1 Probabilistic Models  
Probabilistic models include Structural Equation Modelling (SEM), Bayesian Network (BN), 
Fuzzy Logic, and Fuzzy Cognitive Map that can be integrated with other methods like Fault 
Tree analysis. These methods have a vast application in Expert Systems and Knowledge 
Representation and can have one of the bellow-mentioned risk reasonings (Wee et al., 2015): 

a) probability-based reasoning, referring to probability theory to indicate the uncertainty 
in knowledge, including fault tree analysis (FTA), SEM, and BNs.  

b) Rule-based reasoning, deploying a set of rules in the "if <conditions>, then 
<conclusion>" format with logical connectives, like AND, OR, NOT, for analysing 
qualitative and linguistic data of expert opinion, including Fuzzy Logic. 

c) Fuzzy Cognitive Map (FCM) learned from data or expert opinions, in which the fuzzy 
graph structure enables interpreting complex relationships and systematic causal 
propagation for immediate identification of risks' root causes in uncertain conditions.  
 

SEM is a versatile multivariate statistical technique consisting of a schematic diagram 
representing causal structural relationships among multiple variables (Xiong et al., 2015), and 
has a vast application in construction safety risk analysis with Exploratory Factor Analysis 
(EFA). EFA can uncover the underlying structure of a large set of variables when there are no 
hypotheses about the nature of the underlying structure of a model (Liu et al., 2018). Bayesian 
Networks are a part of Probabilistic Graphical Models, which are statistical techniques based 
on probability and graph theory for causal inference analysis between risk variables. BNs are 
presented as graphs consisting of nodes, as random variables, and directed arcs as causal 
relationships among these variables, which is referred to as the Directed Acyclic Graphical 
model (DAG) (Borujeni et al., 2021); and include a Conditional Probability Distribution (CPD) 
table, representing the influences between the nodes. The structure and CPDs can be learned 
through algorithms from enormous historical data, expert opinion, or both. BNs have a wide 
application in modelling, identifying, and analysing project-related risks like claims and 

322



Paper ID: 6503 

Proceedings of the 45th AUBEA Conference, 23-25 Nov. 2022, Western Sydney University, Australia       
 

contract risks, structural health, operation quality, cost and schedule overruns, and safety 
hazards (Khodabakhshian and Re Cecconi, 2022; Liu et al., 2021). 

Fuzzy Logic has a wide application in modelling qualitative and subjective data extracted from 
expert opinion, which allows reasoning with ambiguous information. The probability of verbal 
expressions are transformed into fuzzy numbers, with degrees of truthfulness or falsehood 
represented by a range of values between 1 (true) and 0 (false), using triangular, trapezoidal, or 
Gaussian fuzzy membership functions, and through four subprocesses of fuzzification, 
inference, composition, and defuzzification (Pokorádi, 2015). Fuzzy Logic integration with 
Bayesian Network, Analytic Hierarchy Process (AHP), and TOPSIS is proven to be a robust 
risk assessment and decision-making approach, especially when the problems are characterized 
by subjective uncertainty, ambiguity, and vagueness (Fayek et al., 2020). A fuzzy cognitive 
map (Wee et al., 2015) is a combination of fuzzy Logic and cognitive map, which uses 
subjective and vague linguistic variables from domain experts, perform a Root Cause Analysis, 
and model complex and dynamic systems with numerous indicators, causal dependencies, and 
weights. FCM forms a what-if scenario analysis for the prediction and evaluation of risks in a 
fuzzy weighted graph model with a tolerance of imprecision and uncertainty (Chen et al., 2020). 

