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Abstract

Quality management in construction projects is critical for ensuring client satisfaction,
minimizing rework, and achieving cost efficiency in an industry characterized by a long
history of cost overruns. Traditional quality assurance and control (QA/QC) processes,
however, are resource-intensive and often implemented without a systematic evaluation of
their cost-effectiveness. Absent a systematic evaluation of the costs and benefits associated
with QA/QC, stakeholders—particularly clients and contractors—are unlikely to commit
resources to the implementation of quality control practices within construction projects.
This paper presents a quantitative optimization framework that integrates Monte Carlo
simulation of activity-level rework costs with a constrained optimization model based on
a novel project-level key performance indicator, the Total Assurance on Reworks (TAR)
to support data-driven decision-making in project quality management. The model en-
ables construction managers to evaluate trade-offs between the costs of preventive quality
controls and the potential consequences of non-conformities. The methodology is demon-
strated through a synthetic dataset comprising 50 construction activities. Results indicate
that the framework can identify optimal allocations of quality control resources, achieving
up to more than 19% cost savings compared to a full-control strategy and 18% reduction
in economic resources when compared with the state of the art while maintaining target
quality assurance levels. This contributes to the broader discourse on quality manage-
ment by offering a computationally rigorous tool for balancing cost efficiency and quality
performance in complex projects.

Keywords: project quality management; expected monetary value; Monte Carlo simulations;
construction projects; data-driven decision-making

1. Introduction
The construction industry constitutes a fundamental component of the global econ-

omy [1,2], contributing approximately 13% to global economic activity. The sector’s output
is projected to reach USD 13.9 trillion by 2037, underscoring its central role in sustaining
economic stability and development [3]. The construction sector is, nevertheless, dealing
with a multitude of obstacles that may impede the accomplishment of a project, such as
issues related to quality assurance, public health and safety, sustainability [4].

The effectiveness and efficiency of construction projects are significantly influenced
by the uncertainties associated with on-site labour [5,6]. A portion of these uncertainties
arises from variations in labour quality, which, if left unsupervised, may result in work
that fails to comply with project specifications. Such deviations often lead to a decline in
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overall construction quality [7]. Depending on the nature of the nonconformity, corrective
measures may cause cost overruns and schedule delays, thereby reducing both project
efficiency and the profitability of the investment. To address this issue, it is essential to
anticipate these potential deviations during the planning phase and to develop strategies
that minimize the financial resources allocated, while maximizing the assurance that the
work will conform to project requirements. However, this is not a straightforward challenge,
given the probabilistic nature of the verification of nonconformities.

The present study proposes a method to address this problem by quantifying the
minimum financial resources that should be allocated in advance to manage such un-
certainties, given a defined level of assurance. The proposed approach is based on the
optimal distribution of resources across project activities, thereby supporting the decision
of whether to directly monitor execution or to accept a certain level of risk.

To operationalize the proposed quality management framework, a novel key perfor-
mance indicator (KPI) called Total Assurance on Reworks (TAR) is introduced, designed to
provide a rigorous and quantifiable measure of the assurance level attained within a given
project. This KPI constitutes the central metric for translating abstract assurance objectives
into measurable performance outcomes, thereby enabling evidence-based decision-making.
Furthermore, project-specific and context-dependent threshold values of the KPI are defined
to reflect the required assurance level relative to project complexity, risk profile, and resource
constraints. Figure 1 schematically depicts how this enhanced methodology advances beyond
prevailing quality management paradigms. Recent studies confirm the widespread use of
Monte Carlo simulation and EMV-based quantitative risk analysis to estimate cost contin-
gency and to support project decision-making in construction [8–10]. These conventional
approaches, typically grounded in deterministic or probabilistic formulations of the Expected
Monetary Value (EMV), permit basic risk characterization but lack the capacity to support
optimal resource allocation across heterogeneous project activities [11]. By contrast, the in-
troduction of the Total Assurance on Reworks (TAR) as an aggregate, project-level indicator
constitutes a substantive methodological progression from non-optimized, EMV-based prob-
abilistic assessments (Level 2) to an optimized decision-support framework (Level 3). This
shift enables the explicit integration of assurance optimization into project planning, allowing
for the prioritization of interventions according to their marginal contribution to assurance
enhancement and cost efficiency. Consequently, the proposed approach facilitates a more
precise alignment between quality control measures, resource expenditure, and residual risk,
thereby improving overall project performance through reduced cost overruns, minimized
rework, and enhanced resilience to uncertainty. While EMV combined with Monte Carlo
simulation enables probabilistic estimation of activity-level risk exposure, it does not in itself
prescribe how heterogeneous exceedance probabilities should be selected across multiple
activities under a global budget constraint. The core novelty of the present study lies in
formalizing this selection problem as a constrained optimization task governed by a mono-
tone, impact-weighted project-level assurance index, TAR. In contrast to standard EMV-based
budgeting, which typically applies a uniform confidence percentile or relies on heuristic ad-
justments, the proposed framework endogenously determines differentiated activity-specific
non-exceedance probabilities that jointly satisfy a predefined project-level assurance target
while minimizing total expenditure.

