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Abstract: Machine learning (ML) algorithms have been developed for cost performance
prediction in the form of single-point estimates where they provide only a definitive value.
This approach, however, often overlooks the vital influence project complexity exerts on
estimation accuracy. This study addresses this limitation by presenting ML models that
include interval predictions and integrating a complexity index that accounts for project
size and duration. Utilizing a database of 122 infrastructure projects from public works
departments totaling HKD 5465 billion (equivalent to USD 701 billion), this study involved
training and evaluating seven ML algorithms. Artificial neural networks (ANNs) were
identified as the most effective, and the complexity index integration increased the R2

for ANN-based single-point estimation from 0.808 to 0.889. In addition, methods such as
bootstrapping and Monte Carlo dropout were employed for interval predictions, which
resulted in significant improvements in prediction accuracy when the complexity index was
incorporated. These findings not only advance the theoretical framework of ML algorithms
for cost contingency prediction by implementing interval predictions but also provide
practitioners with improved ML-based tools for more accurate infrastructure project cost
performance predictions.

Keywords: artificial neural networks (ANNs); complexity index; cost contingency;
infrastructure project; interval prediction

1. Introduction
Uncertainty is inherent to infrastructure projects, arising from factors such as changing

site conditions, fluctuating material costs, and unforeseen technical challenges [1,2]. To
manage these uncertainties, contingency funds are typically allocated [3]. Traditional meth-
ods of contingency estimation often rely on subjective judgment, such as expert interviews
or surveys, or simulation techniques, such as Monte Carlo simulations [3–5]. However,
reliance on the above subjective judgments is often criticized for its inconsistencies and
potential bias [6]. Similarly, simulation-based methods depend on underlying assumptions
that may not fully capture the complexity of real-world projects. Infrastructure projects,
in particular, entail elevated levels of risk and unpredictability due to their large scale,
complexity, and extended timelines [7,8]. These characteristics make determining an ap-
propriate contingency allocation especially challenging. Therefore, the development of
predictive methods capable of addressing the uncertainty and complexity of infrastructure
projects is essential.
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Conversely, ML algorithms offer a promising alternative by leveraging data to identify
complex, non-linear relations among project variables [9]. ML enables practitioners to antic-
ipate and quantify potential uncertainties more effectively. Research by El-Kholy et al. [10]
demonstrated that ML models outperformed traditional estimation techniques, such as
regression-based models, in terms of accuracy. ML also offers a more reliable approach
to accounting for uncertainties and improves financial planning in construction projects.
Several studies have explored the potential of using ML to estimate cost contingencies [1,11].
However, previous studies have predominantly utilized ANNs or linear regression models
and often focused on project risk factors rather than the distinct characteristics of individual
projects [5]. This highlights a research gap in evaluating diverse ML models to identify
those offering superior predictive performance. Incorporating project-specific attributes,
such as scale and project duration, would allow these models to better capture the inherent
uncertainties that should be accommodated in contingency estimates.

In addition to technical challenges, project complexity plays a critical role in cost
outcomes and affects the accuracy of cost estimation [12–14]. The evidence suggests that
complexity level has a substantial effect on cost performance [15]. Moreover, prior research
has also found that complexity affects the accuracy of cost estimation [16]. Thus, a measure
of project complexity is necessary to accurately reflect a project’s multifaceted nature when
applying ML algorithms to infrastructure projects. A complexity index, which integrates
factors such as project scale and capital investment, offers a more comprehensive measure
of project risk and the potential of unforeseen challenges during project execution [17].
However, relatively few studies have incorporated a complexity index to capture the multi-
faceted nature of infrastructure project environments [1]. This study attempts to integrate a
complexity index to improve the accuracy and robustness of cost contingency predictions.
This approach is particularly valuable in contexts of significant project complexity, such as
large-scale infrastructure projects.

Moreover, human cognitive biases also affect the confidence of project cost estimation.
A natural aversion to uncertainty often makes project planners reluctant to fully trust point
estimates, as project outcomes are inherently unpredictable [18]. Furthermore, reliance on
a single-value prediction that does not account for a range of potential outcomes can result
in underestimating risks [19]. Formatting cost estimates as interval ranges rather than fixed
points mitigates these issues by explicitly acknowledging uncertainty. Confidence intervals,
grounded in statistical sampling principles, provide a robust framework for capturing and
communicating uncertainty [20]. Despite these advantages, few studies provide confidence
intervals for cost contingency estimation [5]. To equip project planners with a realistic
range of potential cost outcomes in the form of contingency intervals, advanced uncertainty
estimation techniques are needed.

Therefore, an important question arises: how can ML techniques enhance the forecast
performance of infrastructure cost contingency materialization, especially for projects with
high complexity levels?

To answer this question, this study has three main research objectives:

(1) To select high-performing ML models for cost contingency prediction;
(2) To investigate whether integrating a complexity index can improve prediction perfor-

mance;
(3) To develop interval predictions and assess whether the incorporation of a complexity

index improves their accuracy.

To achieve these objectives, this study used a dataset of 122 Hong Kong infrastructure
projects for model development. Seven ML algorithms were examined for cost contingency
prediction. Linear regression and support vector regression (SVR) serve as baseline models,
offering interpretability but limited capability in capturing non-linear relationships. Tree-
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based methods, including decision trees, random forest, gradient boosting, and extreme
gradient boosting (XGBoost), leverage hierarchical structures to model variable interactions.
Finally, ANNs employ interconnected layers of neurons to capture intricate, non-linear rela-
tionships. In addition to point predictions, this study incorporates two interval estimation
methods, Monte Carlo dropout and bootstrapping, to quantify model uncertainty. Monte
Carlo dropout introduces randomness in neural network predictions, while bootstrapping
generates multiple resampled datasets to assess prediction variability.

This research contributes to the cost contingency literature in three key ways. First, it
employs and compares seven ML algorithms by systematically assessing their predictive
performance in cost contingency estimation. Second, it introduces interval prediction
methods to capture model uncertainty. To the best of the authors’ knowledge, this is
the first study to apply interval estimations in cost contingency prediction. Third, it
develops a complexity index that accounts for project scope and duration to improve the
accuracy of point and interval estimates. These contributions collectively advance the
application of ML in cost contingency estimation by improving predictive accuracy and
uncertainty quantification.

2. Literature Review
2.1. Cost Contingency Prediction

Contingency can be defined as the amount of funds, budget, or time needed in addition
to the estimate to reduce the risk of project objective overruns to a level that is acceptable
to the organization [17]. This study specifically examines cost contingency, where a portion
of the project budget is set aside to cover the unforeseen risks or challenges that may
occur during a project. This allocation functions as a financial buffer for unexpected
expenses beyond the initial project scope, such as design changes, material cost changes,
delays, or unforeseen site conditions [11,17]. Typically, cost contingency is determined as
a percentage of the total project cost that is informed by historical data and adjusted for
factors such as project complexity, risk assessments, and client requirements [2]. Previous
research has employed both traditional estimation methods and ML approaches to estimate
cost contingency.