3.3.2 Deterministic Models  
A list of ML techniques applied in construction-related disciplines includes Artificial Neural 
Networks (ANN), Decision Trees, Logistic Regression, Naïve Bayesian Models, and Support 
Vector Machines. ML combines methods from statistics, database analysis, data mining, pattern 
recognition, and AI to extract trends, interrelationships, patterns of interest, and useful insights 
from complex data sets (Flath et al., 2012). Deterministic Models include most of the Machine 
Learning algorithms. These algorithms can be used for one of the following applications in RM: 
a) Regression to predict continuous numerical outcomes like delay caused by a risk, including 
Linear Regression, Decision Trees, Support Vector Machines (SVM), and Neural Networks 
(NN) techniques, b) Classification to present the class of the output based on some input 
features like risk identification including NNs, Random Forest, SVM, and Genetic Algorithm, 
c) Clustering to explore data for natural groupings like finding related events causing a risk 
including K-means and SVM, d) Attribute importance to rank attributes based on their 
relationships to the target variable like identifying the most significant causes of accidents 
including Decision Trees and Random Forest, e) Anomaly detection to identify unusual cases 
based on deviation like identifying accident risks including SVM and Deep Neural Networks 
(Ajayi et al., 2019). In contrast to other realms in construction, ML application has been limited 
and mainly for predicting delay risks in construction, predicting the impact of contract changes 
on the time and quality performance, and analyzing and modeling of incident databases for 
predicting H&S risks. The format of the input risk data for Risk Assessment in deterministic 
models can be numeric, categorical, video data, sensor data, textual data, etc., and input data 
acquisition approaches could be historical, real-time, or a combination of historical and real-
time data (Hegde and Rokseth, 2020). 

ANNs are the most applied ML method in engineering risk assessment, followed by SVM, 
Decision Trees, RF, CART, Naïve Bayes, K-means, KNN, Linear Regression, and BRT (Hegde 
and Rokseth, 2020). NNs are formed by layers of interconnected nodes using activation 
function, weight, and bias, which simulate the human brain structure and behavior for solving 
problems like recognition, classification, and regression (Bengio et al., 2013). The reasoning 
behind these layers rely on the weights and biases assigned to each node, being learned and 
optimized based on Forward propagation and Backpropagation processes, with an objective to 
minimize the loss function as an indicator of prediction precision. They have a great 
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performance in the presence of abundant data, capturing linear and nonlinear relationships of 
the data and serve as a predicting-analytical model for industrial RM control and accidents’ 
severity assessment, to estimate the S-curve in a construction project, to analyze the causes of 
accidents, to predict delay risk in construction logistics (Gondia et al., 2020) 

DT is a supervised learning method that explores the relationships of many input attributes to 
an output attribute by creating a top-down branching structure consisting of a root node splitting 
into branches as probable outcomes. DTs do not need any assumptions regarding the 
independence of variables or variable values. They can process both numerical (continuous) 
and categorical (discrete) data and perform regression and classification. Support Vector 
Machines (SVM) perform regression and classification by mapping data to a high-dimensional 
feature space to categorize the data points by forming a separator between the categories in the 
form of a hyperplane. Genetic algorithms, which is an optimization and complex problem-
solving method using an adaptive heuristic search, is also useful in measuring project risk 
interdependencies for the optimal cost solution under uncertainties (Liu et al., 2013). 

3.4  Comparative Analysis between Probabilistic and Deterministic models 
Followed by Probabilistic and Deterministic algorithms determining and listing based on the 
source papers of Figure 2, an analytical comparison was made between them, regarding their 
reasoning basis in risk identification, assessment, and mitigation planning stages, advantages 
and disadvantages, application areas, and data requirements for each, presented in Table 1. The 
basis of this comparison was the points mentioned in source papers of the systematic literature 
review regarding the precision, problem type, analytical reasoning, input data requirements, 
level of probability included, and characteristics of each of these methods.  

