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Abstract: In construction planning, decision making has a great impact on final project performance.
Hence, it is essential for project managers to assess the construction planning and make informed deci-
sions. However, disproportionately large uncertainties occur during the construction planning stage;
in the worst case, reliable probability distributions of uncertainties are sometimes unavailable due to a
lack of information before construction implementation. This situation constitutes a deep uncertainty
problem, making it a challenge to perform a probability-based uncertainty assessment. The current
study proposes a modeling approach that applies prediction intervals for construction planning via
the integration of discrete-event simulation (DES), fuzzy C-means clustering (FCM), Bayesian regu-
larization backpropagation neural networks (BRBNNs), and particle swarm optimization (PSO). The
DES is used to perform data sampling of the construction alternatives and assess their performances
under uncertainty. Based on the generated samples, the FCM, BRBNN, and PSO are integrated in a
machine learning algorithm to model the prediction intervals that represent relationships between
construction planning schemes, performances, and the corresponding uncertainties. The proposed
approach was applied to a case project, with the results indicating that it is capable of modeling
construction performance and deep uncertainties with a defined 95% confidence level and fluctuation
within 1~9%. The presented research contributes a new and innovative option, using prediction
intervals to solve deep uncertainty problems, without relying on the probability of the uncertainty.
This study demonstrates the effectiveness of the proposed approach in construction planning.

Keywords: construction planning; deep uncertainty; prediction interval; discrete-event simulation;
machine learning; particle swarm optimization

1. Introduction

Construction planning is the stage before actual construction during which preliminary
decisions related to construction resources, schedules, and other schemes are made. Over
the past few decades, many studies such as various research conducted by the Construction
Industry Institute (CII) have revealed how construction planning can significantly influence
final project performance [1]. Therefore, decision making during the construction planning
stage needs to be carefully considered to obtain the expected construction outcomes.

The assessment of construction performance at the planning stage enables managers
to compare different construction schemes in order to make an informed decision. Thus, an
appropriate tool for the assessments related to the construction planning phase is needed.
However, uncertainty has long been considered an obstacle of accurate assessments of
construction performances during the construction planning stage [2]. Uncertainties about
labor work productivity, equipment failure rates, weather, or off-site transport conditions
are a few examples of factors that can challenge reliable predictions of construction progress.
Previous studies have suggested that construction uncertainty can cause 30–35%, 25–40%,
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and 26% fluctuations in construction duration [3], project cost [4], and environment im-
pacts [5], respectively. Indeed, uncertainty challenges the entire construction process, but
a disproportionately large part occurs during the construction planning stage because
the information relevant to a project has not been fully determined before construction
implementation [2]. Moreover, many previous studies have found that estimations of
uncertainty performed at the planning stage may largely differ from the actual situation [6].

The existence of uncertainty makes it challenging to assess construction performance
accurately during the construction planning stage. Ibadov and Kulejewski [7] thus stated
that the uncertainty analysis approaches for construction planning are critical to the success
of construction projects. To address this, uncertainty in the assessments of the construction
planning stage has previously been treated as random variables, which are normally
described by probability distributions [8], and probability-based methods, such as the
Monte Carlo method, have been widely used [9]. Probability-based methods will predefine
the probability distribution of uncertain factors, an action which often requires sufficient
historical experience or statistical data.

However, these methods may not always be applicable to the construction planning
stage. For example, Sadeghi et al. [10] proposed that it is sometimes not feasible to collect
the required information to develop reliable probability distributions for all of the uncer-
tainties related to a construction project. In addition, the uniqueness of certain construction
projects, such as mega buildings or infrastructure, may make it impossible to find sufficient
historical data to develop reliable probability distributions due to the limited similarities
to any previous projects [11]. In these situations, the uncertainty originates from a lack of
knowledge. According to both Walker et al. [12] and Bryant and Lempert [13], a situation
challenged by uncertain probability distributions is a deep uncertainty problem. Many
previous studies [14,15] found that probability-based methods have difficulties in handling
deep uncertainty problems. Thus, these types of problems require a new method that can
complement the current probability-based methods for managing uncertainty.

This study proposes a prediction interval approach for modeling construction perfor-
mance under deep uncertainty which integrates discrete-event simulation (DES), fuzzy
C-means clustering, Bayesian regularization backpropagation neural networks (FCM-
BRBNN), and particle swarm optimization (PSO). First, the DES is applied to simulate the
performance of various construction alternatives under deep uncertainty conditions and
generate a dataset that contains the construction schemes, uncertainties, and corresponding
project performances. A machine learning algorithm constructed based on fuzzy C-means
clustering and Bayesian regularization backpropagation neural networks is then applied to
the dataset with the objective of directly extracting the relationship between construction
schemes and uncertainties of the final performance. The PSO, as an intelligent optimization
method, is used to identify the optimal hyper-parameters of the machine learning model to
ensure optimal modeling.

Thus, instead of relying on precise probability distributions, the proposed approach
uses a large and relevant dataset to directly capture the underlying effects of construction
planning in light of deep uncertainty, which is a complement to the shortcomings of heavily
relying on probability distributions of the existing methods. Specifically, the assessment of
the construction performance is represented through prediction intervals, which specify
the lower and upper limits within which future project performance is expected to fall
under deep uncertainty for a pre-defined confidence level (e.g., 90 or 95%). The research is
the first attempt to use prediction intervals to solve deep uncertainty problems.

2. Background

A construction project will involve many decisions. From all decisions, construction
planning is the period between a contract being awarded and construction implementation;
this phase involves important decision making such as choosing a construction strategy,
determining the construction schedule, and arranging for the resources required for project
execution. Additional decisions, such as updates to the project plan, will be made during
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construction implementation based on the information about progress and adjustments [16].
Previous studies have suggested that the decisions made during construction planning
play a relatively significant role in the eventual success of a project [17]. The MacLeamy
curve also illustrated this relationship (see Figure 1). The construction planning phase
is associated with a relatively larger ability to influence project performance than later
phases in the project life cycle. As such, the level of influence on a project declines as the
construction implementation begins, and the cost of making changes increases after that.
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Figure 1. Schematic illustration of uncertainty and the influence of decisions throughout the project
life cycle, adapted from the Project Management Institute [18] and MacLeamy Curve [19].

However, the degree of uncertainty about the future state of the project is high at
early stages (see Figure 1); for this reason, project performance, e.g., project duration and
cost, is affected by a large degree of fluctuation, which arises from uncertainty [20]. Thus,
the uncertainty in early planning stages presents a challenge for assessing construction
performance and making informed decisions. In construction projects, contractors must
have the ability to evaluate how uncertainty will impact construction performance in order
to make the correct decisions on plans.

Many studies that have focused on assessing how uncertainty influences construction
performance treat uncertainty as a factor that is represented by random variables [8,21];
this is also termed aleatoric uncertainty. Most previous research has considered random
variables such as weather, labor productivity, material wastage, and more. When approach-
ing an uncertainty analysis, researchers often rely on predefined probability distributions
of uncertain factors; this enables the application of probability-based methods such as
Monte Carlo (MC) simulation and the Program Evaluation and Review Technique (PERT).
These methods are used to estimate the possible future state of uncertainty so as to as-
sess the possible construction outcomes [22,23]. However, a robust uncertainty analysis
requires data from sufficient similar projects or historical experience to obtain reliable
probability distributions [24]. In many situations this is either impossible or extremely
costly if it is only in the construction planning stage [10], which makes the probability-based
methods unapplicable.

In addition, recent research has found that construction projects are also exposed to
epistemic uncertainty [25], which is uncertainty arising from a lack of information and
knowledge [26]. The presence of epistemic uncertainty in construction can be explained
by the uniqueness of each project, i.e., prior projects and contractors’ experience are not
closely related to the characteristics of a novel and unique project [8]. In addition, no
observations of the actual construction are available during the construction planning stage.
As such, probability-based methods are not applicable to these types of situations [27].
As an example, Feng et al. [28] found that estimating the probability distributions for
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various sources of uncertainty could obscure the actual future state and, even worse, lead
to inaccurate performance estimations and biased decisions.

Therefore, the limited information available during the construction planning stage
means that the probability distribution of certain uncertain factors that influence project
implementation will be likewise uncertain. Walker et al. [12] divided the uncertainty system
into five levels according to the progressive degree of uncertainty. Within this taxonomy,
situations in which the probability distributions of uncertain factors are uncertain represent
a deep uncertainty problem. Previous studies have suggested that traditional, probability-
based methods will face challenges when applied to deep uncertainty problems [12,14].

Machine learning algorithms could be a promising solution for the deep uncertainty
problems described above. In previous studies, machine learning algorithms were suc-
cessfully applied to deal with construction performance modeling due to the advantage
in knowledge extraction and knowledge learning [29–31]. Furthermore, machine learning
algorithms have successfully quantified uncertainties from appropriately large datasets
without relying on probability distributions [32]. Hence, machine learning could be rele-
vant and promising to modeling deep uncertainty in construction planning. On the other
hand, construction simulation technologies can explore various construction scenarios and
obtain construction performance data, which—theoretically—can serve as a resource for
machine learning in extracting the construction performances of a project associated with
deep uncertainty. The present research was conducted to investigate the possibility of
integrating construction simulation technology and machine learning to model construction
performances affected by deep uncertainty.