2.2. Traditional Approaches to Contingency Estimation

Traditional contingency estimation often relies on expert judgment [5,21], question-
naire surveys [4,22], and simulation analysis [3,23,24]. Questionnaires have proven effective
in identifying factors that could influence contingency estimates or cost overruns. The
determinants of contingency funds, such as contract type, advance payment amount, and
the availability of construction materials, are often revealed through questionnaire sur-
veys [4,17,22]. Furthermore, expert judgment also plays a significant role in this process.
For example, Idrus et al. [21] developed a fuzzy expert system for cost contingency esti-
mation based on risk analysis and achieved reasonable accuracy. Similarly, Islam et al. [5],
informed by industry experts, identified cost overrun risks and developed a probabilistic
risk network to guide contingency estimation.

Conversely, Monte Carlo simulation and parametric modeling have also been applied
to estimate contingency funds. Barraza et al. [23] used Monte Carlo simulation to capture
the probabilistic nature of project costs. They assumed a normal distribution of project
costs. The target cost was set as the mean of the project cost, while the planned budget
was established at the 80th percentile. The difference between these two values was then
treated as an estimated contingency. Similarly, Hammad et al. [3] applied Monte Carlo
simulation to manage cost contingency during project implementation. By assessing the
contingency that arose in specific activities and the proportionate cost of these activities
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compared to the overall project, they calculated the remaining contingency. In addition
to Monte Carlo simulation, Thal Jr. et al. [24] used parametric modeling for contingency
prediction and identified critical factors that affect contingency estimates, such as project
characteristics, design performance metrics, and contract award processes. A regression
model was then developed based on these factors.

2.3. Machine Learning Applications in Contingency Estimation

Commonly used ML algorithms in construction management studies include linear
regression, support vector machine (SVM), tree-based methods (such as decision trees,
random forests, gradient boosting, and XGBoost), and ANNs [9]. Table 1 presents their
theoretical underpinnings and strengths.

Linear regression predicts continuous outcomes in terms of one or more input vari-
ables [25]. It aims to achieve the optimal fit between the input variables and the target
by minimizing the ordinary least squares (see Table 1 for the theoretical grounding). This
method is easy to understand and interpret, performs well for linear relationships, and is
computationally efficient [9,26]. However, its performance can lag behind more advanced
ML algorithms, particularly when capturing complex, non-linear relations [26]. SVM can
find an optimal hyperplane to separate the data points in multiple dimensions [9]. SVR, a
variant of SVM, extends this concept to regression by fitting a function within a defined
margin around the hyperplane to predict continuous outcomes. SVR is robust to outliers
and can effectively handle complex, non-linear data [27]. Linear regression and SVR are
often employed as foundational models in predictive analysis due to their simplicity and
interpretability [28].

Tree-based methods, including decision trees, random forests, gradient boosting, and
XGBoost, are known for their versatility and ability to capture complex, non-linear rela-
tions [26]. Of these methods, decision trees are the simplest. They are powerful tools for
capturing non-linear relationships and identifying feature importance without extensive data
preprocessing [9]. However, individual trees can overfit the data. Random forests can address
overfitting by combining multiple decision trees and averaging their outcomes [29,30]. Gra-
dient boosting further improves prediction by sequentially building trees where each tree
corrects the errors of its predecessor, producing a strong ensemble model [31]. XGBoost further
develops gradient boosting by adding regularization and optimization techniques that reduce
overfitting and increase efficiency [32]. Studies in construction management have found that
XGBoost provides the highest predictive performance of the tree-based methods [9].

ANNs are inspired by the structure of the human brain, where neurons connect and
transmit signals to process information [33]. This structure enables ANNs to identify
complex patterns in data, making them highly effective for handling non-linear data, as in
cost and contingency estimation [1,33], project duration prediction [28], and project risk
assessment [34] in the construction industry.

In the last decade, ML algorithms have been applied to cost and contingency estima-
tion. Although numerous ML models have been developed for cost prediction [31,32,35],
few studies have focused on cost contingency estimation. Table 2 summarizes the previ-
ous studies that applied ML to the predictive analysis of cost contingency. Lhee et al. [1]
were among the first to use ML for cost contingency estimation in construction projects,
employing an ANN to estimate optimal contingency levels. Their approach used an inter-
mediate contingency form—the contingency rate—as the neural network’s output variable
to predict the owner’s contingency. The ANN model developed was based on only four
project characteristics (the number of bidders, project letting year, project duration, and
contract value), which may limit its capacity to capture the broader uncertainties affecting
cost outcomes.
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Table 1. ML algorithms and their theoretical underpinnings and strengths.

Algorithms Theoretical Underpinnings Strengths

Linear regression

Linear regression assumes a linear relationship between the input

variables and the target: ŷ = w0 +
n
∑

i=1
wixi

where ŷ is the predicted target, xi represents the input variables, wi are
the coefficients (weights) that quantify the influence of each input on
the target, and w0 is the intercept.
The optimal coefficients are achieved by minimizing the ordinary least
squares [11]:

L =
m
∑

j=1
(yj − ŷj)

2,

where yj is the actual value, ŷj is the predicted value, and m is the
number of observations.
The coefficients in the linear regression model quantify the influence of
each input variable on the target.

Simplicity, interpretability, and
computational efficiency

SVR

Similar to linear regression, SVR fits the function f (x) = WTX + b while
allowing a margin of tolerance ε. To handle non-linear relations, it
performs the kernel trick, which maps data to a higher-dimensional
space where linear separation is achievable. Common kernel options
include linear (), polynomial, and radial basis function [27].

Capability to address outliers and
model non-linear relationships

Decision trees

Decision trees split data into branches based on features that best
reduce impurity. Impurity is a measure of the homogeneity of the data
within a node, aiming to make each split as “pure” as possible. It can be
calculated using metrics like Gini impurity and entropy for
classification and variance for regression models [25]. Specifically, Gini

impurity is calculated as: IG(D) = 1 −
K
∑

k=1
p2

k ,

where pk is the proportion of class k in the node D; and entropy is

measured as: IH(D) = −
K
∑

k=1
pk log2 pk .

Capability to model non-linear
relationship and effectively identify

important features

Random
forest

Random forest improves predictive accuracy by combining multiple
decision trees. Each tree fb(X) is trained on a random subset of data
and features, reducing variance and overfitting [26]. The final

prediction is the average outcome across all trees: ŷ = 1
B

B
∑

b=1
fb(X),

where B is the total number of trees.

Robustness to overfitting

Gradient boosting

Gradient boosting builds an ensemble of decision trees sequentially,
with each new tree fm(X) focused on reducing the errors of the previous
one [36]. At each step m, the model updates predictions as:

ŷ(m)
i = ŷ(m−1)

i + η fm(Xi), where η is the learning rate controlling the
contribution of each tree.
The final model combines these sequentially trained trees, each
contributing based on its ability to minimize prior errors.

