
      

ISSN Online: 2145 - 8456 

This work is licensed under a Creative Commons Attribution-NoDerivatives 4.0 License. CC BY-ND 4.0  

How to cite: G. Mejía, J. Gutiérrez, O. Portilla, J. Soto, “Bayesian Network-Based Uncertainty Quantification for 

Front-End Planning in Low-Cost Housing Projects,” Rev. UIS Ing., vol. 25, no. 2, pp. 61-80, 2026, doi: 

https://doi.org/10.18273/revuin.v25n2-2026006 
* Corresponding author 

  

Vol. 25, n.°2, pp. 61-80, 2026 

Revista UIS Ingenierías 

Página de la revista: https://revistas.uis.edu.co/index.php/revistauisingenierias 

 

Bayesian Network-Based Uncertainty 
Quantification for Front-End Planning in 

Low-Cost Housing Projects 
Cuantificación de la incertidumbre mediante 
redes bayesianas en la planificación temprana 

de proyectos de vivienda de interés social 
 

 

Guillermo Mejía-Aguilar 1a, Jaime Gutiérrez-Prada* 1b, Oscar Portilla-Carreño 1c, Jonathan 

Soto-Paz 2 
 

1 INME, Facultad ingenierías Físicomecánicas, Universidad Industrial de Santander, Colombia. Orcid: 0000-0002-

3829-7730 a, 0000-0002-5816-9496 b , 0000-0003-2334-7026 c. Email: gmejia@uis.edu.co a, 

jaime.gutierrez2@correo.uis.edu.co b, oscar2162279@correo.uis.edu.co c  
2  LASSOS, Facultad de Ingeniería, Universidad del Valle, Colombia. Orcid: 0000-0002-9211-6435. Email: 

jonathan.soto.paz@correounivalle.edu.co     

 

Received: 22 October 2025. Accepted: 4 March 2026. Final version: 19 April 2026. 

 

Abstract 

 

Front-End Planning (FEP) and traditional tools such as the Project Definition Rating Index (PDRI) are essential for 

reducing risk and providing structured evaluations but rely on deterministic scoring, limiting their ability to account 

for uncertainty and variable interdependencies. This study proposes a probabilistic methodology using Bayesian 

Networks (BNs) to quantify uncertainty in the early planning phase. The BNs integrated empirical data from 14 

completed low-cost housing projects and expert knowledge. The BN model enables scenario-based analysis to support 

early-stage decision-making. The BN was trained using the Expectation-Maximization algorithm and validated, 

achieving acceptable predictive accuracy (R² = 0.76; MSE = 0.214; RMSE = 0.463). Results demonstrate that BN's 

methodology improves planning reliability and supports proactive risk mitigation by dynamically incorporating 

uncertainty. This methodology contributes to closing the gap between deterministic planning tools and probabilistic 

decision-support systems, offering a scalable, replicable framework for early planning in low-cost housing and other 

high-uncertainty construction contexts. 

 

Keywords: Bayesian networks; Project Definition Rating Index; Uncertainty quantification; Front-End planning; 

Low-cost housing projects; Probabilistic Modeling; Assessment; MICMAC; Expert Knowledge; Decision making. 

 

Resumen 

 

La Planificación de la Etapa Inicial (FEP) y herramientas tradicionales como el Índice de Definición de Proyectos 

(PDRI) son fundamentales para reducir riesgos y estructurar evaluaciones, pero su enfoque determinista limita la 

consideración de la incertidumbre y de las interdependencias entre variables. Este estudio propone una metodología 

probabilística basada en Redes Bayesianas (BNs) para cuantificar la incertidumbre en las fases tempranas de 

planificación. El modelo integra datos empíricos de 14 proyectos de vivienda de interés social y conocimiento experto, 

lo que permite análisis basados en escenarios que respaldan la toma de decisiones iniciales. Entrenado con el algoritmo 
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de Expectación-Maximización, el modelo alcanzó una precisión predictiva aceptable (R² = 0.76; MSE = 0.214;               

RMSE = 0.463). Los resultados muestran que las BNs mejoran la fiabilidad de la planificación y facilitan la mitigación 

proactiva de riesgos al incorporar dinámicamente la incertidumbre. La metodología cierra la brecha entre herramientas 

deterministas y sistemas probabilísticos de apoyo a la decisión, ofreciendo un marco escalable y replicable para la 

planificación temprana en proyectos de vivienda de interés social y otros contextos constructivos de alta incertidumbre. 

 

Keywords: Redes bayesianas; Índice de definición de proyectos (PDRI); Cuantificación de la incertidumbre; Front-

End Planning; Proyectos de vivienda de interés social; Modelado probabilístico; Evaluación de riesgos; MICMAC; 

Conocimiento de expertos; Toma de decisiones. 

 

1. Introduction 

 

Early planning is critical for cost-effective project 

delivery, yet inadequate scope definition remains a 

primary cause of budget overruns and schedule delays in 

construction [1], [2]. Traditional FEP approaches, 

including tools like the Project Definition Rating Index 

(PDRI), fail to address dynamic uncertainty and 

interdependencies among planning variables [3], [4]. 

These limitations result in vague scope definitions, 

underestimated risks, and cost overruns [5], challenges 

that are worsened in resource-constrained environments, 

where decision biases further threaten project feasibility 

[6], [7]. 

 

These challenges are particularly significant in low-cost 

housing projects, where the failure risks are increased by 

regulatory complexity, financial constraints, and 

sustainability requirements [8], [9]. This kind of project 

demands rigorous viability assessments, as its financial 

success depends heavily on regulatory compliance [10]. 

While computational approaches like neural networks 

and fuzzy logic have been applied, they typically ignore 

the conditional dependencies that characterize 

construction project variables [11]. This shortcoming 

significantly limits their effectiveness in uncertainty 

quantification, which is particularly problematic given 

the reactive planning approaches often used in 

developing economies [12]. 

 

To address these limitations, Bayesian Networks (BNs) 

provide a powerful methodological solution for 

construction planning, offering dynamic probabilistic 

modeling of risk relationships and decision support. 

capabilities [13], [14]. Their strengths in causal inference 

and evidence-based prediction updating have been 

demonstrated across multiple construction domains, 

including project scheduling, safety management, and 

infrastructure planning [15], [16]. Despite these 

advantages, the integration of BNs with structured 

planning tools—particularly the PDRI for low-cost 

housing projects (VIS) in developing regions—remains a 

significant research gap [17]. The lack of exploration in 

this area hinders the development of comprehensive, 

uncertainty-aware frameworks to address the unique 

complexities of FEP in these contexts. 