3. Prediction Intervals Modeling Approach

The flowchart of the prediction interval modeling approach for construction plan-
ning is illustrated in Figure 2. As shown in Figure 2, the proposed approach consists of
two main modules—(1) construction sample generation and (2) performance uncertainty
modeling—and an auxiliary module, modeling optimization. Following the flowchart, the
possible construction performance range under deep uncertainty can be obtained during
the construction planning stage without relying on probability distributions.

In the proposed approach, the first module is construction sample generation, during
which the full information samples (FIS), including construction schemes, the state of
uncertain factors, and corresponding construction performances (e.g., duration and cost),
are obtained by discrete-event simulation (DES). The FIS are then imported into the second
module for uncertainty modeling.

The second module is performance uncertainty modeling, during which the fuzzy
C-means clustering and Bayesian regularization backpropagation neural network (FCM-
BRBNN) integrated method are proposed to compute the prediction intervals for construc-
tion performances. More specifically, the samples are first clustered by FCM according
to the features of construction schemes, with the baseline construction performance (i.e.,
average performance) of each sample modeled by the BRBNN algorithm. Next, prediction
intervals for the clusters and each individual sample are calculated based on the residual
errors between the baseline model outputs and the observed data, as well as the grade of
the memberships in the clusters. The final stage of this module applies another BRBNN
algorithm to explore the relationship between construction schemes and the corresponding
performance prediction intervals. The resulting prediction intervals for performances
(project duration and cost) by the developed BRBNN model can be used to reliably esti-
mate the construction performances of various alternatives by inputting new construction
schemes, without relying on probability distributions.

To increase the reliability (i.e., accuracy) and effectiveness (i.e., decision support) of
modeling, particle swarm optimization (PSO) is applied in the auxiliary module to identify
the optimal hyper-parameters for modeling from all possible settings, including the number
of clusters, the number of hidden layers, and the neurons in each neural network. The
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developed model is designed to be both reliable and effective in assessing the performance
and uncertainty of construction planning under deep uncertainty.

The following section will explain the three modules of the proposed approach
in detail.
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3.1. Construction Sample Generation

Process simulation technology is a useful tool for evaluating and predicting construc-
tion performance [33]. Process simulation during the planning stage of construction is
advantageous, as it enables project managers to explore various construction scenarios and
obtain the performance of every potential construction scheme. In the proposed method,
DES was used for construction simulation to generate big datasets of full information
samples (FIS) for subsequent uncertainty modeling due to its advantages in efficiently
capturing how uncertainty influences construction schemes, as well as the interactions
between construction processes [34].

In this study, the procedure for the DES-based construction process simulation is
adapted from Tolk and Turnitsa [35] and Mohamed and AbouRizk [36], and it is presented
in more detail in Figure 3. The basis for the simulation model is constructing a relationship
between the real world, the concept world, and the simulation world. In this study, the
real world is the real construction process, the conceptual world is the applied set of
construction processes, and the simulation world is the computer model created from the
conceptual model. The first step of the simulation model is conducting a detailed analysis
of which construction processes will occur in the real world and collecting information
related to the construction project, after which the purpose and scope of the construction
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process simulation will be identified. Following this step, an ontology-driven method [37]
is used to map the construction processes, while the Component, Action, Resource, and
Sequencing model (CARS) proposed by Fischer et al. [38] is adopted to detail the logics
of construction for the conceptual model. The DES simulation model of construction
processes can then be created on a computer platform based on the conceptual model, and
the model is considered validated if the simulation results statistically agree with the actual
construction project.
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When developing the DES model, the construction parameters and uncertain factors
are input into the simulation model to obtain the corresponding construction performances
(e.g., project cost and duration, among others). In this study, for the deep uncertain
factors which do not have reliable probability distributions, the possible value range, rather
than the precise probability distribution, will be input into the DES model. The possible
value range depends on the prior information related to the uncertainty and the decision
maker’s judgement on the degree of uncertainty. Specifically, when decision makers deal
with a problem having a high degree of deep uncertainty and are not confident in their
estimates of uncertainty based on historical experience, the value range can be expanded
appropriately; otherwise, it can be relatively small. Thus, compared with the probability-
based methods, the introduction of a value range does not require more data to fit the
probability distribution, which is more applicable to construction planning, and it does
not require the assumption of the probability distribution and can thus avoid inaccurate
performance estimations and biased decisions due to the incorrect assumption of probability
distributions [15].

The construction performance simulated by the DES model, along with the construc-
tion schemes, constitute the full information samples (FIS) that will be transferred to the
performance uncertainty modeling module and divided into three datasets in line with
standard statistical learning protocols [39], namely, training, validation, and testing sets.
The size of the full information samples (FIS) is determined by the accuracy of the modeling
of the next module, which will be explained in detail in Section 4.3.

3.2. Performance Uncertainty Modeling

In the module of performance uncertainty modeling, the relationships between con-
struction schemes and their performance will be extracted from the large FIS datasets.
The extracted knowledge will then be used to model the construction performance and
corresponding uncertainty in the deep uncertainty situation. As a result of deep uncer-
tainty, theoretically, the assessment of construction performance will not provide a precise
value. Therefore, the outcome of the second module is represented by prediction intervals
(PIs), which describe uncertainty by specifying the lower and upper limits within which
construction performance is expected to fall for a pre-set confidence level. A more detailed
description of the statistics underlying PIs is provided by Shrestha and Solomatine [32] and
Heskes [40].
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A method that integrates fuzzy C-means clustering (FCM) and Bayesian regularization
backpropagation neural networks (BRBNNs) is used in this study to obtain the PIs of
construction performance. First, the BRBNN is applied to determine the relationship
between the construction schemes and performance in the baseline prediction model. Then,
FCM is used to cluster the sample according to the construction scheme and uncertainty
features; the PIs of each cluster and sample are then calculated based on the residual
errors between the baseline model and actual performance and the membership grade of
the sample to the clusters. After obtaining the PIs for each sample, the BRBNN is used
again to directly map the PIs to the construction scheme; this enables project managers
to infer the construction performances at the planning stage without knowing precise
probability distributions. The following sections will describe the presented methodology
for supporting decision making under deep uncertainty in more detail.

3.2.1. Baseline Prediction Model

The baseline prediction model presented in this paper will use the full information
samples (FIS) to infer how the tested construction schemes map to the baseline construction
performance. In this model, baseline means that the mapping is inferred with average
values and without considering the influence of uncertainty. To extract the relationship
between construction schemes and their performances, various modeling techniques have
been proposed, among which the artificial neural network is a powerful and ideal tool
due to its accurate learning ability in the construction context [41]. BRBNN is a widely
used artificial neural network with excellent generalization ability [42]. Foresee and Ha-
gan [43] claimed that the introduction of Bayesian regularization in a backpropagation
neural network further extends the generality of an artificial neural network. Based on the
characteristics and advantages presented above, BRBNN was chosen as the learning algo-
rithm in the model to determine the potential relationship between construction schemes
and performances. The overall structure of the BRBNN in the baseline prediction model is
represented in Figure 4.
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As shown in Figure 4, the BRBNN consists of three layers or more: an input layer;
a number of hidden layers; and an output layer. Each layer is composed of numbers
of neurons which are connected by weighted links to transfer the information between
layers [44]. In this study, the neurons in the input layer are the construction parameters
which represent the various schemes, such as the different types and the number of con-
struction resources, while the output neurons describe the construction performance (e.g.,
duration and cost). The number of hidden layers and their neurons determines the depth
and complexity of the BRBNN model. Increasing the number of hidden layers and their
neurons minimizes the difference between the observed data and the modeled output but
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reduces the generalization ability and may lead to an overfitting problem [41]. Thus, in
this study, the optimal selection of the above two parameters is identified by the intelligent
optimization method, which will be explained in detail in the Section 3.3.

After the BRBNN learning process, a target function describing the relationship be-
tween input and output variables will be obtained. Based on the function, the potential
connections among construction schemes and corresponding baseline performances can
be directly modeled. According to Bengio [45], the basis of BRBNN is represented as
Equations (1) and (2).

a(j+1)
i = g(

Kj

∑
k=0

Θ(j)
ik a(j)

k ), (1)

g(z) =
1

1 + e−z , (2)

where a(j)
i represents the activation of unit i in layer j, and a(j)

0 = 1 represents the bias value.

Kj is the number of units in layer j, Θ(j)
ik is the weight mapping from unit k in layer j to unit

i in layer j + 1, and g(·) is the activation function of neural networks.
The BRBNN improves the generalization ability of the learning model by introducing

an additional regularization term into the cost function. The regularized cost function is
represented as Equation (3) [46].

J(Θ) = αED + λEΘ, (3)

where J(Θ) is the regularized cost function, ED is the squared sum of the residuals between
the model outputs and observed data, EΘ is the squared sum of the weights in the network
(the weight of the bias value is excluded), and α and λ are the regularization parameters.