Promising predictive accuracy
through interactive error correction

XGBoost

XGBoost employs regularization and optimization techniques to
enhance model performance. Regularization, which prevents
overfitting by penalizing model complexity, includes two techniques:
L1 and L2 [31]. L1 regularization applies a penalty based on the
absolute magnitude of coefficients, given by α∑

j

∣∣wj
∣∣, while L2 uses the

squared magnitude, i.e., 1
2 λ∑

j
w2

j , where wj are model parameters, and

α and λ control the strength of L1 and L2 regularization, respectively.
XGBoost also uses optimization techniques, like second-order
approximation and shrinkage.

High predictive accuracy through
optimization

ANN

An ANN consists of interconnected neuron layers: input, hidden, and
output. Each neuron in layer l receives weighted inputs from the
previous layer l − 1:

z(l)i = ∑
j

w(l)
ij a(l−1)

j + b(l)i ,

where w(l)
ij and b(l)i refer to the weight and bias, respectively.

The activation function ϕ introduces non-linearity:

a(l)j = ϕ(z(l)i ).
During training, the ANN adjusts these weights using backpropagation
which calculates the gradient of the loss function (a measure of
prediction error) with respect to each weight [28].

Ability to model complex
relationships
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Table 2. Previous studies of cost contingency prediction using machine learning.

Research Algorithm Input Variables Target Advantages/Disadvantages

Lhee et al. (2014) [1] ANN

Number of bidders,
project letting year, project

duration, and contract
value

Predicted contingency
amount

The ANN model
demonstrated promising

accuracy in predicting cost
contingency. However, the
input variables are limited,

and the lack of consideration
for project complexity

factors restricts the model’s
generalizability to

infrastructure projects.

Islam et al. (2021) [5] Fuzzy Bayesian belief
networks

Cost overrun-related risks,
including 27 independent

risks and 14 dependent
risks

Probability of cost overrun

It predicted the probability
of cost overrun. However,

limited project cases
(12 cases) used for prediction

model, computational
complexity, and reliance on
subjective data constrain its

application.

El-Kholy et al. (2022) [10] ANN

Sensitivity analysis ratio
of steel reinforcement

prices, ratio of the direct
cost of steel reinforcement

to the total project cost,
probability distribution
types for risk variables

(triangular and normal),
and contractor trend in

dealing with risk (gambler,
neutral, and conservative)

Predicted cost contingency
percentage

This study demonstrated
that the ANN model

outperformed
regression-based models in

predictive accuracy.
However, the limited

number of project cases
(30 cases) and the focus on

the influence of steel
reinforcement prices on cost

contingency, constrain its
broader applicability.

Ammar et al. (2024) [11] Linear regression

Cost overrun-related
factors, such as inaccurate

cost estimate, design
changes, scope changes,

and variation orders

Predicted contingency
amount

This study revealed
promising predictive

performance for linear
regression. However, it lacks

diverse project features as
input variables and relies on

subjective input data.

More recently, Islam et al. [5] employed Bayesian belief networks to estimate the
probability of cost overruns, focusing on cost overrun-related risks. While a promising
estimate can be provided by their Bayesian model, the extensive subjective input and
requirement for prior probability data may constrain the model’s applicability. El-Kholy
et al. [10] compared ANNs with regression-based models for contingency estimation,
focusing on contractors’ approaches to managing cost-related risks. Their results indicate
that ANNs provide superior predictive performance. However, the study primarily focused
on the influence of steel reinforcement prices, reflecting only a narrow subset of the factors
affecting cost contingency. Furthermore, the datasets used by Islam et al. [5] and El-Kholy
et al. [10] were limited, with only 12 and 30 projects, respectively. Similarly, Ammar
et al. [11] developed a linear regression model to estimate contingency based on cost
overrun risks, but this model also lacks diverse project features as input variables and
depends heavily on subjective input data.

In summary, despite the increasing interest in ML for cost contingency estimation,
the existing studies are limited by their reliance on narrow project-specific characteristics,
subjective risk inputs, and a restricted selection of ML algorithms, primarily ANNs and
linear regression models [1,10,11]. Expanding the use of ML algorithms to include diverse
project-specific characteristics and testing a broader range of algorithms could significantly
advance the contingency estimation literature.
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2.4. Interval Estimation in Machine Learning

Interval estimation in ML provides a range in which a predicted value is expected to
fall, offering a more comprehensive understanding than point predictions alone [37]. While
point estimates give a single predicted value, they fail to account for model uncertainty.
In contrast, interval estimates reflect prediction uncertainty with a confidence level [20].
This can be crucial in high-stakes applications, such as medical diagnosis [38], unsafe event
prediction [39], and construction cost estimation [9]. Common techniques for interval
estimation include quantile regression, Bayesian neural networks, Monte Carlo dropout,
and bagging [38–40]. These approaches account for either uncertainty in the model param-
eters or input data variability for interval estimates. By conveying the confidence level
associated with predictions, interval estimates can support more robust decision-making by
providing probabilistic boundaries for their outputs [18,19]. As a result, interval estimates
are especially useful in projects that require risk assessment, safety margin considerations,
and contingency planning, enabling project managers to anticipate variance and adopt
proactive measures to address uncertainty.

Several studies have applied interval estimation to construction management, par-
ticularly for classification prediction [40,41]. These studies primarily employed Bayesian
ML approaches. Gondia et al. [41] utilized decision trees and naïve Bayesian classification
algorithms to predict the project delay risk, categorizing the output into three classes: less
than 30%, between 30% and 60%, and more than 60% schedule overrun. More recently,
Wu et al. [39] combined a Bayesian framework with ML algorithms to create a binary
Bayesian inference model, while Vassilev et al. [42] extended neural networks to develop
a Bayesian deep-learning model. However, none of these studies have applied interval
estimation specifically to cost or contingency estimation. Furthermore, as the Bayesian
approach relies on prior probability data and involves computational complexity, it can
be challenging to apply in scenarios that lack prior probability data [5]. To address these
data and computational challenges, methods approximating Bayesian techniques can be
employed instead [19].

2.5. Project Complexity and Estimation Accuracy

Project complexity is defined as the property of a project that makes it difficult to
understand, foresee, and control its overall behavior, even when reasonably complete
information about the project system is available [43]. High-complexity projects often have
unclear functional requirements and ambiguous objectives, with work content that requires
further development during the project [7,44]. These inherent uncertainties in complex
projects increase the difficulty of accurately predicting cost outcomes.