Table 1. Analytical comparison between Probabilistic and Deterministic RM models 
Comparison 

Criteria 
Probabilistic Models Deterministic Models 

Reasoning basis probability-based reasoning 
rule-based reasoning 

Fuzzy logic 

Forward propagation and backpropagation 
Loss function 

Weights and biases 
Structure  Interconnected Graphs Layers of neurons or branches 

Learning Source Historical Data 
Experts’ opinion 

Mainly historical data 

Data 
Requirements 

Limited amount of data 
Able to deal with missing values 

Numerical, categorical, and linguistic data 

High amount of data 
Partial ability to deal with missing values 

Probability and 
dependencies’ 

role 

Embrace probability in assessments 
Considering variables interdependencies 

with each other and final output 

Does not embrace probability in assessments 
Considering variables interdependencies on 

final output 
Prediction 
precision 

Mid-high Very high 

Application scope Subjective and uncertain problems with 
limited data 

Objective and complex problems with 
abundant data 

Application in 
RM processes 

Risk Identification 
Qualitative Analysis 

Risk Control 

Risk Identification 
Qualitative and Quantitative Analysis 

Mitigation Planning 
Risk Control 

Advantages Flexibility to various problems 
Ability to integrate qualitative and 

quantitative data (subjective and objective) 
Risk path approach 

Ability to include dynamic data 

Quick processing and learning 
Ability to consider linear and nonlinear 

relationships among data 
Ability to include dynamic data 
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In general, Deterministic models have advanced structure, quicker processing time, and higher 
result precision in complex problems, but they require huge amount of structured data with no 
missing values or uncertainties. Given that documentation is in a poor condition in the industry, 
the data scarcity and infrequent data updates are main challenges of these models. Probabilistic 
models on the other hand, due to functioning in the state of data scarcity, missing values, and 
being closer to reality regarding the interdependencies between risk variables are more 
practical. They can integrate subjective and experience-based experts’ opinion with objective 
historical data gathered from previous projects to overcome the data scarcity issue. Moreover, 
they benefit from the risk path approach instead of isolated risk assessment. Construction firms 
can refer to this study and Table 1 to choose the most proper AI model to foster their RM 
processes, regarding their enterprise requirements and data availability. 

4. Conclusion and Further Research 

The Construction RM process benefits significantly from AI in terms of automation, 
optimization, decision-making fostering, and standardization, as supported by the systematic 
literature review findings. Machine Learning and Deep Learning algorithms, with ANN, SVM, 
BN, and Fuzzy Logic in the lead, have found significant applications in RM research. However, 
in order to implement these methods in practice and to identify causes of various risks and 
analyze them in construction projects, abundant experience, prior knowledge, and historical 
data are required, which in most cases are not well documented or not easily accessible. 
Therefore, the data requirements, reasoning, and structure of each AI model needs to be 
thoroughly analyzed to choose the proper one based on the data availability of an enterprise. 
Furthermore, AI-based methods like text mining and computer vision can help structuralize the 
risk data and fairly overcome the data scarcity problem.  

This study provided a systematic literature review for classifying AI algorithms that can be 
applied during different phases of the RM process. These algorithms were grouped under 
Probabilistic and Deterministic groups based on their risk reasoning, learning process, data 
requirements, flexibility toward data scarcity, uncertainty, integration of qualitative and 
quantitative data, and application scope. The contribution of this paper is providing an 
analytical comparison between different AI algorithms for practitioners and researchers to 
choose the proper AI model for a target risk problem; which, as proven by the results of previous 
literature, can bring many advantages in terms of automation, optimization, digitalization, and 
decision-making increasing the RM processes performance and projects’ success rate. 
Moreover, an AI-based RM framework is presented, in which this study focused on the data 
analysis phase, and future phases are the subject of further studies. The limitation of this 
research was the limited number of publications for validating the proposed analytical 
comparison. Furthermore, the classifications provided by previous researchers for the AI 
algorithms were based on different criteria such as project phase, algorithms efficiency level, 
supervised or unsupervised learning, etc., that in some cases were incompatible with each other. 
Therefore, this paper had to group them under two wide flags of Probabilistic and Deterministic 
models to include the majority of these criteria, even if a more detailed classification would 
provide a more accurate comparison. As a suggestion for further studies, the provided 
comparative table can be discussed and validated by experts in the field or through case studies 
for algorithms implementation and results comparison. 

Disadvantages Takes longer time to create the structure 
Not high precision if merely based on 

historical data 
High processing time in complex problems 

Individual risk analysis approach (isolated) 
Not flexible toward change 

Requirement to high data volume 
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