In the BRBNN, the weights of the network are random variables, and their prior
probability distribution is assumed to be Gaussian at the start of the analysis. When the
output of the network is obtained, the posterior distribution of the weights will be updated
according to Bayes’ rule [47] (see Equation (4)).

P(Θ|D, α, λ, H) =
P(D|Θ, λ, H)P(Θ|α, H)

P(D|α, λ, H)
, (4)

where H is the network model, Θ is the network weight, D is the training set of the network
model, P(Θ|α, H) is the prior distribution of the network weight without training set data,
P(Θ|D, α, λ, H) is the posterior distribution, P(D|Θ, λ, H) is the likelihood function, and
P(D|α, λ, H) is the normalization factor.

After determining the weight value that maximizes posterior probability, the param-
eters α and λ will be optimized according to Bayes’ rule [47] (see Equation (5)); more
specifically, the values of α and λ will maximize the posterior probability given the most
probable network parameters. The network will continue to be trained using α and λ until
convergence is achieved.

P(α, λ|D, H) =
P(D|α, λ, H)P(α, λ|H)

P(D|H)
, (5)

where P(α, λ|H) and P(α, λ|D, H) are the prior and posterior distributions of α and λ, re-
spectively, P(D|α, λ, H) is the likelihood function, and P(D|H) is the normalization factor.

3.2.2. Sample Clustering

In this study, the assessment of project performance is the prediction interval (PI)
within which future performance is expected to fall. This interval is used to represent the
expected project performance under deep uncertainty at the construction planning stage,
before construction begins, and extensive project-related data are available. According to
statistical theory, the samples with similar features have similar uncertainty characteris-
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tics [32]. Thus, the uncertainties of construction schemes in the same cluster will show a
higher degree of similarity. Hence, the presented method will partition the construction
schemes into a number of homogenous clusters that are based on construction parameters
and identify the uncertainty performance of each sample through the uncertainty of the
clusters. Clustering methods can be divided into hard clustering and fuzzy clustering
depending on whether a sample belongs to strictly one cluster or not [48]. Previous studies
have found that the boundaries between things in most cases are not distinct, which makes
the fuzzy clustering method more flexible than the hard clustering method [48,49]. Fuzzy
C-means (FCM) is one of the most popular fuzzy clustering methods; it has been widely
applied to solve clustering problems in data mining [50]. In light of this, the fuzzy C-means
(FCM) method is introduced to objectively establish the similarity among construction
scheme samples and make fuzzy clusters.

The FCM method was initially proposed by Dunn [51] and then extended and gener-
alized by Bezdek [52]. The purpose of the FCM method is to obtain a fuzzy partition which
minimizes the cost function, as formulated in Equation (6). The procedure of finding the
minimum is an iterative process, in which the parameters are constantly updated according
to the constraints of Equations (7) and (8) until the termination condition is met, i.e., the
cost function or the membership grade become stable.

Jm =
N

∑
i=1

C

∑
j=1

um
ij ‖xi − cj‖2, (6)

cj =

N
∑

i=1
um

ij xi

N
∑

i=1
um

ij

, (7)

uij =
1

C
∑

k=1
(‖xi − cj‖/‖xi − ck‖)2

, (8)

where xi is the ith construction scheme sample, cj is the center of the jth cluster, uij is the
membership grade of the ith sample in the jth cluster, ‖•‖ is the Euclidean norm, and m is
the weighting exponent, which is a constant in [1, ∞].

3.2.3. Prediction Interval Calculation and Modeling

The prediction interval (PI) for each cluster is calculated based on the residual errors be-
tween the outputs from the baseline model and the corresponding observed data. To obtain
a PI with the pre-set confidence level α× 100%, the (1− α)/2× 100 and (1 + α)/2× 100
percentile values of the residual errors are chosen for the lower and upper prediction
intervals, respectively. Thus, all construction samples are first sorted in ascending order
based on the residual error. The lower and upper prediction intervals for each cluster are
then calculated using Equations (9) and (10), respectively [32].

PICl
k = ei s.t.

i

∑
h=1

uhk <
1− α

2

n

∑
h=1

uhk, (9)

PICu
k = ej s.t.

j

∑
h=1

uhk < (
1 + α

2
)

n

∑
h=1

uhk, (10)

where PICl
k and PICu

k represent the lower and upper prediction intervals for the kth cluster,
respectively, uhk is the membership grade of the hth sample in the kth cluster, i and j are the
maximum values that satisfy the corresponding inequality function, and ei and ej are their
residual errors.
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After calculating the PI for the clusters, the lower and upper prediction intervals (PIl
i

and PIu
i ) for each sample can be obtained based on the membership grade of the sample to

each cluster [53] (see Equation (11)).

PIl
i =

C

∑
j=1

uij × PICl
j PIu

i =
C

∑
j=1

uij × PICu
j , (11)

Next, the PI for each sample can be obtained based on the prediction limits, which are
calculated through Equation (12). As such, the estimation of the construction performance
of the construction scheme is obtained.

PILl
i = Bi + PIl

i PILu
i = Bi + PIu

i , (12)

where PILl
i and PILu

i are the lower and upper prediction limits of the ith sample, respec-
tively, and Bi represents the baseline value of the ith sample, which is obtained from the
baseline prediction model.

At the end of the performance uncertainty modeling module, the BRBNN is used again
to construct the mapping functions that describe the relationship between the construction
scheme and the PI of the corresponding construction performance. In this way, the model
can directly provide the PIs of construction performances for any new construction schemes
during the construction planning stage, which is valuable for decision makers in estimating
project outcomes and making informed decisions in this preliminary phase.

3.3. PSO-Based Modeling Optimization

The modeling optimization module is an auxiliary module that can be used to identify
the optimal hyper-parameters for construction performance and uncertainty modeling; this
information can then be used to construct a model with a high reliability and effectiveness.
The prediction interval coverage probability (PICP) and mean prediction interval (MPI) are
two widely used indicators for evaluating a PI-based prediction model which are used as
the objectives of the optimization. The PICP is the proportion of observed data which falls
within the prediction interval, defined as Equation (13) [32]. Usually, a reliable uncertainty
quantification model can predict an actual output with a defined confidence level (α, e.g.,
90 or 95%). Therefore, a model that demonstrates a high reliability will have a small
difference between the PICP and the confidence level. The other indictor, MPI, reflects
the degree of concentration of the lower and upper interval limits, and it is defined as
Equation (14) [32]. Thus, a large MPI means that the intervals of the prediction model are
too wide for supporting useful decisions, while a relatively small MPI will better support
decision making. In summary, prediction intervals usually need to be widened to increase
the model’s reliability, but the wider intervals will reduce the effectiveness of decision
making, and vice versa. Thus, the prediction model optimization is a multi-objective
optimization problem with the trade-off targets of reliability (PICP) and effectiveness (MPI).

PICP= (1/N)×
N

∑
i=1

Ti Ti =

{
1 PILl

i ≤ CFi ≤ PILu
i

0 PILl
i > CFi or CFi > PILu

i
, (13)

MPI= (1/N)×
N

∑
i=1

(PILu
i − PILl

i) (14)

where N is the total number of samples, CFi is the actual construction performance of the
ith sample, Ti = 1 is the actual value of the ith sample which falls in the prediction interval,
and PILl

i and PILu
i are the lower and upper prediction limits of the ith sample, respectively.

Particle swarm optimization (PSO) is an optimization tool with efficient global search
capability effectiveness. A previous study [54] found that the PSO algorithm outperforms
the genetic algorithms, memetic algorithms, and ant-colony optimization in searching
for optimum solutions in terms of the success rate, solution quality, and processing time.
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The PSO algorithm has been widely used in neural networks to handle hyper-parameters
optimization problems [55]. Therefore, the PSO is applied in this study to identify the
optimal hyper-parameters due to its characteristics. The hyper-parameters of the proposed
approach include the number of clusters (p1), along with the number of hidden layers and
neurons in both the baseline prediction model (p2, p3) and the prediction interval model
(p4, p5). Thus, in the PSO algorithm, each particle represents one possible combination of
these model settings (p1 to p5). The objectives of PSO are the reliability and effectiveness of
the PI model, which are defined as f 1 and f 2 [32] (formulated in Equations (15) and (16)).
Based on the previous studies [56–58], the constraints for p1 to p5 are set as Equation (17).

f1(p1, p2, p3, p4, p5) =min{|PICP− α|}, (15)

f2(p1, p2, p3, p4, p5) =min{MPI}, (16)

s.t. 2 ≤ p1 ≤ 50
1 ≤ p2 ≤ 6

2 ≤ p3 ≤ 10
1 ≤ p4 ≤ 6

2 ≤ p5 ≤ 10

(17)

The PSO procedure is an iterative loop (see Figure 2). When the PSO procedure
starts, the first iteration of the particle swarm is randomly assigned from a possible hyper-
parameter combination, and the corresponding f 1 and f 2 are obtained through the pre-
diction model. The reliability (f 1) and effectiveness (f 2) will be used during the fitness
evaluation of the optimization algorithm to support further solution searching by PSO
particles. If the fitness evaluation of the new hyper-parameter solution is better than the
present local best, the swarm’s global and local best information will be updated. Based
on the updated global and local best information, the new velocities for each particle are
calculated, and the position (new solution) of each particle is calculated based on the
new velocity and their previous positions. The above steps will be repeated to identify
optimal hyper-parameters until either the optimization threshold or maximum iterations
are reached.