The evidence shows that project complexity often affects estimation accuracy. Hatam-
leh et al. [45] identified project complexity as the most pronounced project characteristic
that affects the accuracy of cost estimates. High project complexity—characterized by
extended planning horizons, larger budgets, increased technical demands, higher expecta-
tions of innovation, and interconnected interfaces—introduces greater uncertainty [15,46].
As complexity grows, the number of unpredictable variables rises, increasing the likelihood
of deviations from initial estimates [47]. In addition, high-complexity projects are often
large-scale with long durations, allowing even minor deviations to escalate into major
shifts as multiple factors interact and amplify their effects. Optimism bias exacerbates
performance evaluation challenges as project planners tend to understate potential risks
and overestimate project outcomes, particularly in complex projects [48]. Thus, achieving
high estimation accuracy in complex projects remains a significant challenge that requires
advanced techniques to account for the multifaceted nature of these projects.
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Empirical studies highlight the significant influence of project complexity on cost
outcomes. Flyvbjerg [13] found that complex projects often encounter substantial cost
overruns due to unpredictable factors, and only one in ten large-scale infrastructure projects
are delivered on time. Similarly, Doyle and Hughes [16] demonstrated a strong correlation
between project complexity and the reliability of cost estimation. In addition, Asmussen
et al. [49] revealed that structural complexity particularly reduces cost estimation accuracy
in supply chain design as it introduces more conflicting goals. These findings underscore
the importance of incorporating complexity measures to better capture the high uncertainty
associated with high complexity.

2.6. Research Gap

In summary, while the existing studies provide valuable insights, notable research
gaps persist in terms of cost contingency estimation. First, most studies employ a limited
selection of ML algorithms, mainly ANNs and linear regression. This may restrict the
potential for increasing the accuracy and robustness of predictions. Furthermore, few
ML models for contingency estimation incorporate project-specific characteristics, which
are essential for capturing unique project dynamics and improving estimation precision.
Another key limitation is the absence of interval estimation techniques in contingency
models, although these would define a range of probable values and offer project managers
a clearer understanding of potential cost variability. Finally, project complexity, although
it is a critical factor affecting estimation accuracy, is rarely integrated into current models.
This may limit the ability to account for the nuances affecting cost performance, especially
for relatively complex infrastructure projects. Therefore, addressing these gaps could
significantly advance contingency estimation methods and produce more reliable and
adaptable tools for infrastructure project cost management.

3. Materials and Methods
This study comprised four main stages: data collection and preprocessing, project con-

tingency prediction models, ANN and complexity index creation, and interval predictions
and complexity index use (see Figure 1).

3.1. Stage 1: Data Collection and Preprocessing

In this stage, data were collected and preprocessed, which included data cleaning, fea-
ture selection, and feature scaling. A total of 122 infrastructure project cases were collected
from the Hong Kong Public Works Department. Projects were included based on their
classification as infrastructure, which was determined according to official categorization
by the department. Specifically, the dataset encompassed projects related to transportation
(e.g., roads, bridges, and tunnels), utilities (e.g., water supply and drainage systems), and
public facilities (e.g., government buildings and hospitals). Only completed projects with
available records on cost estimates, contingency allocations, and actual expenditures were
considered to ensure data reliability and comparability. During the data collection process,
relevant project data, including project characteristics, project estimates (PEs), contract
contingencies, and approved PEs under public budget allocation, were gathered.

Data cleaning was performed to remove duplicates and address missing data. The
dataset was constructed by integrating various types of projects, including land develop-
ment projects (LDPs), roads and highways (RH), water treatment projects (WTPs), sewage
treatment projects (STPs), and other public functional projects (PFPs, e.g., hospitals, schools,
and government offices). Given the integration of diverse project types, potential duplicates
were identified and removed using the drop_duplicates() function in Pandas to ensure
unique entries across the dataset. Missing data were handled through either imputation
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or removal, depending on the extent of the missing values, to maintain dataset reliability
and facilitate accurate predictions [36,50]. Features with more than 30% missing data were
excluded, while those with less than 30% missing data were retained, and the missing
values were imputed [51]. For this study, two imputation approaches were considered:
(i) replacing missing values with the mean or median or (ii) estimating the missing val-
ues more precisely based on underlying data patterns [52]. Although the first method is
straightforward, it can reduce data variability and introduce bias. Therefore, the second
approach was adopted, and a linear regression model was used for imputation. This
method preserved the data patterns and improved the consistency of the predictive models.
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Figure 1. Research design.

A set of seven input variables, including PE, contract contingency, approved PE, project
type, starting and completion years, and project scope, was created and used for model
development. These variables were selected because they represent key factors influencing
the cost and contingency outcomes in infrastructure projects. Specifically, the PE and
approved PE capture the project’s initial cost assessments [45]; contract contingency reflects
the risk management buffer embedded into the project budget [2]; and project type accounts
for variations in project characteristics. The starting and completion years were included to
reflect temporal aspects, such as inflation and regulatory changes [28,32]. The construction
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floor area variable indicated project size. This set of input variables was deemed appropriate
as it encompasses both financial planning and inherent project characteristics, which are
vital for modeling cost performance and contingency materialization and, therefore, provide
a robust foundation for prediction models. After data cleaning, the “project scope” variable
was excluded due to a missing data rate of more than 30%. The six remaining features were
retained for model development.

The target variable value, cost contingency, was calculated in terms of final cost,
project estimate, and contract contingency due to the absence of direct data records for cost
contingency values. The materialized cost contingency is defined as the difference between
the final cost and the project cost [3]. The project cost is equivalent to the approved project
estimate minus the contract contingency. Therefore, the cost contingency was derived using
the following formula:

Cost contingency = Final cost − (Approved project estimate − Contract contingency) (1)

In feature scaling, the input variables are transformed into a standardized range, com-
monly between 0 and 1 [35]. This transformation is essential to improve model performance
and stability, particularly when the dataset features high standard deviations [28]. The
scaling procedure was implemented using Equation (2), as shown below:

⌣
x i =

xi − Xmin

Xmax − Xmin
(2)

where
⌣
x i is the transformed value of the original value xi, and Xmin and Xmax refer to the

minimum and maximum values of the set of attribute X.
To mitigate potential overfitting and determine the optimal ML model, the dataset of

122 project cases was randomly divided into two subsets, and 80% of the data was allocated
to the training set, while the remaining 20% was used as the testing set [32,53]. The model’s
performance based on the testing set is presented as the final result.

3.2. Stage 2: Project Contingency Prediction Models

This stage focused on developing and evaluating ML models for cost contingency
prediction. Seven models were considered: linear regression, SVM, decision trees, random
forests, gradient boost, XGBoost, and ANNs. These models were selected for (i) their
widespread use in cost and contingency prediction and (ii) their broad capacity to handle
different predictive tasks (see Table 2) [9]. Linear regression functioned as a baseline model
due to its straightforward approach to cost prediction. SVM was chosen for its ability to
capture complex relationships between input features and cost outcomes [28,36]. Decision
trees, which model non-linear relationships, were supported by random forests through
ensemble learning to improve prediction accuracy [30]. Gradient boosting and XGBoost
were included for their focus on iterative error correction and performance optimization [32].
ANNs were utilized for their strength in capturing intricate, non-linear interactions between
features [33,35]. Together, these models facilitated a robust comparison analysis to identify
the best-performing algorithm for contingency prediction.