 
Figure 1. Adapted DBR and PDCA processes. Source: Author’s own elaboration. 
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In response to these challenges, this research aims to 

define a probabilistic methodology to quantitatively 

assess the uncertainty of the PDRI for VIS projects in 

Colombia, using BNs. Specifically, the methodology first 

proposes a relational model that captures causal 

relationships among the most relevant PDRI elements, 

structured through expert elicitation using the Delphi 

method. Next, the model’s conditional probabilities are 

estimated within a Bayesian framework using empirical 

data from 14 completed projects and their corresponding 

expert-based PDRI assessments. Due to inherent data 

limitations in the local construction sector, this proposed 

approach is exploratory and provides valuable insights 

for early-stage decision-making. By transforming 

deterministic scores into dynamic probability 

distributions, the methodology offers a robust tool for 

uncertainty quantification, improving the reliability of 

FEP in data-limited environments  

 

This study adopted a Design-Based Research (DBR) 

methodology to develop and validate a data-driven BN 

model that quantifies uncertainties during the definition 

and planning phases of VIS projects. DBR is grounded in 

iterative problem-solving and follows the Plan–Do–

Check–Act (PDCA) cycle (see Figure 1), making it 

particularly appropriate for addressing complex, real-

world challenges in construction management. The 

approach integrates theoretical constructs with practical 

implementation to ensure methodological rigor and 

contextual fit, supporting its adaptability and practical 

utility in resource-constrained environments [18], [19], 

[20]. 

  

The DBR process began with identifying key planning 

challenges in construction projects using literature 

reviews and stakeholder consultations, followed by the 

design of methodological artifacts informed by well-

accepted principles. These artifacts were tested and 

refined through systematic real-world evaluation, 

ensuring theoretical rigor and practical relevance. The 

research addressed uncertainty in the early planning 

phase, which arises from incomplete scope definitions, 

diverse stakeholder inputs, and external risk factors. To 

mitigate these issues, a probabilistic methodology based 

on BN models was developed as a decision-support tool 

for defining the scope of VIS projects in developing 

countries. The BN model combined expert knowledge, 

gathered through an adapted Delphi process, with 

empirical data from 14 completed projects, enabling 

more reliable, data-driven decision-making. By 

integrating traditional planning methods with 

probabilistic analysis, the study proposed a framework 

that offers a robust, scalable, and replicable approach to 

managing uncertainty in resource-constrained 

environments 

2. Conceptual Framework  

 

2.1. Front End Planning (FEP) 

 

FEP, referred to as pre-project planning or front-end 

loading, is a critical early-phase process that aligns 

business objectives with project strategy, scope, cost, and 

scheduling parameters. This process establishes a solid 

foundation for project success by clearly defining these 

elements before beginning detailed design and execution 

[21].  

 

The Construction Industry Institute (CII) has promoted 

FEP adoption among leading organizations, quantifying 

its positive impact on cost control, schedule adherence, 

and team performance [22]. Similarly, the Project 

Management Institute (PMI) emphasizes FEP's 

importance in minimizing early-stage risks and 

increasing project success rates through robust planning 

and design processes, particularly in environments 

characterized by high uncertainty and limited initial 

information [23]. 

 

Despite the documented benefits of FEP, current industry 

practices often rely on deterministic assessments that are 

poorly suited to capture the non-linear and stochastic 

complexities inherent in modern infrastructure delivery 

[1]. Traditional methods, even with structured checklists, 

often provide a simplified view of project risks by 

overlooking the complex interdependencies among 

planning variables that can lead to cascading failures 

during execution [8]. Recent literature highlights a shift 

from static, point-estimate evaluations toward advanced 

frameworks that accurately quantify uncertainty, 

ensuring that strategic decisions at project milestones are 

supported by a probabilistic understanding of potential 

outcomes [21]. 

 

Within the context of FEP, probabilistic models have 

emerged as the vanguard for managing uncertainty. 

While established techniques such as Monte Carlo 

simulations and fuzzy logic provide valuable insights 

into variance and linguistic ambiguity, they often 

struggle with the data scarcity and complex causal 

structures typical of the pre-project phase [11]. In 

contrast, BNs provide a better alternative because of their 

unique ability to factorize joint probability distributions 

using directed acyclic graphs, enabling the integration of 

fragmented empirical data with structured expert 

elicitation [14], [24]. Furthermore, the bidirectional 

reasoning ability of BNs enables both predictive and 

diagnostic analysis, allowing real-time belief updates as 

new information arrives and ensuring that the project 

scope stays within organizational risk thresholds 

throughout the planning phase. [25], [26] 
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2.2. Project Definition Rating Index 

 

The PDRI is a structured tool used to assess the 

completeness of scope definitions during the early 

planning phases, including the conceptual, schematic, 

and design development stages [27]. Assessing how well 

a project is defined helps determine whether to move 

forward or halt it. Additionally, it connects the definition 

scores to essential success indicators like cost control and 

deadline adherence [28], [29]. This study employed a 

PDRI-based assessment matrix comprising three 

sections, eight categories, and 39 requirements, 

specifically designed to address scope-definition 

uncertainties in low-cost housing projects in developing 

countries [12]. 

 

2.3. Bayesian Networks (BNs) 

 

BNs are probabilistic graphical models that use a directed 

acyclic graph (DAG) to represent conditional 

dependencies among variables. Each node corresponds to 

a random variable, and edges represent causal 

relationships [30]. Each node is associated with a 

Conditional Probability Distribution (CPD) that specifies 

the probability of the node given its parent nodes (see 

Figure 2). 

 

 
Figure 2.  Causal structure of a BN showing parent–

child relationships. Source: Author’s own elaboration. 

 

Rooted in Bayes’ theorem, BNs support complex 

inference tasks, enabling both predictive reasoning (from 

cause to effect) and diagnostic reasoning (from effect to 

cause). Additionally, BNs can learn their structure and 

conditional probability distributions (CPDs) directly 

from empirical data. In the context of construction 

management, BNs have been successfully applied to risk 

assessment, decision support, and safety analysis, 

offering a robust framework for modeling uncertainty 

and capturing complex interdependencies among project 

variables [16]. 

 

Recent research in BNs has shifted the focus from overall 

monitoring to optimizing the pre-planning phase, 

especially to address the persistent "small data" issue 

during early project stages. New frameworks go beyond 

static models by incorporating hybrid intelligence to 

better manage epistemic uncertainty. For example, 

Khodabakhshian developed an elicitation-based BN 

model that tackles data scarcity by combining expert 

judgment with objective project databases. Additionally, 

by using Generative Adversarial Networks (GANs) to 

produce more extensive historical data, their method 

improved predictive accuracy for early risk detection by 

18% [24]. Simultaneously, the integration of BNs with 

BIM has revolutionized strategic "go/no-go" decision-

making processes [31]. 