4. Method Application and Results
4.1. Case Information

The proposed construction planning modeling approach was applied to assess the du-
ration, cost, and associated uncertainty of a prefabricated (PC) and cast-in-situ (CS) hybrid
construction project. The case project is located in Shenzhen, China and includes three resi-
dential buildings. The prefabrication rate of this construction project is approximately 50%,
as the external walls, internal walls, beams, slabs, balconies, and stairs are prefabricated,
and the other components are cast in situ. As this project represents hybrid prefabricated
and cast-in-situ construction, which is a new construction technology for local practices, the
experience and data from similar previous projects are too limited to support developing
the probability distributions of uncertain factors. For example, the workers’ skills and
competencies may be inconsistent with the manager’s expectations due to the unfamiliarity
with hybrid construction. There is no available information that can be used to describe
the uncertain skills and competencies. This may lead to a large discrepancy between the
expected and actual performance for uncertain factors. Moreover, the case project is located
in the southeast coastal area of China, which has recently been affected by extremely un-
certain weather conditions that can significantly influence construction performance. For
example, it would be challenging to obtain the precise probability distribution of coastal
typhoons, as it has shown obvious year-to-year fluctuations recently [59]. In summary,
the case project is affected by deep uncertainty, as the reliable probability distributions of
certain factors are unable to be obtained during the planning stage. Therefore, the case
project at the planning stage is suitable for validating the proposed approach, which uses
prediction intervals to solve the deep uncertainty problem.
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In the case study, the construction of the standard floors of the main structure was
selected to test the proposed approach. The process of standard floor construction was
determined from on-site observations and a careful review of the design and construction
documents (see Figure 5). As shown in Figure 5, the process involves various intertwined
cast-in-situ and prefabricated construction tasks and the associated supply chains. There-
fore, the decision making during the construction planning of the case project should take
into account the impact of interacted hybrid construction processes on efficient construction.
As illustrated in Figure 5, PC components should be delivered to the construction site on
time and pass the quality inspection before hoisting and installation; otherwise, they will
be returned. In addition, PC components need to be installed in accordance with the pre-
scribed sequence of an external wall, internal wall, beam, slab, etc., and a certain percentage
of PC components and temporary supports needs to be adjusted during installation if they
are not assembled accurately. More complicated than conventional construction, in the case
project construction, all the PC components, CS rebar, and formwork of the floor must be
completed before the concrete pump begins, and the CS concrete on this floor has to be
cured for 12 h before the construction of the next floor can be started.
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The existence of uncertainty factors in the case project will impact the construction
performance. According to the interview with the project manager, the working productiv-
ity, material wastage rate, and weather are the main uncertainties significantly affecting
construction performance due to the characteristics of the construction project. In addition,
due to the limited relevant information from similar previous projects, the reliable proba-
bility distribution for the above-mentioned types of factors cannot be obtained. Thus, the
uncertainty factors that satisfy the above-mentioned two conditions will be considered in
the case application to validate the ability of the proposed approach to model construction
performance under deep uncertainty. The deep uncertainty factors involved in the case
project are shown in Table 1. In the proposed method, the likely ranges of the values
of these factors, instead of precise probability distributions, were used as inputs in the
proposed approach to describe the possible future states of the uncertain factors. The possi-
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ble ranges of values were based on information from several cross-validated references,
including historical data, on-site tests, managers’ judgements, and equipment properties.
The following section will present the deep uncertainty factors of the case project in detail.

Table 1. Deep uncertainty factors in the case construction project.

Name Unit Range Reference(s)

Fluctuations of WP of CS components rebar installation % −10–10% Managers’ judgement
Fluctuations of WP of CS concrete pump % −10–10% Equipment properties
Fluctuations of WP of CS components formwork
installation % −10–10% Managers’ judgement

WP of PC unload min 7.3–9.3 Equipment properties and on-site test
WP of PC vertical transportation min 20.3–22.3 Equipment properties and on-site test
Number of typhoon occurrence times 1–6 Shanghai Wind Chaser Team [59]
WR of concrete-related material % 5.5–12.5% Tam et al. [60]; Managers’ judgment
WR of steel-related material % 5–10.5% Tam et al. [60]; Managers’ judgment

Note: WP stands for Working Productivity rate, and WR stands for material Wastage Rate.

Working productivity is a deep uncertainty factor during the construction process and
can directly affect both the project cost and duration. In this case project, working produc-
tivity may be heavily influenced by interactions between hybrid construction processes,
which makes it a deep uncertainty factor. For example, the installation of PC components
should be completed before concrete pumping begins. However, if the PC components fail
the quality check, a portion of them will be returned, which will delay PC installation; as a
result, concrete pouring will undoubtedly be affected, but local construction experience
does not have similar prefabricated and cast-in-situ hybrid projects. Thus, rather than
determining a precise probability distribution of working productivity, the possible range
was appropriately enlarged on the basis of previous experience. In this case project, the
basic productivity of equipment and labor is determined by the type of equipment and the
size of the labor force in the construction scheme, respectively. The fluctuation that is used
to describe the uncertainty of the working productivity can be inferred from the equipment
properties and managers’ judgement.

In addition, as the case project is located in the southeast coastal area of China, the
occurrence of typhoons is another uncertain factor. According to statistical data, the
variation in typhoon occurrence has become unreasonably significant in recent years [59].
Hence, rather than using a probability distribution, the range for the possible number of
typhoon occurrences was used to represent its uncertainty.

The material wastage rate is also a key uncertain factor for the assessment of construc-
tion performance. It should be noted that material wastage rates will be strongly influenced
by the errors, and the resulting additional work, of unskilled workers [61]. In the case
project, the level of experience and competence related to hybrid processes is both limited
and difficult to estimate. Thus, material wastage was considered a deep uncertainty factor,
and the likely range was determined by cross-validation of the managers’ judgment and
previous relevant research [60].

During the construction planning of the case project, the construction schemes include
various aspects which are determined by the hybrid construction characteristics of the case
project. As shown in the construction process logic (Figure 5), the construction activities
were influenced by the equipment, materials, and labor resources. The efficiency of the
equipment and labor, the timeliness of the material supply, and the availability of the
workspace will affect the duration and cost of construction. Therefore, the decision makers
of the case project should comprehensively consider the impact of the above-mentioned
construction parameters on construction performance and make appropriate choices. After
retrieving construction documents and discussing with the project managers, the possible
construction schemes of the case project were determined (see Table 2).
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Table 2. The possible construction schemes of the case project.

Construction Parameter Original Scheme Possible Schemes Remarks

Number of trucks for PC wall 12 trucks 8–12
30 t, 12.3 m × 2.5 m, 37 L
diesel/100 km, time (min):
Uniform (100, 120)

Number of trucks for PC slab 3 trucks 3–5 See above

Number of trucks for PC beam 1 truck 1–2 See above

Transportation mode
Transportation-
storage-hoisting

Just-in-time (JIT) Supply chain without on-site
storage

Transportation-
storage-hoisting

Store one floor of PC
component on-site

Number of concrete pumps 2 pumps 1–3

Type of concrete pump HBT6013C-5

HBT6013C-5 75 kW, 70 m3/h

HBT8016C-5 132 kW, 85 m3/h

HBT6006A-5 90 kW, 65 m3/h

Number of construction lifts 3 SC200/200 lifts 1–3 66 kW, 2 × 2 t

Crane type

STT293 STT293

Hoist time (min):
CS = Uniform (5.8, 9)
Hoist motors power (kW):
PC = 55.6, CS = 36.03.

XCP330HG7525-16

Hoist time (min):
CS = Uniform (5.7, 9.1)
Hoist motors power (kW):
PC = 49.8, CS = 32.2

XGT8039-25

Hoist time (min):
CS = Uniform (5.8, 8.5)
Hoist motors power (kW):
PC = 58.1, CS = 37.6

XGT500A8040-25

Hoist time (min):
CS = Uniform (5.3, 8)
Hoist motors power (kW):
PC = 74.7, CS = 48.4

Number of PC installation workers 80 workers Up to 80

Number of rebar processing workers 40 workers Up to 40

The case project has a prefabrication rate of around 50%, which includes prefabricated
external walls, internal walls, beams, slabs, balconies, and stairs; this entails a variety
of offsite transportation activities. Thus, the number of PC trucks is a parameter that
influences the supply chain and, as such, needed to be decided. In addition, the storage
mode of PC components is an important aspect that influences the supply chain. The first
supply chain mode is on-site storage, in which one floor of PC components is stored at
the construction site before being hoisted and installed, while another option is just-in-
time (JIT) delivery, i.e., the PC components are hoisted and installed immediately after
transportation to the site. The storage mode can reduce the risk of a late delivery of
components, while JIT can avoid extra re-transportation and the cost of on-site storage [62].
Second, because the main structure includes approximately 50% cast-in-situ construction,
the number and type of concrete pumps related to this construction process were taken into
account. Furthermore, many lifting operations will be required throughout construction;
therefore, the schemes must consider the required amount and type of construction cranes
and lifts. Lastly, labor constitutes a large part of the construction cost, and the utilization of
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labor greatly influences the construction productivity [63]. As a result, the size of the labor
force was also considered when drafting the schemes.