Each model was systematically fine-tuned to enhance its predictive accuracy and relia-
bility. A grid search was employed to identify the optimal hyperparameters by systemati-
cally exploring predefined parameter ranges and evaluating all possible combinations [54].
Cross-validation was then used to assess model performance and prevent overfitting [55].
The final selection of hyperparameters was based on minimizing prediction error metrics.
The optimal hyperparameters derived through this process are presented in Table 3. This
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tuning approach allowed for systematically evaluating various parameter combinations
and enabled the selection of the most appropriate settings for each algorithm [56].

Table 3. Fine-tuned hyperparameters for the model algorithms.

Prediction Models Hyperparameters

Linear regression ElasticNet (‘alpha’ = 1, ‘l1_ratio’ = 1)

SVM SVR(‘C’ = 500, ‘degree’ = 2, ‘epsilon’ = 2, ‘gamma’ = ‘scale’, ‘kernel’ = ‘linear’)

Decision tree DecisionTreeRegressor (‘criterion’ = ‘poisson’, ‘max_depth’ = None, ‘max_features’ = None,
’min_samples_split’ = 2)

Random forest RandomForestRegressor (n_estimators = 100, criterion = ‘squared_error’,
max_depth = None, min_samples_split = 2, min_samples_leaf = 1)

Gradient boosting GradientBoostingRegressor (‘learning_rate’ = 0.1, ‘loss’ = ‘huber’, ‘n_estimators’ = 100)

XGBoosting
XGBRegressor (objective = ‘reg:squarederror’, n_estimators = 300, learning_rate = 0.01,

max_depth = 3, subsample = 0.8, colsample_bytree = 1, gamma = 0, min_child_weight = 20,
reg_alpha = 0, reg_lambda = 0, random_state = 31)

ANN

MLPRegressor (hidden_layer_sizes = (256, 128), activation = ‘relu’, solver = ‘adam’,
alpha = 0.0001, max_iter = 600, random_state = 0, learning_rate = ‘constant’,

learning_rate_init = 0.001, shuffle = True, verbose = True, validation_fraction = 0.1,
momentum = 0.9)

Then, the performance of each model was evaluated and compared through key
metrics, including R2, mean absolute error (MAE), mean square error (MSE), and root mean
square error (RMSE) [28]. These metrics were employed to assess the models’ accuracy
and robustness in predicting outcomes. R2 measures the proportion of variance in the
dependent variable that can be explained by the independent variables. It ranges in value
from 0 to 1, with values closer to 1 indicating a better model fit [9]. The calculation of R2 is
expressed by Equation (3).

R2 = 1 −

n
∑

i=1
(yi − ŷi)

2

n
∑

i=1
(yi − yi)

2
(3)

where yi is the actual value, ŷi is the predicted value, y is the mean of actual values, and n
is the number of project cases.

MAE measures the average of the absolute errors between predicted and actual
values [36]. It is a straightforward measure of prediction accuracy calculated as shown in
Equation (4):

MAE =
1
n

n

∑
i=1

|yi − ŷi| (4)

RMSE is the square root of MSE, which offers a metric by squaring the residuals (the dif-
ferences between the predicted and actual values). Compared to MAE, it weights larger er-
rors more, which can be useful when larger errors are more impactful. Equations (5) and (6)
were used to calculate MSE and RMSE, respectively:

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (5)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (6)
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According to the evaluation of model performance metrics, the high-performing
models were then selected for further analysis due to their superior predictive capabilities
and reliability.

3.3. Stage 3: Point Estimation and Complexity Index

In this stage, the top-performing models from Stage 2 were used to generate point
estimates for materialized cost contingency. To assess the influence of the complexity index,
two versions of each model were developed: one excluding the complexity index and one
incorporating it. A feature importance analysis was conducted to quantify the contribution
of each input variable, particularly the complexity index, in enhancing predictive accuracy.
The methodology for measuring the complexity index and computing feature importance
is detailed in the following sections.

Project scope is a crucial determinant of project complexity [15]. Unlike other com-
plexity indices, such as expert interviews to measure technological and environmental
complexity [57], which rely heavily on subjective data, scope complexity can be qualified
with objective project data. This makes it a readily measurable metric for categorizing
construction projects. Therefore, scope complexity was selected to quantify the complexity
index used in this study. Nguyen et al. [58] identified project size (in terms of capital),
scope ambiguity, and project duration as key determinants of scope complexity. Due to
data availability, this study focuses on two measurable factors for the complexity index:
project size (capital) and project duration. Each factor is weighted equally (50:50) in the
index calculation. The construction of the complexity index is outlined as follows:

To classify project complexity by size and duration, a quantile-based approach was
applied. This approach facilitated a straightforward division of projects based on their
relative capital size and duration, ensuring objectivity grounded in the dataset distribution.
Projects were divided into five categories according to their position within predefined
quantile ranges, ensuring objective categories according to the distribution of the dataset.
Specifically, a scale of 1 to 5 was used, where projects falling within the [0.8, 1.0] quartile
range were assigned a complexity score of 5, those within the [0.6, 0.8] range were assigned
a score of 4, etc. Projects within the lowest quartile were assigned a score of 1. The final
complexity index is calculated as the average of the two scores, providing an objective and
scalable measure of project complexity. This approach standardized the complexity index,
enabling consistent comparisons across diverse project cases.

Second, feature importance quantifies the contribution each input feature makes to the
predictions made by an ML model [28]. It identifies the most significant features for accurate
predictions by evaluating their impact on the model outcome. Depending on the algorithm,
various techniques can be used to determine feature importance. As the ANN was the
contingency estimation model with the most promising predictive performance in Stage 2,
permutation feature importance was conducted at this stage [59]. This works by randomly
shuffling the values of a single feature and then measuring the change in the model’s
performance [60]. If the performance drops significantly when a feature is permuted, that
feature is considered important because it has a critical effect on the prediction model.
Conversely, if shuffling a feature results in little to no performance change, the feature is
considered less important. The permutation importance of a feature is computed as follows:

I(Fj) = Pbaseline − Pperm (7)

where I(Fj) is the permutation importance of feature Fj, and Pbaseline and Pperm are the
model performance before and after shuffling, respectively. The baseline and permuted
performance can be assessed with any of the metrics discussed in Stage 2, including R2,
MAE, MSE, and RMSE. In this study, MSE was used to evaluate changes in performance.
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3.4. Stage 4: Interval Predictions and Complexity Index

Stage 4 involved generating interval predictions using two methods: Monte Carlo
dropout and bootstrapping (see Figure 1). These techniques leverage resampling or dropout
as Bayesian approximations, enabling the model to quantify uncertainty and generate
prediction intervals based on the output variance [38,61]. Compared to traditional Bayesian
methods, these two techniques allow the quantification of uncertainty in datasets that lack
explicitly probabilistic information [19,42]. Therefore, they were adopted in this study to
increase the robustness of the prediction models. As in Stage 3, two interval prediction
models—one excluding the complexity index and one incorporating it—were compared
to evaluate the impact of the complexity index on predictive accuracy. The evaluation
method for interval predictions followed Milanés-Hermosilla et al.’s [38] approach, where
uncertainty accuracy was used to assess the performance of uncertainty estimations. The
approaches and evaluation processes for the interval predictions are detailed below:

(a) Monte Carlo dropout

Monte Carlo dropout was applied to obtain interval predictions by performing mul-
tiple stochastic forward passes through the ANN [38]. Fundamentally, the Monte Carlo
dropout approach involves executing the model n times with dropout enabled to introduce
randomness in the network’s weights during inference and generate different predictions
for the same test case x [62]. The Monte Carlo dropout process consists of four steps:

(i) Train the model using the original training dataset, with dropout enabled during both
training and inference;

(ii) Perform multiple stochastic forward passes (n passes) through the trained model for
the same test case x, with dropout activated to introduce randomness in each pass;

(iii) Generate a set of n predictions for the test case x from the stochastic forward passes;
(iv) Calculate the lower and upper bounds of the prediction interval, using the formulas

presented below [61]:

LB = Percentile2.5(ŷ1, ŷ2, · · · ŷi · · · , ŷn) = ŷmean − zσ (8)

UB = Percentile97.5(ŷ1, ŷ2, · · · ŷi · · · , ŷn) = ŷmean + zσ (9)

where LB and UB are the lower and upper bounds, respectively, ŷi is the predicted value
of the test case x using the model trained on the ith bootstrapped dataset from n sets, and
ŷmean and σ are the mean value and variance of (ŷ1, ŷ2, · · · ŷi · · · , ŷn), respectively. A 95%
confidence interval was used in this study, with the 2.5th and 97.5th percentiles representing
the lower and upper bounds, respectively.

(b) Bootstrapping

Bootstrapping was employed to estimate prediction intervals by resampling the train-
ing data and generating multiple models [50]. Compared to Monte Carlo dropout, boot-
strapping is expected to capture a wider range of uncertainty as it accounts for variations
in the training data, potentially offering a more comprehensive representation of model
uncertainty [61]. The bootstrapping process mirrors that used in Monte Carlo dropout,
with key differences in the first two steps. Instead of generating multiple predictions for a
test case by introducing randomness through dropout, bootstrapping generates predictions
by resampling the training data. The lower and upper bounds of the prediction interval
were then calculated using Equations (8) and (9).

The uncertainty accuracy (UA) of the interval predictions was assessed by calculating
the proportion of actual values that fell within the predicted intervals [39]. This metric is
defined as:

UA =
ntrue

ntotal
× 100% (10)
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where ntrue is the number of project cases where the actual value fell within the predicted
interval, and ntotal is the total number of project cases.

4. Results
The model development process integrated comprehensive feature selection, cost

contingency prediction model execution, and complexity index incorporation into both
point and interval estimations.

4.1. Feature Selection

According to the data preprocessing methods outlined in Stage 1, relevant features
were selected; the details of the input and output variables are presented in Table 4.

Table 4. Description of model variables and their values.

Model Variables Description
Value

Data Type Min. Max. Mean Standard Deviation

Input

Project estimate (PE)
(HKD)

A cost estimate prepared by a
client before receiving any
bids from contractors for a
construction project. It is

based on the design,
specifications, and other

known factors.

Numerical value 32.55 million 44,878.95 million 1508.99 million 4701.69 million

Contract
contingency allowed

in PE (HKD)

A specific allowance to cover
unforeseen costs or risks (e.g.,
design changes or unexpected

site conditions) that might
arise during the construction

project.

Numerical value 2.35 million 2665.22 million 114.16 million 308.88 million

Approved PE
(HKD)

The officially sanctioned
project estimate that has been

reviewed and endorsed by
the client.

Numerical value 34.00 million 44,798.40 million 1826.55 million 5167.11 million

Project type

Project type refers to the
category of public

infrastructure projects
classified by their purpose.

Five main types are identified:
land development projects

(LDPs), roads and highways
(RH), water treatment projects

(WTPs), sewage treatment
projects (STPs), and other
public functional projects

(PFPs, e.g., hospitals, schools,
and government offices)

Five string values:
LDPs (26%), RH

(11%), WTPs (7%),
STPs (11%), PFPs

(45%)

-- -- -- --

Starting year
The year in which the

construction work for a
project begins on site.

Integer 1998 2021 -- --

Completion year

The year when all
construction activities are
finished, and the project is

considered complete.

Integer 2002 2024 -- --

Output

Materialized cost
contingency

(HKD)

The portion of the allocated
cost contingency that has

actually been used to cover
unforeseen risks or changes

during the project
construction process.

Numerical value −7518.71 million 1418.48 million −233.66 million 784.91 million

Project PEs ranged from HKD 32.55 million to HKD 44,878.95 million, with a mean
value of HKD 1508.99 million. Similarly, the approved PEs ranged from HKD 34.00 million
to HKD 44,798.40 million, averaging HKD 1826.55 million. The contract contingency
allowed in PEs had a mean value of HKD 114.16 million and standard deviations of HKD
308.88 million. Project timelines showed significant variability, with start years from 1998
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to 2021 and completion years from 2002 to 2024. The dataset included a diverse mixture
of project types: approximately 45% were public functional projects (PFPs, e.g., hospitals,
schools, and government offices), 26% were land development projects (LDPs), 11% were
roads and highways (RH), 11% were sewage treatment projects (STPs), and 7% were
water treatment projects (WTPs). These attributes indicate significant variation across key
parameters, including budget, timeline, and project type, furnishing a robust dataset for
analyzing cost contingency predictions across various project scopes and contexts.

The materialized cost contingencies ranged from HKD −7518.71 to HKD 1418.48 mil-
lion. Negative materialized cost contingency values reflect the approval of provisional sums
by the public sector. In many cases, the public sector preferred to allocate additional funds
by padding the approved project estimates to create a buffer against potential cost over-
runs [63]. Therefore, some of the calculated values for the materialized cost contingencies
became negative.

4.2. Development of Cost Contingency Prediction Models

As described in Stage 2, seven ML prediction models were developed and evaluated,
achieving Objective 1.

Table 5 presents the evaluation outcomes of seven ML models for contingency pre-
dictions. The prediction performance was gauged with four metrics: R2, MAE, MSE, and
RMSE. Linear regression and SVM yielded R2 values of 0.397 and 0.360, respectively. These
values categorize both models as inaccurate as they fall below the R2 threshold of 0.5.
According to Elmousalami [9], model performance is considered excellent if the R2 value is
higher than 0.9, good if it is higher than 0.8, acceptable if it is above 0.5, and inaccurate if it
falls between 0 and 0.5. Moreover, the decision tree model exhibited the lowest performance
among the evaluated models, with an R2 of 0.084. The corresponding MAE, MSE, and
RMSE values were HKD 156, 101, 470, and 318 million, respectively. These three algorithms
were deemed inadequate as their R2 values did not reach the 0.5 threshold.