 

On the other hand, studies show that modeling the 

interdependencies between structural integrity, retrofit 

costs, and environmental permits through BNs enables 

planners to estimate the likelihood of project success 

before any capital investment. This development is 

further supported by the use of Dynamic BNs in 

prefabricated construction, where the progression of 

failures over time is modeled during the planning phase 

to improve safety, resilience, and optimize site 

supervision protocols [32].  

 

Furthermore, advanced parameter learning using the 

Expectation-Maximization (EM) algorithm has been 

effectively employed to assess risks in high-stakes pre-

execution tasks, such as foundation excavation, by 

analyzing large sets of historical accident reports through 

sentiment analysis [33]. These advancements 

collectively indicate that BNs are now more than just 

diagnostic tools; they have become vital predictive 

engines for assessing the probabilistic accuracy of project 

scope and business cases during the earliest planning 

stages 

 

3. BN Modeling Methodology for Early 

Planning of Low-Cost Housing Projects 

 

This study defined a BN modeling methodology as a 

decision-support artifact to quantify uncertainty in the 

FEP of VIS projects. Based on a literature-driven 

problem analysis, the model must (a) capture 

interdependencies between planning variables, such as 

how design scope changes affect cost estimates; (b) 

integrate empirical data with expert knowledge for 

iterative updates; (c) handle missing or imprecise 

information in early planning; (d) quantify uncertainty 

through probability distributions for decision-making; 

A B

C

D E

F

P (B)

Parent

P (C | B, C)

Child

P (E | C)P (D | C)
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and (e) support dynamic planning via continuous updates 

as project conditions evolve. The methodology is 

replicable and applicable to VIS projects in developing 

countries, ensuring consistent uncertainty quantification 

during FEP.  

 

The proposed methodology adopts a four-stage process 

to quantify uncertainties in the FEP using the PDRI tool, 

tested with data from completed housing projects (see 

Figure 3). First, critical BN nodes are identified and 

validated through prior studies and expert consultation. 

Second, structural relationships among nodes are defined 

using a hybrid method that combines Ward’s hierarchical 

clustering and Matrice d’Impacts Croisés Multiplication 

Appliquée à un Classement (MICMAC) analysis, 

ensuring the network captures meaningful dependencies. 

Third, the BN is parameterized using the expectation-

maximization (EM) algorithm when data are available or 

using expert judgment when data are limited. Finally, the 

model quantifies overall uncertainty by modeling the 

final node with continuous probability distributions. 

 

A detailed case study in section 5 illustrates the practical 

usefulness of the proposed methodology and its 

predictive accuracy, highlighting its value as a data-

driven decision support tool early in VIS projects. This 

integrated approach enhances uncertainty quantification, 

enabling stakeholders to anticipate risks and make 

improved planning decisions amid uncertainty [13]. 

 

3.1 BN Model Nodes Definition 

 

This definition step is crucial for eliciting meaningful 

expert relationships, eliminating irrelevant ones, and 

focusing on those consistent with the literature and 

practice. The BN model nodes are the key variables that 

influence the planning process. They can be identified 

through two methods: (1) selecting nodes based on 

influencing variables reported in previous studies or (2) 

defining them using an adapted Delphi approach [34].  

 

To define the key nodes of the BN model, this study used 

39 planning influencing variables identified in prior 

research on VIS [12]. These were grouped using Ward’s 

hierarchical clustering, yielding ten latent variables. 

Ward's method minimizes intra-cluster variance, forming 

cohesive groups by minimizing the sum of squares of the 

differences within each cluster [35]. Then, the variables 

were refined into nine final BN nodes through an adapted 

Delphi process to build accurate probabilistic 

relationships in the next stage. 

 

 
 

Figure 3.  BN modeling methodology for quantifying uncertainty. Source: Author’s own elaboration. 
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The expert panel responsible for validating the network 

nodes and establishing their relationships comprised 24 

professionals (see Table 1). Each had at least 5 years of 

experience in residential projects and 1 year in VIS. The 

panel included 20 civil engineers (83%), three architects 

(13%), and one business administrator (4%). Half (12) 

had under 10 years of experience, while the other half had 

10–20 years. Their varied occupations reflected diverse 

expertise, ensuring robust and contextually valid node 

selection and relationship validation. By consensus, 

based on planning-influencing questions, the experts 

validated the nodes and defined their relationships [36]. 

 

Table 1. Expert panel of the Delphi validation 

 

Occupation Number Percent (%) 

Consultant  2 8 

Construction Manager 3 13 

Designer 1 4 

Project Manager 7 29 

Cost estimator-scheduler 2 8 

Site manager 4 17 

Academic 2 8 

Company Manager 3 13 

Total 24 100 

 

Source: Author’s own elaboration. 

 

3.2 Bayesian Relational Model 

 

The Bayesian relational model was developed through a 

structured evaluation process that combined expert 

judgment and the MICMAC method to define and 

validate relationships among BN nodes. MICMAC 

(Matrice d’Impacts Croisés Multiplication Appliquée à 

un Classement) is a structural analysis tool that classifies 

variables by their influence and dependence within a 

system [37]. This method involves constructing a cross-

impact matrix in which each variable is compared to all 

others to evaluate the strength of their interrelationships 

using a standardized numerical scale (see Table 2). 

Through iterative reviews, experts added links and 

removed insignificant ones, refining the model to better 

capture planning uncertainties. After three rounds, the 

final BN structure was established, providing a validated 

framework for quantifying uncertainty in construction 

planning. 

 

The MICMAC-based rating process identified four 

categories of nodes critical to understanding uncertainty 

propagation: (a) drivers (high influence and low 

dependence), which strategically shape the system; (b) 

dependents (low influence and high dependence), which 

are influenced by other nodes; (c) linking nodes (high 

influence and dependence), which form feedback loops; 

and (d) autonomous nodes (low influence and 

dependence), which have minimal relevance. An online 

survey was conducted with 24 experts to validate these 

relationships, who assessed the levels of influence 

between nodes [36]. This formal, expert-driven process, 

illustrated in Figure 4, ensured that the resulting Bayesian 

network (BN) accurately reflected the real-world 

dynamics of uncertainty in construction front-end. BN 

Parametric Model. 

 

Table 2. MICMAC assessment scale 

 

Scale 

values 
Description 

0 
No influence (No direct relationship 

between variables) 

1 
Low influence (Minimal or indirect 

effect) 

2 
Medium influence (Some degree of 

impact on the dependent variable) 

3 
High influence (Significant direct impact 

on the dependent variable) 

 

Source: Author’s own elaboration. 

 

 

 
Figure 4.  Adapted Delphi rounds. Source: Author’s own elaboration. 
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The parametric model in a BN defines the conditional 

probability distributions (CPDs) governing relationships 

between nodes, transforming the DAG into a quantitative 

framework for probabilistic inference and scenario 

analysis. It enables the prediction of risks, such as cost 

overruns and delays, and supports proactive mitigation 

strategies. Model reliability depends on the quality of 

input data and expert calibration, making rigorous 

documentation of probability sources essential. This 

phase involves constructing conditional probability 

tables (CPTs) or specifying continuous distributions that 

quantify dependencies among variables. Through this 

transformation, the DAG becomes a fully functional 

probabilistic model for reasoning under uncertainty. The 

key development steps are detailed as follows: 

 

● Define the type and states of each node and 

assign values to them (see Table 3). 