In the following sections, the prototype of the proposed prediction intervals mod-
eling approach will be developed and model the construction performances of various
construction planning schemes (specified in Table 2) under the deep uncertainty (specified
in Table 1). In the prototype of the approach, the DES simulation was developed within the
Simio™ (Version 10), and the uncertainty modeling and PSO-based modeling optimization
were conducted in the computer programming platform for calculation.

4.2. Case Project: Construction Sample Generation

In this section, the full information samples (FIS), including the possible construction
schemes of the case project and their corresponding cost and duration associated with
deep uncertainty, will be generated. The construction schemes and uncertain factors will
be input into a DES model, which will simulate the construction process to obtain the
duration and cost of each scheme under the uncertainty. The DES model of the case project
was developed according to the procedure shown in Figure 3. Information that is relevant
to the simulation of standard floor construction, including the construction tasks, the
associated resources (see Table A1 in the Appendix A), and the construction logic flow
(see Figure 5), was developed in the DES model. The workload of each task was obtained
from the construction documents, the quantity take-off documents, and the building design
documents. The prices of the materials, equipment, and labor were determined from the
Construction Engineering Quota (CEQ) from the local Shenzhen province [64] as well as
Chinese national level data [65] (see Table A2 in Appendix A).

Prior to the simulation, the DES model was validated by the input–output validation
method proposed by Banks [66]. The planned construction schemes (based on construction
documents) served as the inputs, while the outputs were the original planned construction
performance and simulation outcomes from 100 replications based on previous research on
construction [28]. The planned and simulated outputs were then compared to validate the
accuracy of the DES model (see Table A3 in the Appendix A). Many of the parameters in the
construction simulation model follow non-normal distributions; the Wilcoxon signed-rank
test was thus applied to compare the differences between the simulated and actual value, as
the test does not require assumptions on the form of the population distribution [67]. The
Wilcoxon signed-rank test determines whether two dependent samples were selected from
populations with the same distribution by comparing the equality of the medians of the two
populations, because the median is more robust than the mean when faced with outliers [68].
The test result of the case project, which was 0.242 (Table 3), exceeds the 0.05 significance
level and indicates that there was no statistical difference between the simulated and
actual values at the 95% confidence level. Following the above-mentioned testing, the final
construction performances were also tested. After 100 simulations, the average duration of
the project was 6955 h, which differed from the actual planned construction time (6792 h)
by 2.4%. Regarding cost, the simulation provided a value of CNY 11,460,252, which
represented a 0.27% discrepancy in relation to the actual planned cost (CNY 11,490,962).
The presented test results demonstrate that the created DES model was valid for simulating
the construction process of the case project and providing outcomes with an acceptable
margin of error.

Table 3. Wilcoxon signed-rank test results.

Null Hypothesis Test Result Decision

There is no difference
between the median values

for the real construction data
and the simulation

Wilcoxon
signed-rank test 0.242 Retain the null

hypothesis
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After the validation of the DES model, the construction schemes and uncertain factors
were input into the DES model to obtain the corresponding duration and cost of the case
project. The FIS consists of the construction schemes and construction performance, some
of which are shown in Table A4 in the Appendix A. The FIS serves as inputs for the second
module, performance uncertainty modeling, which consists of training, validation, and
testing sets. The FIS size is determined by the accuracy of the modeling, which is explained
in detail in Section 4.3, and the sample size ratio of the training to validation is 7:3, while the
testing set included 120 additional randomly generated samples. The relationships between
the construction planning schemes and the uncertainty of construction performance can
then be inferred based on these samples.

4.3. Case Project: Performance Uncertainty Modeling and Validation

This section will demonstrate how the fuzzy C-means clustering and Bayesian reg-
ularization backpropagation neural network (FCM-BRBNN) integrated approach can be
used to compute and model the prediction interval (PI) of construction performance under
deep uncertainty. The proposed BRBNN-FCM method is trained by the training set and
improved by the validation set, after which the general performances (i.e., the prediction
interval coverage probability and the mean prediction interval) are assessed using the
testing set.

To enhance the accuracy of modeling, a reasonable number of samples for the BRBNN-
FCM training set was first determined by comparing how the number of samples was
related to the quality of the results. The results with a large prediction interval cov-
erage probability (PICP) and small mean prediction interval (MPI) are of high quality.
Figures 6a and 7a show the training results for different sample sizes for duration model-
ing and cost modeling, respectively. In Figures 6 and 7, the horizontal coordinates represent
the difference between PICP and defined α (confidence α = 0.95 in the case project), and
the vertical coordinates represent the MPI. Thus, as can be seen in Figure 6a, 4000 samples
provided the best optimization results in the duration prediction model because its Pareto
options perform better than the other sample sizes, i.e., with a lower MPI and lower
|PICP− α|. As such, the number of samples for the BRBNN-FCM training set for duration
modeling is determined as 4000. After determining the sample size, the swarm population
and the number of iterations are adopted from previous research, in which a swarm of
30 particles and 200 iterations performed well in a construction planning application [69].
As demonstrated in Figure 6b, the BRBNN-FCM with this setting obtained actual multi-
objective optimal solutions. Regarding the cost prediction model, 2000 samples provided
the best optimization results (see Figure 7).

The optimal hyper-parameters of the duration model were determined by PSO in the
auxiliary module of the proposed approach (see Figure 2). When considering the PICP and
MPI, settings of 12 clusters (p1), 2 hidden layers (p2), and 6 neurons (p3) were chosen for
the baseline prediction model, while 2 hidden layers (p4) and 9 neurons (p5) were chosen
for the prediction interval model. The corresponding optimal hyper-parameters (p1–p5) for
the cost model were 21, 2, 7, 5, and 3, respectively.

The duration and cost models were finally tested using the testing set. The results
demonstrated that the modeling approach produces a reliable PI for construction planning
(Figure 8). More specifically, the modeling produced a PICP of 94.17% and an MPI of
9.89 × 102 (h) when applied to the project duration purpose. The modeling yielded a
PICP of 93.33% and an MPI of 1.13 × 106 (CNY) when applied to the project cost purpose.
Both PICP values were close to the defined 95% confidence level, while the MPI was
two orders of magnitude smaller than the performance values (i.e., the modeled fluctuation
is 1~9%). These results provide evidence that the proposed method can provide a reliable
and effective PI for the construction performance of construction schemes, supporting the
decision making of construction planning in situations of deep uncertainty.
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obtained with different sample sizes; (b) Pareto front obtained with the optimal sample size.
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Figure 8. Construction performance prediction intervals for testing samples: (a) Testing for project
duration; (b) Testing for project cost.

4.4. Case Project: Decision-Making Results for Construction Planning

The proposed approach is innovative in using prediction intervals to model the
deep uncertainty problem. This section will describe how the proposed approach can
be used to estimate the construction duration and cost of the case project under deep
uncertainty and support related decision making during construction planning. A to-
tal of 30 construction schemes (see Table A5 in Appendix A) were randomly generated
based on the applicable construction methods presented in Table 2. All of the schemes
in Table 2 were discussed and adjusted with the on-site construction manager to en-
sure that they are reasonable. These 30 schemes were input into the validated predic-
tion model; this yielded both the baseline value and the prediction interval (PI) for the
project duration and cost (see Figure 9). For example, for construction scheme 10 (see
Table A5 in Appendix A), which selects 54 PC workers, 32 CS workers, 9 wall trucks, 5 slab
trucks, 1 beam truck, 3 construction lifts, 1 HBT6013C-5 pump, 1 XGT8039-25 crane, and
1 Transportation-storage-hoisting model, the estimations of the construction performance
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under deep uncertainty are 10,426–11,416 h in duration and CNY 1.36 × 107–1.48 × 107

in cost, respectively. Thus, the results demonstrated that the proposed approach can be
used to assess the construction performances of various construction schemes during the
planning stage of projects affected by deep uncertainty.
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Based on the PIs provided by the proposed approach, the decision makers can make
their choices for construction planning by efficiently comparing various schemes. A man-
ager must make many choices during the planning stage, incorporating the selection of
construction equipment, the labor, the mode of the supply chain and more. Various options
for each of these factors results in a great deal of alternative construction schemes. The
most widely used method for selecting the optimum construction schemes is simulating
the performance of every scheme and then making a decision based on performance com-
parisons [70,71]. However, vast construction schemes mean they will require significant
simulations and a high computing load, especially when repetitive simulation is needed
under uncertain conditions [72,73]. The current results, illustrated in Figure 9, demonstrate
that the proposed approach enables the efficient comparison of numerous schemes because
of the developed real-time feedback machine learning model.