Table 5. Performance matrices for the first-stage prediction models.

Prediction
Targets Metrics Linear

Regression SVM Decision
Tree

Random
Forest

Gradient
Boosting XGBoosting ANN

Materialized cost
contingency

R2 0.397 0.360 0.084 0.725 0.782 0.785 0.808
MAE 156 141 156 94 86 86 93
MSE 66,709 70,870 101,470 30,412 24,095 23,876 21,236

RMSE 258 266 318 174 155 157 145

In contrast, the random forest and gradient boosting models demonstrated substantial
improvement in prediction accuracy, achieving R2 values of 0.725 and 0.782, respectively.
These improvements highlight the advantage of ensemble learning techniques in capturing
non-linear dependencies and reducing overfitting through multiple decision trees [36]. Of
the tree-based methods, XGBoost achieved the best predictive performance, with an R2

of 0.795. The other three evaluation metrics (MAE = 86, MSE = 23876, and RMSE = 157)
further supported XGBoost’s effectiveness.

The highest prediction accuracy, however, was achieved by the ANN model, which
achieved an R2 of 0.808. This made it the highest-performing model among those tested.
ANN’s superior performance can be attributed to its capacity to learn complex, non-linear
relationships between project characteristics and cost contingency, a capability that tradi-
tional regression-based and tree-based models lack [33]. Due to its superior performance,
the ANN was selected for further analysis in the next phase of this study, which investigated
the potential improvement in the model performance achievable through the integration of
a complexity index.
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4.3. Integrating the Complexity Index into Point Estimation

According to the methods described in Stage 3, a complexity index was introduced and
integrated into the high-performance contingency prediction model: the ANN. The model’s
performance was then further evaluated to determine whether significant improvements
were obtained, meeting Objective 2.

Integrating the complexity index into the ANN model markedly improved the perfor-
mance of the contingency prediction model. The efficacy of the models with and without
the complexity index was evaluated with R2 values. As detailed in Table 6 and depicted
in Figure 2, the integration of the complexity index significantly improved the model’s
performance, shown by an increase in the R2 value from 0.808 to 0.809. In addition, the
MAE decreased from 93 to 68, the MSE decreased from 21,236 to 11,080, and the RMSE
decreased from 145 to 105. Figure 2 illustrates that the predicted values align more closely
with the actual values after the complexity index was integrated. These results demonstrate
that incorporating a complexity index improves predictions of cost contingency compared
to models that rely solely on project characteristics.

Table 6. Comparison of ANN point estimation: before and after integrating complexity index.

Prediction Target Metrics Without Complexity Index With Complexity Index

Materialized cost
contingency

R2 0.808 0.889
MAE 93 68
MSE 21,236 11,080

RMSE 145 105
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Further analysis was conducted to ascertain the importance of individual features
to the ANN model’s predictive performance, utilizing permutation feature importance
as defined in Equation (6). The analyses presented in Table 6 and Figure 3 indicate the
significant role of the complexity index in improving the accuracy of the contingency
prediction model. As Table 7 shows, the three most influential features affecting the cost
prediction were approved PE, complexity index, and contract contingency. These findings
align with the existing research, emphasizing the vital role of cost estimates [35] and
contract contingencies [64] in project cost predictions. The results also emphasize the
substantial impact of project complexity on contingency models, reinforcing the value of
integrating a complexity index into future predictive models to improve their estimation
accuracy. Furthermore, construction time-related variables, particularly the project start
year, significantly influenced cost contingency predictions, while project type ranked fifth
in importance (see Figure 3).
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Table 7. Permutation feature results.

Features Value Rank

Approved project estimate 151,976.32 1
Complexity index 121,533.38 2

Contract contingency 46,223.72 3
Starting year 14,185.36 4

Completion year 6729.28 5
Project type 1650.03 6

Project estimate 803.49 7

4.4. Integrating the Complexity Index into Interval Estimation

According to the methods outlined in Stage 4, interval prediction models were devel-
oped and evaluated with and without an integrated complexity index to achieve Objective 3.

Monte Carlo dropout and bootstrapping were employed to generate interval pre-
dictions for project cost and contingency; these results are illustrated in Figures 4 and 5,
respectively. Table 8 summarizes the uncertainty accuracy of the two approaches. The
performance of the Monte Carlo dropout methods, which yielded narrower intervals,
showed less accuracy, with uncertainty accuracy values of 60% for contingency prediction.
Bootstrapping achieved a higher uncertainty accuracy (80%) by capturing a wider range
of uncertainty. This difference is visually evident in Figures 4a and 5a. The comparative
analysis suggests that the narrower intervals produced by Monte Carlo dropout may have
contributed to its lower prediction accuracy. While Monte Carlo dropout provides more
precise estimates, its limited ability to capture a wider range of uncertainty may result in
underestimating cost variability. On the other hand, bootstrapping’s broader intervals allow
for a more comprehensive representation of uncertainty, which translates into improved
predictive reliability.
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Table 8. Comparison of ANN interval estimation: before and after integrating complexity index.

Prediction Target Methods

Without
Complexity Index

(Uncertainty
Accuracy, %)

With Complexity
Index (Uncertainty

Accuracy, %)

Cost contingency
prediction

Monte Carlo
dropout 60 76

Bootstrapping 80 88

The subsequent integration of the complexity index markedly improved the per-
formance of interval predictions for both the Monte Carlo dropout and bootstrapping
approaches. Specifically, the uncertainty accuracy of cost interval predictions using Monte
Carlo dropout increased by nearly 27%, rising from 60% to 76% (see Table 8). This im-
provement indicates that incorporating project complexity allows Monte Carlo dropout to
better capture the underlying variability in cost and contingency estimations. As shown
in Figure 4, a greater number of actual values fell within the predicted intervals post-
integration, reinforcing the complexity index’s role in refining model performance. Similar
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improvements were observed in the bootstrapping models; the uncertainty accuracy of the
interval predictions increased from 80% to 88% after incorporating the complexity index,
as Table 8 shows. In addition, as illustrated in Figure 5b, this improvement signifies that
the integration of the complexity index increased the alignment between the predicted
intervals and actual data points, underscoring its effectiveness in refining the models’ pre-
dictive capability. Overall, these findings demonstrate that while bootstrapping provides
a higher uncertainty accuracy, Monte Carlo dropout can yield competitive results when
coupled with a complexity-based approach. The fact that integration of the complexity
index improves the reliability of both interval predictions suggests that project complexity
is a critical factor influencing cost contingency materialization.

5. Discussion
Cost contingency is a financial buffer that is allocated to address unforeseen expenses

in a project and plays a pivotal role in risk management. The accurate estimation of cost
contingency early in a project is essential for effective cost control and overall project
success. Despite its importance, little research has explored the relationship between
infrastructure-specific project characteristics and cost contingencies. Furthermore, studies
that employ and compare multiple ML algorithms for contingency predictions using real-
life datasets are sparse, and even fewer attempt interval estimates. Moreover, the influence
of project complexity—a key determinant of cost performance—remains underexplored.
This study seeks to close these research gaps by investigating how project characteristics
and complexity contribute to both point and interval contingency estimates by leveraging
multiple ML algorithms to improve prediction accuracy and reliability.