 

Table 3. Type and state of the nodes of the BN 

 

Node Type of 

variable 
State/Value 

Node 1 Discrete State = {S1, S2..., Sm}. 

Node 2 
Continuo

us 

f(x) ∊ 𝑅 

Node 3 
Continuo

us 

f(x) discretized in 

continuous ranges ∊ 𝑅 

…   

Node 

end 

  

 

● Construct the CPTs or select probability 

distributions to quantify relationships among network 

nodes. Begin by collecting empirical data from 

completed projects relevant to the defined nodes and their 

states. This data populates conditional probability tables 

specifying the likelihood of each node’s state given all 

possible parent-state combinations. For continuous 

variables, probability density functions—usually normal 

distributions or linear models—are used. When empirical 

data are limited, expert elicitation should estimate 

probabilities with structured methods such as the Delphi 

technique, interval judgments, or probability encoding 

protocols to improve accuracy and consistency. Several 

tools support CPT definition and inference, including 

GeNIe, Netica®, and Python libraries like pgmpy 

BayesPy. In this study, Netica® was used to implement 

BN and perform probabilistic inference because it 

specializes in learning network structure and CPTs from 

data. [38].  

 

● Train the BN model using parametric Bayesian 

learning with the Expectation-Maximization (EM) 

algorithm, suitable for dealing with incomplete or 

uncertain data. The training was conducted in Netica 

v7.01 by applying the EM algorithm to the previously 

loaded historical case file. The EM algorithm is 

particularly effective for datasets with potential missing 

values or latent variables (Z). Its purpose is to estimate 

the parameters θ by maximizing the marginal log-

likelihood of the observed data (X), as shown in Equation 

1a. This involves an iterative two-step process: (i) the 

Expectation step (E-step), where the distribution of 

missing data is estimated based on current parameters 

and observed evidence, as in Equation 1b; and (ii) the 

Maximization step (M-step), where the CPT parameters 

are updated to maximize the log-likelihood of the 

observed data, as in Equation 1c. This cycle repeats until 

the model converges, ensuring the probability 

distributions accurately reflect the uncertainties in early-

stage project data planning. 

Equation 1. Expectation–Maximization (EM) algorithm 

equations 

 

𝑎)  𝑙(𝜃) =𝑙𝑜𝑔 𝑙𝑜𝑔 𝑃(𝜃)  = 𝑙𝑜𝑔 𝑙𝑜𝑔 ∑ 𝑃(𝜃)

𝑍

 

𝑏) 𝑄(𝜃𝑡) = 𝐸𝑍|𝑋,𝜃𝑡[𝑙𝑜𝑔 𝑙𝑜𝑔 𝑃(𝜃) ] 

𝐶) 𝜃(𝑡+1) =𝑎𝑟𝑔 𝑎𝑟𝑔 𝑄(𝜃𝑡)   

1 

 

● Validate the BN model using cross-validation to 

assess its ability to generalize. A two-fold cross-

validation (k=2) was performed using an integration of 

Python and Netica. The choice of k=2 (split-half 

validation) was intentional, considering the small sample 

size of the specialized dataset. Using just a twofold 

ensures that each partition—training and testing—

remains statistically representative across all discrete 

states, avoiding the "zero-frequency" bias and overfitting 

often seen with larger k values in small datasets. 

Performance metrics such as R^2, MSE, and RMSE were 

computed in Python with the “pgmp” and “scikit-learn” 

libraries. These metrics compared the discretized state 

indices (0 to 4) of output node X {10}, which correspond 

to PDRI score ranges: [0-200, 200-400, 400-600, 600-

800, 800-1000]. Validating based on these indices 

ensures consistency with the BN’s structure and confirms 

its ability to accurately measure the specific uncertainty 

levels in FEP. 

 

3.3 Uncertainty Quantification and Interpretation 

 

The BN model allows probabilistic measurement of 

uncertainty in project scope definition, supporting 

informed and transparent decision-making during FEP. 

Establishing an appropriate confidence level is crucial to 

determining if a project is ready for execution. This 
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threshold indicates the organization’s risk appetite or the 

level of uncertainty it is willing to accept to proceed with 

the investment. By aligning scope definition with 

predefined confidence levels, the BN model helps 

stakeholders assess readiness and proactively manage 

risks. 

 

Then, the BN’s end node is modeled as a continuous 

variable with a probability distribution function. Its 

cumulative distribution function (CDF) estimates 

confidence levels for various decision thresholds (see 

Figure 5). The proposed BN modeling methodology was 

applied during the FEP stage of VIS projects in a 

developing country. These projects often face high 

uncertainty due to limited financial margins, complex 

legal and regulatory environments, and the need to ensure 

environmental sustainability and compliance with BIM 

standards [7]. This framework enables decision-makers 

to evaluate project readiness in line with risk appetite, 

strategic goals, and risk management policies. 

Continuous variables are typically assumed to follow a 

normal distribution (Node_end ~ N (μ, σ)), facilitating 

the interpretation of confidence intervals and probability 

densities. This allows a nuanced assessment of the 

likelihood that a project meets performance criteria 

before execution.  

 

 
 

Figure 5.  Cumulative distribution function (CDF) of the 

end node. Source: Author’s own elaboration. 

 

4. Application for a Case Study 

 

The case study to demonstrate the application of the BN 

modeling methodology was conducted during the FEP 

phase of VIS projects in a developing country.  

 

 

 

 

 

4.1 Case Study Description    

 

The PDRI is widely used in construction to assess project 

scope definition and has been adapted for various project 

types, including small-scale developments. A recent 

version designed for VIS projects in developing countries 

includes parameters related to Building Information 

Modeling (BIM) and sustainable construction. This 

version features a matrix with three sections, eight 

categories, and 39 project requirements, as previously 

described. Building on this adaptation, the current study 

incorporates a probabilistic approach to improve scope 

assessment by modeling each requirement as a node with 

a corresponding probability distribution within a 

Bayesian network (BN). The model generates a 

probabilistic score that indicates both the scope's 

completeness and the uncertainty associated with each 

requirement. This method allows for more informed 

decision-making during early planning, especially in VIS 

projects where limited profitability increases stakeholder 

risk aversion. By quantifying uncertainty, the model aids 

in proactive risk management, resource optimization, and 

better alignment with sustainability and quality 

standards—key factors for enhancing long-term project 

viability. 