When considering the duration objective, scheme 1 shows the smallest lower and
upper limits for the project duration (Figure 9). This represents that scheme 1 will yield
a project simulation with the lowest duration under deep uncertainty. When considering
the cost objective, scheme 4 shows the smallest lower and upper limits. Thus, scheme
4 is the best selection regarding the project cost. As the analyzed optimization problem
represents a trade-off between duration and cost (see Table 4), the decision makers can
choose the scheme that best matches their own preferences towards project cost and
duration objectives.

In addition, if the decision makers are not ready to make a final decision based on
the results of the modeling, the proposed approach can also help eliminate some schemes
with unacceptable expected performance. For example, if the cost budget of the project
cost is CNY 16.5 million (indicated by the red dashed line in Figure 9), then construction
schemes 21–24 and 27–30 can be eliminated (see Figure 9 and Table 4). This is because even
the lower limits for the cost of all mentioned samples exceed the expected cost, i.e., there is
a 95% possibility of failure when choosing these schemes. These results suggest that the
proposed approach provides PIs that contain valuable information for decision making
based on comparisons of the optimal and expected performance of numerous schemes.



Buildings 2023, 13, 254 20 of 30

Table 4. Construction performance means and prediction intervals for selected and eliminated
samples.

Schemes
Selected Eliminated

1 4 21 22 23 24 27 28 29 30

No. of PC
workers 74 42 19 76 63 23 20 39 28 39

No. of CS
workers 31 28 26 5 10 30 15 5 5 3

No. of wall
trucks 8 9 11 9 11 11 8 12 10 9

No. of slab
trucks 5 5 4 4 4 3 5 5 5 3

No. of beam
trucks 1 1 2 2 1 2 1 1 1 2

No. of pumps 1 1 3 1 3 3 3 1 1 2

No. of lifts 2 1 2 3 3 2 3 1 2 1

Transportation
mode 1 1 0 0 1 0 1 0 0 0

Crane type 2 1 1 2 4 4 3 4 4 2

Pump type 2 2 1 3 3 2 2 1 1 3

Duration_L (h) 6010.546 6745.126 12,522.3 12,642.62 12,706.28 13,070.76 13,770.78 17,458.65 17,943.48 18,457.86

Duration_U (h) 6999.461 7735.033 13,512.83 13,629.64 13,693.77 14,061.37 14,760.17 18,446.74 18,931.84 19,445.85

Duration_A (h) 6505.003 7240.079 13,017.56 13,136.13 13,200.03 13,566.07 14,265.48 17,952.7 18,437.66 18,951.85

Cost_L (CNY) 9.94 × 106 9.88 × 106 1.70 × 107 1.73 × 107 1.71 × 107 1.69 × 107 1.85 × 107 1.81 × 107 1.98 × 107 2.38 × 107

Cost_U (CNY) 1.11 × 107 1.10 × 107 1.81 × 107 1.85 × 107 1.82 × 107 1.80 × 107 1.97 × 107 1.92 × 107 2.09 × 107 2.49 × 107

Cost_A (CNY) 1.05 × 107 1.04 × 107 1.75 × 107 1.79 × 107 1.77 × 107 1.75 × 107 1.91 × 107 1.87 × 107 2.03 × 107 2.43 × 107

Expected performance: Cost: CNY 1.65 × 107

Note: Transportation modes 0 and 1 are Just-in-time and Transportation-storage-hoisting, respectively; Crane
types 1, 2, 3, and 4 are STT293, XCP330HG7525-16, XGT8039-25, and XGT500A8040-25, respectively; Pump types
1, 2, and 3 are HBT6013C-5, HBT6006A-5, and HBT8016C-5, respectively. L, U, and A denote the lower limit,
upper limit, and average value, respectively; the Italic values are mentioned indicators to select and eliminate
possible schemes.

5. Method Discussion

This section provides a further discussion of the proposed approach, including two
aspects. The first was to analyze the impact of specific construction parameters on con-
struction performance and uncertainty, which is valuable for managers in focusing on the
key parameters that affect construction performance and making informed choices of the
parameter selection. The second aspect of the discussion was to substantiate the advantages
of the proposed approach by comparing it with the previous method.

5.1. The Impact of Specific Construction Parameters on Construction Performance and Uncertainty

The proposed approach can reveal hidden connections between specific parameters
variation and patterns of uncertainty in construction performance. As such, the predic-
tion interval approach could complement conventional construction parameters analysis
methods in analyzing the effect of construction parameters on performance uncertainty
so as to help decision makers grasp their impacts on project performance under deep
uncertainty. In the case project, the labor force arrangement for precast (PC) and cast-in-situ
(CS) construction processes is a key parameter for construction planning. An effective
combination of the labor force for different tasks is crucial to smooth hybrid construction.
To analyze the influence of this key parameter on construction duration, the number of PC
and CS workers, along with the average project duration and related PI obtained from the
prediction model, were input into a power regression model to find their relationships (see
Figure 10a). The results show that the labor force not only affects the average duration but
may also impact the performance uncertainty, represented by PI. As such, a wider PI range
denotes a higher level of uncertainty. The relationship between the number of workers and
the width of the PI range was determined using a linear regression model (see Figure 10b).



Buildings 2023, 13, 254 21 of 30

Buildings 2023, 13, x FOR PEER REVIEW 21 of 29 
 

Specifically, for the CS rebar processing workers, Figure 10a illustrates that the pro-

ject duration gradually decreased as the number of workers increased, with the project 

duration remaining steady when the number of workers reached approximately 30 and 

beyond. This means that hiring more CS rebar processing workers, but not more than 30, 

can reduce the project duration. However, Figure 10b shows that the uncertainty also in-

creases when the number of CS workers increases. Thus, based on the above two relation-

ships, the decision makers can choose the optimal number of workers by taking a trade-

off between the duration and its uncertainty; for example, they may decide on a balanced 

solution by choosing to hire 30 workers. The relationships are a bit different for PC pro-

cessing workers. As demonstrated in Figure 10a,b, the duration and level of uncertainty 

will both decline when there are more PC workers. As a consequence, more workers for 

PC processing should be hired whenever resources allow for it. 

  

(a) (b) 

Figure 10. Effect of labor force on the project duration and the level of uncertainty: (a) Project du-

ration; (b) Uncertainty level. 

5.2. Previous Method Comparison 

Monte Carlo (MC) simulation has been widely used to address uncertainty in con-

struction planning but faces challenges when applied to deep uncertainty problems. To 

verify the feasibility and superiority of the proposed prediction intervals approach, the 

results were compared to what was determined by MC in the modeling of construction 

performance and uncertainty based on original construction planning (see Table 2). The 

planned scheme was input into the developed model to obtain the prediction intervals of 

project duration and cost. As shown in Figure 11, the duration of the planned scheme will 

lie between 6340 and 7328 h, while the intended cost will fall between 1.06 × 107 and 1.17 

× 107 CNY. The actual duration and cost of the original plan were calculated using the 

construction network diagram and cost documents of the case project, yielding values of 

6792 h and CNY 1.15 × 107, respectively. The results show that the actual project duration 

and cost fall within the modeled PIs, which validates the utility of the proposed approach 

in construction planning under deep uncertainty. 

MC (100 replications) simulation was also used to simulate project duration and cost, 

with the obtained values compared with the actual values. To conduct the MC simulation, 

the probability distributions of the uncertainty factors are required. Because the precise 

probability distribution of the deep uncertainty factors in the case project could not be 

obtained due to the limited construction experience, the uniform distributions based on 

the possible value range were used for the MC simulation. It should be noted that uniform 

distributions are assumed, which means they are very likely to differ from the actual fu-

ture state. Then, the MC (100 replications) simulation was performed, and the result is 

shown in Figure 11. The histogram of MC results (Figure 11) clearly demonstrates that the 

actual value of project duration falls outside of the distribution histogram. Concerning 

0.436y 61221x−=

0.303y 30069x−=
2R 0.3129=

2R 0.4163=

y 0.0683x 987.8= +
2R 0.5503=

y 0.0321x 990.58= − +
2R 0.3662=

Figure 10. Effect of labor force on the project duration and the level of uncertainty: (a) Project
duration; (b) Uncertainty level.

Specifically, for the CS rebar processing workers, Figure 10a illustrates that the project
duration gradually decreased as the number of workers increased, with the project duration
remaining steady when the number of workers reached approximately 30 and beyond.
This means that hiring more CS rebar processing workers, but not more than 30, can reduce
the project duration. However, Figure 10b shows that the uncertainty also increases when
the number of CS workers increases. Thus, based on the above two relationships, the
decision makers can choose the optimal number of workers by taking a trade-off between
the duration and its uncertainty; for example, they may decide on a balanced solution by
choosing to hire 30 workers. The relationships are a bit different for PC processing workers.
As demonstrated in Figure 10a,b, the duration and level of uncertainty will both decline
when there are more PC workers. As a consequence, more workers for PC processing
should be hired whenever resources allow for it.