For point estimations, ANNs demonstrated the strongest predictive performance
of the seven ML algorithms evaluated. An ANN’s ability to model complex, non-linear
relationships likely accounts for its superior ability to capture the intricate associations
between project characteristics and cost contingency, particularly in complex infrastruc-
ture projects. These findings align with the existing research on the topic. For example,
Meharie [36] reported that ANNs outperformed linear regression and SVM in predicting
costs for infrastructure projects, especially highway projects. Similarly, Wang et al. [35]
found that ANNs surpassed four other ML algorithms (linear regression, SVM, decision
trees, and random forests) in predictive accuracy. In this study, XGBoost ranked second
in predictive performance. Elmousalami [9] previously concluded that XGBoost generally
exhibits superior accuracy compared to other commonly used ML algorithms. These results
suggest that both ANNs and XGBoost are well-suited for modeling contingency predictions
and represent robust and reliable tools for academics and professionals addressing cost
uncertainties in infrastructure projects.

Furthermore, a complexity index was introduced and integrated into both the point
and interval contingency estimations. The complexity index captured key project factors
to approximate project complexity through cost and duration. This method balances
the trade-off between data availability and the need to encapsulate essential attributes of
complexity, as the significance of project complexity in cost estimation has been emphasized
in prior studies. Hatamleh et al. [45] demonstrated that increased complexity in supply
chain decision-making reduces cost estimation accuracy. Similarly, Asmussen et al. [49]
underscored the impact of project complexity on infrastructure cost estimations. In this
study, integrating the complexity index significantly improved the ANN’s predictive
performance, emphasizing the importance of incorporating a measure of complexity to
improve infrastructure project cost estimation accuracy [47,49]. Feature importance analysis
confirmed that the complexity index was a key variable affecting cost, ranking it as the
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second most influential factor and validating its importance for model robustness and
predictive reliability.

This study also explored interval estimates for contingency predictions through
two techniques: Monte Carlo dropout and bootstrapping. Both approaches offered the
ability to operate without prior knowledge of the predictive distribution [38] and exhibited
promising predictive performance. The results of these tests revealed an intriguing pattern.
While bootstrapping offered superior overall accuracy, Monte Carlo dropout provided
narrower prediction intervals, delivering a higher degree of precision in the resulting
estimations. Vassilev et al. [42] also applied interval estimation techniques to semantic
segmentation and reported that Monte Carlo dropout resulted in inferior classification
accuracy compared to variational inference. Our study offers a plausible explanation for
this lower uncertainty accuracy: the narrower intervals generated via Monte Carlo dropout
likely contribute to its reduced accuracy. Therefore, for project planners seeking high
uncertainty accuracy, bootstrapping would prove beneficial; for those seeking narrower in-
tervals, Monte Carlo dropout may be preferable. Notably, integrating the complexity index
into the interval estimates significantly improved both methods’ predictive performance,
with Monte Carlo dropout showing particularly marked improvement. These findings
underscore the value of the complexity index in achieving reliable infrastructure project
cost contingency estimates.

In terms of practical implications, the demonstrated predictive power of ANNs and
XGBoost presents a significant opportunity for industry adoption. Given their ability to
capture complex, non-linear relationships between project characteristics and cost contin-
gencies, these ML models provide a reliable alternative to traditional estimation methods.
Construction firms and policymakers can leverage these models to enhance the accuracy
of contingency forecasts. Second, the finding that project complexity significantly influ-
ences infrastructure cost contingency materialization is particularly relevant for project
stakeholders. By incorporating the complexity index, they can better anticipate cost fluctu-
ations and refine their budgetary strategies accordingly. Third, the introduction of interval
predictions further enhances the decision-making process by offering project managers a
probabilistic view of potential cost deviations. This added layer of uncertainty estimation
is particularly valuable, as it facilitates proactive risk management by allowing project
teams to assess worst-case and best-case scenarios. These findings suggest that bootstrap-
ping is preferable for those prioritizing uncertainty accuracy, while Monte Carlo dropout
demonstrates notable potential when integrated with the complexity index. This distinction
allows practitioners to tailor their approach based on specific project characteristics and
their risk tolerance.

6. Conclusions
This study improves cost contingency estimation for infrastructure projects by incor-

porating project-specific characteristics and a complexity index into both point and interval
estimates. Among the seven ML algorithms tested, the ANN stood out as having the
highest predictive accuracy for point estimates, achieving an R2 of 0.808. The inclusion of
a complexity index constructed from cost and duration data significantly improved the
ANN’s performance, increasing its R2 to 0.899 from 0.808. For interval estimates, boot-
strapping more accurately represented uncertainty, while Monte Carlo dropout produced
narrower prediction intervals. The complexity index notably boosted interval prediction
performance, improving the uncertainty accuracy by 27% in Monte Carlo dropout and 10%
in bootstrapping.

Theoretically, this study advances cost contingency estimation techniques by applying
ML to project cost management and comparing multiple algorithms’ performance. It
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highlights the importance of including a complexity index, especially in highly complex
infrastructure projects, and extends contingency prediction to interval estimates. These
improvements help provide a deeper understanding of project cost risks and offer project
managers valuable confidence ranges to better manage cost uncertainties.

Practically, practitioners can leverage the novel ANN-based model to enhance in-
frastructure cost planning and improve project delivery. The high predictive accuracy
of ANNs positions them as a viable tool for practitioners conducting cost contingency
estimations. Refined interval predictions equip project managers with better foresight into
potential cost variances, enabling proactive cost management. For a new infrastructure
project, key parameters such as project type, PEs, approved PEs, contract contingency, and
planned duration can be readily obtained. Using these features, practitioners can quickly
and accurately estimate a reasonable cost contingency, streamlining decision-making and
reducing budget uncertainties. In summary, the ANN-based model offers a robust and
efficient approach to cost estimation, equipping industry professionals with data-driven
insights to enhance cost resilience and infrastructure project performance.

This study’s limitations include using a small dataset, which may restrict the general-
izability of the results. A more extensive dataset could improve the model’s applicability
across diverse project scenarios, as its predictive performance may vary in different contexts
or larger-scale infrastructure developments. Future research could address this by using
larger datasets to further validate the complexity index and enhance its robustness. In
addition, the models used only six input variables due to data limitations. Future studies
could improve the accuracy and robustness of their results by incorporating more variables.
Moreover, cost contingency values were derived indirectly rather than from direct project
records; future research should utilize actual cost contingency data to improve validity.
Finally, the study focuses on infrastructure projects within a single geographical region,
i.e., Hong Kong. Future research should explore the model’s performance in different
geographical contexts to assess its broader applicability.
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