 

4.2 BN Nodes 

 

Based on the 39 planning criteria, Ward’s hierarchical 

clustering technique was applied to group these variables 

into 9 key nodes. These nodes represent the most critical 

dimensions of FEP for VIS projects and serve as the BN 

model's structural foundation. Each node aggregates 

conceptually related criteria, thereby simplifying the 

network structure while preserving the core planning 

information necessary for uncertainty quantification. 

These nine nodes serve as parent variables that influence 

the BN's probabilistic behavior and ultimately shape the 

end nodes related to cost and schedule performance. 

Table 4 presents the name, description, and associated 

planning criteria for each node, providing a clear, 

structured view of their roles in evaluating project 

definition and risk. This grouping enables a more 

coherent representation of scope-related uncertainties, 

enhancing the model's interpretability and its application 

in real-world planning scenarios. 
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Table 4. The key nodes of the BN model 

 
Node Description Criteria 

N1: 

Development 

opportunity assessment 

Identify opportunities and evaluate 

investment alternatives to develop a real 

estate business case. 

▪Identification of real estate development 

opportunities 

▪Analysis of the project development sites/location 

N2: 

Development strategy 

Develop the real estate business case. ▪Selection of the development alternative 

▪Structuring of the business case 

N3: 

Corporate governance 

policies 

Establish guidelines and structured 

procedures for delivering buildings that 

meet user requirements while overseeing the 

planning, execution, and evaluation of 

project operations to maintain quality and 

efficiency. 

▪Guidelines for project development procedures 

▪Guidelines for sustainable development 

procedures 

▪Guidelines for BIM procedures 

N4: 

Project basic 

requirements 

Establish the essential fundamentals for 

project planning, ensuring all necessary 

aspects are defined and objectives are 

clearly set. 

▪Project design requirements 

▪Defining the project objectives 

▪State the scope of work 

▪Project timeline 

▪Project cost estimates 

N5: 

Development site 

information  

Gather the necessary project location 

information to facilitate the design and 

planning of the construction project. 

▪Construction site information and inspection   

▪Local regulatory and legal requirements 

▪Geotechnical Information  

▪Zone environmental assessment 

N6: 

Architectural 

prospectus 

Define the architectural program that 

outlines the main service areas for design, 

ensuring the project meets functional and 

spatial requirements. 

▪List of project spaces 

▪Project spaces data sheets 

▪Project equipment and furniture lists 

▪Gradual growth and development of the project 

▪Analysis of project spaces and relationships 

N7: 

Design parameters 

Define a set of parameters encompassing 

architecture, structure, and engineering to be 

incorporated into the project, ensuring 

functionality, safety, and efficiency. 

▪Architectural designs  

▪Structural designs 

▪Sanitary mechanical/hydraulic designs 

▪Electrical designs 

▪Communication design 

▪Constructability analysis 

N8: 

Project execution plan 

Provide a detailed roadmap outlining the 

responsibilities of all parties involved, 

ensuring alignment and compliance with the 

project's objectives. 

▪Project organization 

▪Company approval requirements 

▪Design/build plan and approach 

▪BIM strategic procedures 

▪Equipment and materials procurement procedures 

and plans 

N9: 

Project control 

Ensure the quality of the project within time 

and cost constraints 

▪Project quality assurance and control 

▪Project cost control 

▪Project schedule control 

▪Risk management  

▪Safety procedures 

▪Documentation/deliverables 

 

Source: Author’s own elaboration. 
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4.3 Bayesian Relational Model 

 

The Bayesian relational model was structured around the 

nine key planning nodes previously identified. This study 

used the MICMAC to establish the dependencies among 

these nodes, which evaluates the level of influence and 

dependence between variables. In the proposed BN 

model, the outcome node was defined as the PDRI 

planning score, with cost overruns and schedule delays 

as its child nodes to represent planning performance. This 

structure captures uncertainty propagation through the 

network, integrating probabilistic dependencies among 

core planning variables (see Figure 6). 

 

Thirteen significant inter-node relationships were 

identified and ordered according to their influence and 

dependence values. These relationships were quantified 

through expert input, combining professional judgment 

with historical project data to validate the model's 

structure. The MICMAC results identified three driver 

nodes with strong influence: N1 (Development 

Opportunity Assessment), N2 (Development Strategy), 

and N3 (Corporate Governance Policies). These nodes 

are critical to the planning process; insufficient definition 

in any of them significantly increases overall uncertainty 

and elevates the risk of failure during execution. As such, 

they represent strategic entry points for targeted 

interventions in FEP of VIS projects. 

 

4.4 Parametric Model 

 

The BN parametric model provided a robust probabilistic 

assessment of uncertainty, improving decision-making in 

the initial phases of VIS project planning. Although there 

are challenges such as data constraints and computational 

demands, integrating empirical data with expert 

judgment offers a practical and scalable approach for 

proactive risk management. This approach enables early 

identification of planning issues and offers insights into 

scope quality, thereby facilitating more informed and 

organized project decisions and execution. 

 

The first step in constructing the parametric model 

involved defining the type and state of each node and 

assigning corresponding values. The model consists of 

nine key influencing and conditional nodes that represent 

critical planning criteria, along with three end nodes: 

PDRI Score, Cost Overruns, and Schedule Delays. Table 

5 presents the classification of each node, including 

variable type (discrete or continuous) and value 

assignment. This structure allows for detailed scenario 

analysis and supports probabilistic inference across the 

network. 

 

 

Table 5. Type and states of the BN nodes 

 

Node Name 
Type of 

variable 

State/Value 

Node 1 

Development 

opportunity 

assessment 

Discrete 
High, Medium, Low 

Node 2 
Development 

strategy 
Discrete 

High, Medium, Low 

Node 3 

Corporate 

governance 

policies 

Discrete 
High, Medium, Low 

Node 4 
Project basic 

requirements 
Discrete 

High, Medium, Low 

Node 5 

Development 

site 

information 

Discrete 
High, Medium, Low 

Node 6 
Architectural 

prospectus 
Discrete 

High, Medium, Low 

Node 7 
Design 

parameters 
Discrete 

High, Medium, Low 

Node 8 

Project 

execution 

plan 

Discrete 
High, Medium, Low 

Node 9 
Project 

control 
Discrete 

High, Medium, Low 

End Node 1 
PDRI-Score 

[70 – 1000] 

Continuous/ 

discretized 

[70, 200]; (200, 400]; 

(400, 600]; (600, 800]; 

[800, 1000] 

End Node 2 Overruns 
Continuous/ 

Discretized 

[-10%, 10%]; (10%, 

20%]; 

(20%, 30%]; (30%, 

40%]; 

(40%, 50%]; (50%, 

60%]; 

(60%, 70%]; (70%, 

80%]; 

(80%, 90%]; (90%, 

100%] 

End Node 3 Delays 
Continuous/ 

Discretized 

[0%, 10%]; (10%, 

20%]; 

(20%, 30%]; (30%, 

40%]; 

(40%, 50%]; (50%, 

60%]; 

(60%, 70%]; (70%, 

80%]; 

(80%, 90%]; (90%, 

100%] 

 

Source: Author’s own elaboration. 