5.2. Previous Method Comparison

Monte Carlo (MC) simulation has been widely used to address uncertainty in con-
struction planning but faces challenges when applied to deep uncertainty problems. To
verify the feasibility and superiority of the proposed prediction intervals approach, the
results were compared to what was determined by MC in the modeling of construction
performance and uncertainty based on original construction planning (see Table 2). The
planned scheme was input into the developed model to obtain the prediction intervals
of project duration and cost. As shown in Figure 11, the duration of the planned scheme
will lie between 6340 and 7328 h, while the intended cost will fall between 1.06 × 107 and
1.17 × 107 CNY. The actual duration and cost of the original plan were calculated using the
construction network diagram and cost documents of the case project, yielding values of
6792 h and CNY 1.15 × 107, respectively. The results show that the actual project duration
and cost fall within the modeled PIs, which validates the utility of the proposed approach
in construction planning under deep uncertainty.

MC (100 replications) simulation was also used to simulate project duration and cost,
with the obtained values compared with the actual values. To conduct the MC simulation,
the probability distributions of the uncertainty factors are required. Because the precise
probability distribution of the deep uncertainty factors in the case project could not be
obtained due to the limited construction experience, the uniform distributions based on the
possible value range were used for the MC simulation. It should be noted that uniform
distributions are assumed, which means they are very likely to differ from the actual future
state. Then, the MC (100 replications) simulation was performed, and the result is shown
in Figure 11. The histogram of MC results (Figure 11) clearly demonstrates that the actual
value of project duration falls outside of the distribution histogram. Concerning cost, the
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shape of the bimodal distribution does not provide a full picture of the actual cost, as it is
still difficult to determine under which mode the actual value will fall.
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In conclusion, the comparison of these two methodologies indicates that the predic-
tion interval approach is more reliable and accurate than MC when dealing with a deep
uncertainty problem. The proposed approach solves two shortcomings of MC. First, the
uncertainty model uses a big dataset of construction schemes and performances to develop
prediction intervals based on a possible value range for uncertain factors. Thus, the di-
rectly established uncertainty model is independent of the probability distributions. The
uncertainty modeling can be carried out when the probability distribution of uncertain
factors is inaccessible. In contrast, the MC method may utilize inappropriate distributions
as inputs (due to limited information), which will lead to biased outcomes (as Figure 11).
Second, MC usually requires numerous replications to obtain reliable outcomes for every
scheme [74]; this is associated with high computing loads and will delay efficient construc-
tion planning [75]. In contrast, the proposed approach provides the prediction interval
for each construction scheme in an efficient manner via the developed real-time feedback
model. This feature enables decision makers to efficiently compare numerous construction
schemes during the planning phase of a project.

6. Conclusions and Future Work
6.1. Conclusions

The decisions made during the construction planning stage largely determine the final
performances of a construction project. However, this stage is associated with many uncer-
tainties that make it difficult for managers to reliably assess construction performance and
make informed construction planning decisions [2]. Furthermore, some of the uncertainties
in construction planning fall under deep uncertainty, which means that it is unfeasible to
determine precise probability distributions for the factors. This study proposes a prediction
interval approach that provides a construction performance and deep uncertainty modeling
method without relying on probability distributions during the construction planning stage
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characterized by limited project references. By comparing it with the previous method,
this approach was found to be more reliable and accurate than Monte Carlo simulation
for a project at the planning phase (see Figure 11). As such, one theoretical contribution
of the study is that it could complement probability-based methods when dealing with
deep uncertainty problems in construction. In addition, the presented research is the first
attempt to develop a prediction interval approach to modeling construction performance
in situations affected by deep uncertainty. The prediction interval provides a possible and
narrow performance range to describe the uncertainty of the construction performance
and does not rely on any assumptions about the distribution of errors of the construction
performance, which makes it a complement to traditional methods (such as the Program
Evaluation and Review Technique, PERT).

The construction of a prefabricated and cast-in-situ hybrid project was used to test
the applicability of the proposed approach. Based on the results from the case study, the
developed prediction interval approach is verified to be able to:

- Assess the construction performance by providing prediction intervals for various
construction schemes of interest at the planning stage (see Figure 8);

- Compare numerous schemes at the construction planning stage to identify the best
schemes for each specific objective, as well as eliminate schemes that cannot obtain
the expected performance (see Figure 9);

- Reveal the hidden relationships between specific construction parameters for more
informed decision making (see Figure 10).

The abilities outlined above mean that the practical contribution of the proposed
approach is that it provides the contractor with an effective tool to make informed decisions
on construction planning in a situation of deep uncertainty.

6.2. Recommendations and Future Work

Decision making in any construction project is inherently influenced by many sources
of uncertainty. This type of problem has already received extensive research attention.
However, there is still plenty of room for improvement—for example, a method can handle
the construction uncertainty in a more comprehensive way. This research focused on
uncertainty within construction planning, i.e., the phase of a project prior to construction
execution. An area of research that still needs to be tackled is how project managers
can make the right decisions when construction is being operated in a deep uncertainty
situation, i.e., the project already starts to construct. This could be relevant with impending
climate change, the price fluctuations caused by the COVID-19 pandemic, and other deep
uncertain factors that can heavily impact construction execution. Integrating the present
research, which primarily concerns the construction at the planning stage, with future work
at the execution stage could provide contractors with a comprehensive tool for decision
making under deep uncertainty.
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Appendix A

Table A1. The activities and required equipment/worker resources associated with the construction
of one standard floor.

Activity Equipment/Worker Resources

PC external wall hoist Crane PC worker

PC internal wall hoist Crane PC worker

PC wall support installation Crane

Installation adjustment PC worker

Joint grout Rebar installation worker

PC beam hoist Crane PC worker

PC slab hoist Crane PC worker

PC stair hoist Crane PC worker

PC balcony hoist Crane PC worker

PC beam support Crane

PC slab support installation Crane

PC wall transportation Wall truck

PC beam transportation Beam truck

PC slab transportation Slab truck

PC stairs and balcony transportation Stairs and balcony truck

PC wall unload Crane Wall truck

PC beam unload Crane Beam truck

PC slab unload Crane Slab truck

PC stairs and balcony unload Crane Stairs and balcony truck

CS concrete pump Pump Concrete worker

CS beam and slab rebar installation Rebar installation worker

CS wall and column rebar installation Rebar installation worker

Post pouring joint formwork installation Crane

CS wall and column and beam formwork installation Formwork worker

CS wall and column rebar processing Rebar processing worker

CS wall and column rebar transportation Rebar processing worker Lift

CS beam and slab rebar transportation Rebar processing worker Lift

Table A2. Price data for the case project.

Source Unit Unit Price Source Unit Unit Price

Crane XCP330HG7525-16 CNY/day 1944.89 PE CNY/kg 33.2

Crane STT293 CNY/day 2545.65 Iron wire CNY/kg 5.2

Crane XGT8039-25 CNY/day 3493.09 Water CNY/m3 4.1

Crane XGT500A8040-25 CNY/day 4393.09 Labor for joint grout CNY/8 h 159.62

Concrete Pump HBT6013C-5 CNY/day 897.97 Labor for all CS CNY/8 h 10,005.19

Concrete Pump HBT8016C-5 CNY/day 1124 Labor for CS concrete pump,
vibration, and curving CNY/8 h 475.077
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Table A2. Cont.

Source Unit Unit Price Source Unit Unit Price

Concrete Pump HBT6006A-5 CNY/day 880.77 Labor for CS wall and column
rebar process and installation CNY/8 h 4783.303

Construction lift SC200/200 CNY/day 431.13 Labor for CS beam and slab
rebar process and installation CNY/8 h 5986.582

Steel CNY/t 2500 Labor for PC beam hoist and
installation CNY/8 h 2875.69

Steel tube CNY/kg 2.7 Labor for PC slab hoist and
installation CNY/8 h 2342.88

Timber CNY/m3 1750 Labor for PC balcony hoist and
installation CNY/8 h 9.508

Iron nail CNY/kg 5.5 Labor for PC internal wall hoist
and installation CNY/8 h 37.287

Aluminum CNY/kg 56 Labor for PC external wall hoist
and installation CNY/8 h 118.821

Concrete CNY/m3 388.56 Labor for PC stair hoist and
installation CNY/8 h 3583.56

Joint CNY/kg 6.2 Labor for climbing formwork CNY/8 h 3257.49

Table A3. The outcomes of the standard floor from the DES simulation and from the construction documents.