 

The type and state of each node were defined based on 

the adapted PDRI-based assessment matrix for VIS 

projects in developing country contexts [7]. The PDRI 

score was standardized to a scale of 70 to 1000, with 

lower scores indicating greater scope definition and 

lower uncertainty. Projects with lower PDRI values are 

typically associated with fewer cost overruns and 

schedule delays during design and construction.  
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For compatibility with Netica® software and to support 

probabilistic inference, the nodes were transformed into 

discrete categorical variables with three states: low, 

medium, and high. In accordance with PDRI 

methodology, the "high" state denotes poor scope 

definition and elevated uncertainty. For instance, Node 1 

(Development Opportunity Assessment) had a PDRI 

range of 4 to 53, which was divided into three equal 

intervals: 4 to 20 (low), 21 to 36 (medium), and 37 to 53 

(high). The end nodes, PDRI score, cost overruns, and 

delays were modeled as discretized continuous variables, 

as summarized in Table 5. 

 

CPT was developed using empirical data from 14 

completed VIS projects, complemented by expert 

judgment collected through an adapted Delphi 

methodology. Experts evaluated each project by scoring 

the relevant BN nodes alongside recorded cost overruns, 

schedule delays, and final PDRI scores (see Table 6). 

Following the PDRI scoring guidelines for small 

buildings, a threshold of 300 was selected to classify 

well-planned projects. This threshold was chosen to 

approximate a symmetric distribution around the 

dataset's median, enabling balanced classification of 

project planning quality. The PDRI score was designated 

as the principal outcome node in the BN model, serving 

as a proxy for scope definition quality. Empirical 

evidence from the dataset shows that projects with PDRI 

scores below 300 tend to exhibit average cost overruns 

and schedule delays of approximately 10%. These results 

suggest that a lower PDRI score is associated with 

stronger scope definition, better planning outcomes, and 

lower uncertainty during execution [36]. 

 

The BN model was trained using Netica® software, 

employing Bayesian learning and EM algorithms to 

estimate parameters based on data from 14 completed 

VIS projects. The Bayesian learning process updated 

posterior probabilities by integrating prior knowledge 

with empirical observations, refining the CPTs 

accordingly. The EM algorithm addressed missing or 

uncertain data, enhancing model robustness despite the 

limited dataset. This approach mitigates the risk of 

assigning extreme probability values (e.g., 0% or 100%), 

 
Figure 6.  Relational model of the BN. Source: Author’s own elaboration. 



72   
 
 

 

G. Mejía, J. Gutiérrez, O. Portilla, J. Soto 

improving the reliability of probabilistic inferences. For 

this study, the analysis focused on the PDRI Score as the 

primary end node of the network. This node was modeled 

as a continuous variable following a normal distribution, 

PDRI ~ N (394,230), reflecting the empirical distribution 

of project planning quality scores (see Figure 7). This 

probabilistic treatment enables more accurate estimation 

of planning uncertainty and supports informed decision-

making during FEP. 

 

Table 6. Conditional probability table for the nodes of 

the BN mode 

 

Project Node 1 Node 2 …. Node 8 Node 9 
PDRI 

Score 

Project-

01 
High High …. High High 671 

Project-

02 
Low Low …. Low Low 133 

Project-

03 
Low High …. Low Low 216 

Project-

04 
Low High …. Medium Medium 381 

Project-

05 
High High …. Medium High 629 

Project-

06 
Low Low …. Low Low 187 

Project-

07 
Medium Medium …. Medium High 498 

Project-

08 
Low Low …. Medium Medium 445 

Project-

09 
Low Low …. Low Low 183 

Project-

10 
Low Low …. Low Low 214 

Project-

11 
Low Low …. Low Low 290 

Project-

12 
Low Low …. Medium Medium 426 

Project-

13 
Medium Low …. Medium Medium 391 

Project-
14 

Low Low …. Medium Low 244 

 

Source: Author’s own elaboration. 

 

The BN model was validated using cross-validation to 

evaluate its generalization ability with historical project 

data, and sensitivity analysis was employed to identify 

the most influential sources of uncertainty. The 

validation shows that the model has moderate 

explanatory power and predictive accuracy, with 

significant variability across data partitions, which 

should be interpreted cautiously due to the sample size. 

Therefore, while the model has potential to support early 

decision-making in the FEP of VIS projects, its results 

should be viewed as exploratory. These findings 

emphasize the model’s capacity to quantify uncertainty 

and the need for further validation with larger datasets 

(see Table 7). The small sample size (n=14) inherently 

limits the analysis, necessitating a careful assessment of 

the model's stability and sensitivity to initial settings. To 

confirm the reliability of the predictions, a 2-fold cross-

validation was employed. While some random seeds 

yielded peak accuracies of up to 71%, repeated stability 

tests over various random splits showed an average 

accuracy of approximately 40%. This discrepancy 

highlights the "small data" problem, where the model’s 

effectiveness is heavily influenced by the specific train-

test division. Although the Bayesian Network 

successfully models the structural dependencies of the 

PDRI, its ability to generalize is affected by the dataset’s 

particular composition. Consequently, the model should 

be regarded as a decision-support tool that can improve 

with ongoing updates as more project data becomes 

available. 

 

Table 7. BN model validation metrics 

 

Metric Value Interpretation 

Cross-

Validation 

Accuracy 

0.71±0.21 

Indicates moderate predictive 

performance; however, the high 

standard deviation suggests 

considerable variability across 

data partitions. 

Coefficient of 

Determination 

(R²) 

0.76±0.68 

Suggests potential explanatory 

power, but the very high 

variability indicates strong 

sensitivity to data partitioning 

and limited reliability. 

Mean Squared 

Error (MSE) 
0.214±0.07 

Shows relatively stable error 

behavior across folds, indicating 

consistent average prediction 

error. 

Root Mean 

Squared Error 

(RMSE) 

0.463±0.072 

Reflects a relatively stable 

magnitude of prediction error 

across partitions. 

 

Source: Author’s own elaboration. 

 

Additionally, a sensitivity analysis examined the 

discretization thresholds of the primary output node, 

X{10} (PDRI Score). The initial threshold of 300 was 

selected to approximate a symmetric distribution, and 

three alternative scenarios were tested: equal (33/66 

percentiles), low asymmetric (threshold at 250), and high 

asymmetric (threshold at 400). The results revealed low 

variability in the probability of mass distribution across 

these different discretization methods, with changes 

generally under 5%. This suggests that the model is quite 

robust to how states are defined. However, slightly more 

variability was observed in the 200–400 range, indicating 

some localized sensitivity to threshold selection. These 

measurements provide a clear basis for setting risk 

tolerance, helping project managers adjust planning 
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expectations according to the socio-economic factors of 

each housing development. 

 

4.5 Uncertainty Quantification and Interpretation 

 

By default, Netica® treats continuous nodes as normally 

distributed unless another distribution is clearly 

specified. The software does not support automatic fitting 

for non-normal distributions like gamma, log-normal, or 

Weibull. Therefore, when non-normal behavior needs to 

be modeled, users must discretize the continuous nodes 

manually. In this study, discretization intervals were 

applied to continuous outcome nodes to better capture the 

underlying uncertainty distributions (see Table 5). This 

approach improves probabilistic accuracy, particularly 

for skewed or bounded data, which are common in early-

stage construction planning. 

 

While using the normal distribution to interpret the PDRI 

Score node may offer a reasonable approximation, 

selecting a probability distribution that best fits the 

observed data ensures greater accuracy. In this study, a 

goodness-of-fit test was performed to evaluate the 

suitability of the Gamma distribution with parameters a 

= 2.93 and scale = 134.26 for the discretized PDRI score 

values. The Kolmogorov–Smirnov (K–S) test returned a 

KS statistic of 0.0471 and a p-value of 0.9722. Since the 

p-value exceeds the significance level (α = 0.05), the null 

hypothesis of distributional fit is not rejected. 

 

Furthermore, due to the small sample size, model 

selection was carefully validated using information 

criteria to ensure reliable conclusions. The Gamma 

distribution had the lowest information loss, with an 

Akaike Information Criterion (AIC) of 312.21 and a 

Bayesian Information Criterion (BIC) of 317.42. These 

values significantly outperformed other distributions, 

including Lognormal (AIC = 315.45, BIC = 320.66), 

Weibull (AIC = 318.12, BIC = 323.33), and Normal (AIC 

= 325.80, BIC = 331.01). The agreement of both K–S and 

AIC/BIC results confirms that the Gamma model offers 

the most accurate and simple fit for describing the PDRI 

scores.  

 

Since the Gamma distribution has the lowest BIC and 

AIC values, it is regarded as a suitable model for the 

observed data (see Figure 8). Based on the fitted 

probability distribution function, approximately 34% of 

the projects are expected to have average cost overruns 

below 10%. This finding aligns with the results of the BN 

simulations, reinforcing the model’s validity under the 

adopted distributional approach assumptions. 

 
Figure 7.  BN parametric model for VIS projects developed using Netica® software. Source: Author’s own 

elaboration using the Netica® software. 
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Figure 8.  Gamma PDF of PDRI Score. Source: 

Author’s own elaboration. 

 

The BN model simulation indicates that, given the 

current levels of scope definition and node-level 

uncertainty, approximately 60% of projects are expected 

to achieve a PDRI score below 400. This scenario aligns 

with estimates that 37% of projects experience cost 

overruns below 10% and 38% experience schedule 

deviations under 20%. This quantification enables 

planning teams to shift from gut-feeling estimates to 

evidence-based management of project maturity. The 

model enables project-specific evaluations by calculating 

the corresponding PDRI score and assessing risk 

exposure. For instance, assuming that the uncertainty 

levels of the model’s nodes remain constant, a project 

with a PDRI score of 400 would have an estimated 19% 

probability of exceeding the organization's acceptable 

cost overrun threshold of 10% (benchmark: PDRI = 300) 

(see Figure 9). This probabilistic assessment lets 

managers simulate how early engineering investments 

can reduce budget risks, providing foresight into the 

impact of scope quality on costs and schedules. It 

supports proactive FEP by identifying high-risk 

scenarios early for targeted mitigation, enhancing project 

performance. 

 

 
 

Figure 9.  Gamma CPDF of PDRI Score.                       

Source: Author’s own elaboration. 

Additionally, the model facilitates the identification of 

nodes that most significantly influence the final PDRI 

score based on their respective levels of definition. For 

instance, the Corporate Governance Policies node 

exhibits limited impact on the final score due to its 

consistently medium-to-high levels of uncertainty. In 

contrast, the Development Strategy node, characterized 

by lower uncertainty, exerts a substantial influence, 

accounting for approximately 50% of the final PDRI 

score. In terms of project governance, these insights 

enable better resource allocation by directing 

management efforts toward high-impact planning 

variables instead of peripheral administrative tasks.  

 

These results highlight the importance of specific scope 

definition variables in determining overall project 

readiness and performance. They offer project managers 

actionable insights to prioritize improvements during the 

FEP. Based on the simulation results, targeted 

enhancement efforts, such as clarifying corporate 

governance policies and implementing a well-defined 

development strategy, could increase the probability of 

achieving a PDRI score below 400 to 74%. This 

improvement is associated with a projected 42% of 

projects experiencing cost overruns below 10% and 44% 

encountering schedule deviations within 20% (see Figure 

10). 

 

4.6 Practical Application in Decision-Making 

Processes 

 

The proposed Bayesian model transforms the traditional, 

static PDRI evaluation into a dynamic decision-support 

system. The operational flow for experts and project 

planners is structured as follows: 

 

a. Initial Assessment (PDRI-VIS): Planners conduct a 

standard qualitative evaluation of the project’s scope 

maturity. 

b. Qualitative Node Definition: Results are mapped onto 

the BN nodes and categorized into qualitative states 

(e.g., low, medium, or high uncertainty/definition). 

c. Evidence Forcing (Scenario Simulation): Decision-

makers can "force" specific states in the network 

(e.g., setting the "Development Strategy" to a 'High 

Definition' state) to observe the immediate 

probabilistic shift in cost and schedule outcomes. 

d. Risk vs. Reward Analysis: By manipulating the 

nodes, the model provides a quantitative trade-off 

analysis. This allows planners to determine if the cost 

of additional studies in the FEP phase is justified by 

the resulting increase in the probability of staying 

within the 10% cost overrun threshold.
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5. Discussion 

 

Traditional FEP tools, such as deterministic PDRI, 

struggle with uncertainty and interdependence in VIS 

project planning, especially in developing countries [12]. 

Decision-support systems can improve PDRI, but static 

models can't handle incomplete data or changing 

regulations [39]. Unlike ANNs and SVMs [40], [41], 

which are high-accuracy 'black boxes,' the BNs 

methodology offers structural transparency vital for 

governance. ANNs provide deterministic outputs post-

training, whereas BNs model the stochastic nature of 

FEP. Alternatives such as ANNs and Monte Carlo 

simulations often assume independence among variables 

and lack causal structure [11] [42]. Monte Carlo, while 

popular for risk analysis, can't trace how deficiencies 

propagate through the network. Compared to subjective 

multicriteria methods like FAHP [43], BNs model 

enables dynamic learning and updating with new data. 