Testing Item Unit Document Quantities Simulation

Wasted steel t 61.34 60.5288

Iron wire kg 1372.66 1372.33

Aluminum kg 560.37 560.753

Joint kg 6888.9688 6893.94

Concrete (including wasted and joint) kg 1,879,292.62 1,911,510

PE kg 2534.64 2534.64

Water m3 77.763 77.7629

Steel tube kg 10,300.6 10,300.6

Timber m3 4.32016 4.32016

Iron nail kg 3231.48 3231.48

Diesel consumption of PC trucks kg 50,775.386 50,775.4

Power consumption of concrete pumps kWh 15,025.5102 15,747

Power consumption of cranes kWh 486,623 491,892

Power consumption of construction lifts kWh 75,113.775 75,113.8

Cost of cranes CNY 965,463.344 1,089,140

Cost of construction lifts CNY 1,405,916.4 1,405,920

Cost of concrete pumps CNY 502,863.2 502,863

Cost of steel CNY 153,350 151,322

Cost of iron wire CNY 7549.63 7136.11

Cost of aluminum CNY 31,380.72 31,402.2

Cost of joint CNY 38,428.716 42,742.4
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Table A3. Cont.

Testing Item Unit Document Quantities Simulation

Cost of concrete CNY 29,2087.1762 29,7095

Cost of PE CNY 84,150.048 84,149.9

Cost of water CNY 318.8283 318.828

Cost of steel tube CNY 27,811.62 27,811.5

Cost of timber CNY 7560.28 7560.28

Cost of iron nail CNY 17,773.14 17,773.1

Labor for CS beam and slab rebar process CNY 185,584.042 185,584

Labor for CS wall and column rebar process CNY 148,282.393 148,282

Labor for PC external wall hoist and installation CNY 1,175,755.03 1,175,760

Labor for PC balcony hoist and installation CNY 91,835.8134 91,835.8

Labor for PC internal wall hoist and installation CNY 292,757.501 292,758

Labor for CS concrete pump, vibration, and curving CNY 997,323.92 997,324

Labor for PC slab hoist and installation CNY 412,919.246 412,919

Labor for PC beam hoist and installation CNY 140,441.223 140,441

Labor for PC stair hoist and installation CNY 123,976.842 123,977

Labor for CS wall and column rebar installation CNY 310,161.014 310,161

Labor for joint grout CNY 614,074.102 614,074

Labor for climbing formwork CNY 3,024,810 3,024,810

Table A4. Parts of the full information samples (FIS) generated by the DES model for performance
uncertainty modeling.

NO.

Construction Parameters Construction
Performance

No. of
PC

Workers

No. of
CS

Workers

No. of
Wall

Trucks

No. of
Slab

Trucks

No. of
Beam

Trucks
No. of
Pumps

No. of
Lifts

Transportation
Mode

Crane
Type

Pump
Type

Duration
(h)

Cost
(CNY)

1 26 9 10 3 1 3 2 0 4 1 1.50 × 104 1.80 × 107

2 67 40 11 3 1 2 1 0 1 2 7.03 × 103 1.07 × 107

3 15 1 12 5 2 1 2 0 2 3 5.17 × 104 4.57 × 107

4 26 5 12 5 1 3 2 0 4 3 1.81 × 104 4.19 × 107

5 11 10 8 3 2 1 1 0 3 1 2.35 × 104 2.07 × 107

6 76 32 8 3 1 2 2 0 1 3 6.65 × 103 1.08 × 107

7 61 4 8 5 2 3 1 1 4 3 1.89 × 104 1.98 × 107

8 15 16 11 5 2 2 1 1 4 3 1.72 × 104 1.78 × 107

9 7 7 12 3 1 2 1 1 3 1 3.29 × 104 2.78 × 107

10 51 22 12 5 2 1 1 0 2 1 7.75 × 103 1.11 × 107

11 13 19 9 4 1 3 2 1 2 2 1.73 × 104 2.09 × 107

12 45 28 9 5 1 2 1 1 1 2 6.96 × 103 1.05 × 107

13 35 36 8 4 1 3 1 0 1 1 8.68 × 103 1.19 × 107

14 79 31 11 5 1 3 2 1 2 3 6.63 × 103 1.12 × 107

15 44 36 9 4 1 1 3 0 3 3 1.22 × 104 1.52 × 107

16 64 3 9 3 2 1 3 0 3 1 2.31 × 104 2.36 × 107

17 39 3 9 3 2 2 1 0 2 3 1.92 × 104 1.32 × 107

18 17 32 9 3 2 1 1 0 1 1 1.39 × 104 1.47 × 107

19 52 18 11 5 1 1 1 1 3 3 1.23 × 104 1.34 × 107
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Table A4. Cont.

NO.

Construction Parameters Construction
Performance

No. of
PC

Workers

No. of
CS

Workers

No. of
Wall

Trucks

No. of
Slab

Trucks

No. of
Beam

Trucks
No. of
Pumps

No. of
Lifts

Transportation
Mode

Crane
Type

Pump
Type

Duration
(h)

Cost
(CNY)

20 5 10 10 5 2 3 3 1 3 1 4.24 × 104 1.19 × 107

21 73 10 10 5 1 2 2 0 1 1 9.19 × 103 1.26 × 107

22 26 26 11 5 2 3 1 1 4 1 1.20 × 104 1.46 × 107

23 37 38 8 4 1 1 3 0 2 3 8.05 × 103 1.23 × 107

24 18 38 8 3 2 1 2 1 1 1 1.25 × 104 1.48 × 107

25 59 4 8 3 2 1 2 0 2 2 1.50 × 104 1.44 × 107

26 10 8 12 3 1 2 3 1 3 3 2.45 × 104 2.57 × 107

27 8 8 9 4 1 2 3 1 3 1 2.92 × 104 2.94 × 107

28 43 7 12 3 2 1 2 1 3 1 1.49 × 104 1.63 × 107

29 11 3 8 4 1 1 1 1 2 3 2.99 × 104 2.68 × 107

30 41 38 8 5 1 3 1 1 2 1 6.63 × 103 1.08 × 107

31 65 21 8 3 2 2 1 1 4 2 1.09 × 104 1.38 × 107

32 34 15 9 5 2 1 3 0 3 1 1.33 × 104 1.33 × 107

33 71 24 8 3 1 3 3 1 2 2 6.51 × 103 1.18 × 107

34 68 26 8 4 1 2 3 1 4 2 1.12 × 104 1.53 × 107

35 70 2 8 4 1 1 2 0 3 1 2.92 × 104 2.63 × 107

Note: Transportation modes 0 and 1 represent Just-in-time and Transportation-storage-hoisting, respectively;
Crane types 1, 2, 3, and 4 are STT293, XCP330HG7525-16, XGT8039-25, and XGT500A8040-25, respectively; Pump
types 1, 2, and 3 are HBT6013C-5, HBT6006A-5, and HBT8016C-5, respectively.

Table A5. Various random construction schemes for early planning comparison.

No.
Construction Parameters

No. of PC
Workers

No. of CS
Workers

No. of Wall
Trucks

No. of Slab
Trucks

No. of Beam
Trucks

No. of
Pumps

No. of
Lifts

Transportation
Mode

Crane
Type

Pump
Type

1 74 31 8 5 1 1 2 1 2 2

2 63 25 11 4 2 3 3 1 1 2

3 64 23 11 4 1 1 3 1 1 2

4 42 28 9 5 1 1 1 1 1 2

5 36 30 10 3 2 1 2 1 2 3

6 77 13 8 5 2 3 3 1 2 2

7 32 32 12 5 1 3 1 1 1 1

8 59 12 10 3 1 3 1 0 1 1

9 34 12 12 5 2 1 3 0 2 2

10 54 32 9 5 1 1 3 1 3 1

11 23 38 10 5 2 1 1 0 2 3

12 49 25 12 5 1 2 3 1 3 3

13 55 24 12 3 2 3 3 1 3 1

14 28 37 9 3 1 1 2 1 4 2

15 27 28 12 5 2 1 1 1 3 1

16 22 19 10 5 2 1 1 1 2 1

17 24 40 10 4 2 2 2 1 3 3

18 22 23 12 4 1 3 2 0 2 1

19 46 6 8 5 1 2 1 1 2 3

20 64 22 11 3 2 2 1 0 4 1

21 19 26 11 4 2 3 2 0 1 1

22 76 5 9 4 2 1 3 0 2 3
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Table A5. Cont.

No.
Construction Parameters

No. of PC
Workers

No. of CS
Workers

No. of Wall
Trucks

No. of Slab
Trucks

No. of Beam
Trucks

No. of
Pumps

No. of
Lifts

Transportation
Mode

Crane
Type

Pump
Type

23 63 10 11 4 1 3 3 1 4 3

24 23 30 11 3 2 3 2 0 4 2

25 57 11 12 3 2 2 1 0 4 1

26 49 12 9 4 1 2 1 0 3 1

27 20 15 8 5 1 3 3 1 3 2

28 39 5 12 5 1 1 1 0 4 1

29 28 5 10 5 1 1 2 0 4 1

30 39 3 9 3 2 2 1 0 2 3

Note: Transportation modes 0 and 1 represent Just-in-time and Transportation-storage-hoisting, respectively;
Crane types 1, 2, 3, and 4 are STT293, XCP330HG7525-16, XGT8039-25, and XGT500A8040-25, respectively; Pump
types 1, 2, and 3 are HBT6013C-5, HBT6006A-5, and HBT8016C-5, respectively.
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