 

The BN probabilistic methodology addresses three key 

innovations: (1) dynamic probabilistic modeling, (2) 

bidirectional reasoning to trace risks, and (3) integrating 

empirical data and expert knowledge for transparent 

decisions [14], [16]. Unlike traditional PDRI, the BN 

explicitly quantifies dependencies, offering value in 

resource-limited settings where planning issues affect 

project outcomes. Its bidirectional inference turns PDRI 

into an active diagnostic tool, enabling managers to 

perform "inverse sensitivity' analysis to identify which 

planning elements, like site availability or design, need 

specific definitions to ensure over 80% success 

probability and reduce cost overruns before contracting. 

 

The BN model of the methodology showed practical 

utility with three key findings: First, 60% of projects 

under baseline conditions had PDRI scores below 400, 

linked to a 37% chance of cost overruns under 10%. 

Second, optimizing development strategy and 

governance increased this to 74%, improving cost and 

schedule results. The framework also establishes direct 

links between planning quality and risk: projects with 

PDRI=400 have a 19% chance of exceeding 10% cost 

overruns. These enable data-driven decisions, resource 

reallocation, and real-time project plan adjustments that 

align with risk thresholds. This development is essential 

in FEP because it provides a quantitative foundation for 

managerial decisions during the pre-investment phase, 

enabling stakeholders to identify which PDRI factors to 

prioritize to make the best use of limited public resources.  

 

 
Figure 10.  BN parametric model updated. Source: Author’s own elaboration using the Netica® software. 
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The findings improve probabilistic construction planning 

by presenting a consistent method that integrates Delphi 

elicitation, Ward/MICMAC clustering, and EM 

algorithm training. This framework bridges the gap 

between theory and practice by increasing transparency 

in resource-constrained FEP. Although initially 

developed for VIS, its adaptable design enables its 

application to various infrastructure projects that require 

causal reasoning and scenario analysis. The results show 

the need to focus on: (1) expanding datasets to enhance 

generalizability, (2) incorporating hybrid methods like 

Bayesian-fuzzy systems for detailed uncertainty 

management, and (3) creating stakeholder training 

protocols. Ultimately, integrating BN-driven approaches 

into standard practice will promote data-driven cultures, 

leading to more accurate planning and better social 

outcomes in high-uncertainty environments. 

 

6. Conclusion 

 

This study developed a BN-based methodology to 

measure uncertainty in the FEP phase of VIS projects. 

The model’s architecture was created using a DAG from 

expert judgment via the Delphi method and MICMAC 

analysis to capture causal links among key variables, 

producing probabilistic PDRI scores. These scores allow 

scenario analysis and support proactive decisions when 

information is limited and risks are high. Compared to 

traditional tools such as deterministic PDRI, the BN 

model offers a more flexible, evidence-based planning 

approach. The case study showed that projects with well-

defined scope variables, especially in development 

strategy and governance, tend to have lower PDRI scores, 

indicating reduced cost and schedule risks. These 

findings suggest that the model effectively translates 

scope quality into measurable planning performance, 

enhancing early project evaluation accuracy and 

transparency in resource-constrained settings 

environments. 

 

The methodology introduces a scalable approach to 

uncertainty quantification in construction planning. The 

EM algorithm trained the network’s probabilities using a 

14-project dataset, integrating hierarchical clustering 

(Ward), influence-dependence analysis (MICMAC), and 

calibration. This hybrid process is effective in contexts 

with fragmented or limited data, like VIS in developing 

countries. The model’s structure allows continuous 

refinement with new information, promoting adaptive 

planning. Its compatibility with tools like PDRI enhances 

its utility for practitioners while maintaining academic 

rigor. The BN model can be adapted to other 

infrastructure sectors, providing a foundation for 

uncertainty-based reasoning in early-stage construction 

management. This approach helps organizations improve 

planning reliability, optimize resources, and boost 

project resilience amid today’s complex construction 

environments. 

 

Another key contribution of this study is the use of 

continuous probability distributions to better model 

uncertainty in the BN. The Gamma distribution was fitted 

to the PDRI node using empirical data from 14 projects, 

as confirmed by the Kolmogorov–Smirnov test, 

validating the model’s assumptions. These distributions 

provide more realistic project outcome estimates and 

enable decision-makers to set probabilistic thresholds 

like acceptable cost and schedule deviations based on risk 

tolerance. Modeling PDRI as a continuous variable 

surpasses traditional scoring tools, offering a finer 

approach to early planning. Linking planning definitions 

with probabilistic outcomes improves scenario-based 

risk analysis and aligns decisions with organizational 

strategies. This blend of statistical rigor and practical 

relevance enhances the model’s utility and advances 

uncertainty management in construction planning. 

 

7. Limitations and Future Research 

 

This study introduces a BN methodology to measure 

uncertainty in the VIS project FEP, but its limitations are 

related to the conditions of a specific developing country. 

Another limitation was the small sample size of 14 VIS 

projects, as well as the expert inputs obtained from a 

regional context. This small sample size may limit the 

generalizability of the findings; therefore, the results 

should be interpreted as exploratory. Although the EM 

algorithm was applied to address incomplete and limited 

data, its effectiveness remains constrained by the small 

sample size. Additionally, continuous variables were 

discretized to ensure stability and interpretability of the 

conditional probability tables (CPTs); however, this may 

reduce data granularity and increase sensitivity to 

threshold definitions. Additionally, the model is limited 

to the definition and planning phases and does not 

include execution, operational phases, or changes during 

project delivery. Finally, qualitative risk factors, such as 

political, social, or behavioral influences, are excluded 

because they are hard to quantify. Moreover, while the 

Delphi method was used to systematically gather expert 

input, this approach may introduce subjectivity and 

potential bias, despite leveraging practitioners’ tacit 

knowledge in data-scarce contexts. These limitations 

emphasize the study’s focus on improving early-stage 

planning decisions rather than providing a 

comprehensive risk management approach for the entire 

project lifecycle. 

 

Future research should extend and refine the BN model 

to improve its generalizability and accuracy across 
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various project types and regions. Expanding the dataset 

is essential for robust calibration. Studies could also 

explore how confidence levels affect delays and cost 

overruns, providing insights into risk thresholds and 

planning. The methodology might be adapted to other 

contexts or combined with PDRI variants from the CII. 

Incorporating hybrid models, like Bayesian-fuzzy 

frameworks or machine learning, could enhance 

predictive power. Future work should also explore 

dynamic Bayesian networks to capture the temporal 

evolution of uncertainty throughout the project lifecycle 

and address organizational readiness by focusing on 

stakeholder training, support, and visualization tools for 

communicating uncertainty. These efforts can foster 

wider adoption of BN systems and promote resilient 

construction planning. 
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