The proposed approach only assumes that each activity has an estimable error proba-
bility and a rework-cost distribution. If these inputs are misspecified, the output will reflect
that misspecification, as in any EMV-based method, and the framework should be used
with sensitivity analysis and updated inputs when new evidence becomes available [12].
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Figure 1. Evolution of quality management approaches in construction projects. Level 0 corresponds
to the absence of quality management, while Levels 1 and 2 reflect deterministic and probabilistic
EMV-based decision-making, respectively. The proposed method advances these practices by in-
troducing EMV optimization with TAR (Level 3), which enables project-wide risk assessment and
optimized resource allocation.

The optimization framework, combined with the informative capacity of the proposed
KPI, is expected to be of practical relevance to construction project managers, offering
a structured means to enhance project efficiency. In doing so, this paper contributes to
bridging the gap between theoretical discussions of quality-related risk management and
the lack of systematic, data-driven tools for its practical implementation. Unlike traditional
practices that rely on uniform contingency percentages or arbitrary safety margins, the
proposed method integrates probabilistic modelling and optimization techniques to tailor
resource allocation to the specific risk profile of each activity.

2. Current Practice
A project is considered successful when it fulfils its technical performance require-

ments, adheres to scheduled timelines, and remains within the allocated budget [13].
Nevertheless, the recurrent extension of deadlines and escalation of costs in public con-
struction projects constitutes a global phenomenon that has persisted for more than seven
decades [14]. One possible explanation lies in the fact that the construction industry has
generally lagged behind other sectors in adopting Total Quality Management (TQM), a
framework that fosters customer satisfaction through the continuous improvement of prod-
ucts, processes, and services [15]. According to [16], project success has traditionally been
evaluated using three primary criteria: cost, time, and quality. Similarly, ref. [13] introduced
the dimension of Project Management Success (PMS) in the context of evaluating project
success, emphasizing the extent to which projects achieve their planned objectives with
respect to schedule, cost, scope, and quality. While cost and time are relatively straightfor-
ward to assess, quality is more challenging to measure, as it is often only discernible well
after project completion.

Within the quality management literature, the systematic quantification of quality-
related costs is regarded as indispensable [17], consistent with the principle that what cannot
be measured cannot be effectively controlled or improved [18]. Several researchers [19,20]
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have observed that, although many companies acknowledge the importance of imple-
menting a quality cost system, such systems are often absent in practice. Consequently,
organizations remain unable to quantify the losses incurred due to poor quality, thereby
revealing a persistent gap between theoretical prescriptions and their practical application
in quality management [15].

The estimation of quality-related costs presents additional complexities [21], and elab-
orated the concept of the cost of quality (CoQ), which was earlier defined as the “price
of nonconformance” [22]. CoQ refers to the costs incurred when a product or service is
not delivered correctly the first time, effectively representing the overrun costs associated
with deficiencies in quality [17,23]. Cost of Quality Analysis (CoQA) provides a framework
for linking quality improvement initiatives with both their financial implications and cus-
tomer expectations. This perspective highlights how effective quality management can
simultaneously reduce costs and enhance value creation. Accordingly, obtaining a realistic
estimate of CoQ and the potential benefits of improvement—understood as the balance
between conformance and non-conformance costs—should be regarded as a central com-
ponent of any quality programme, and therefore a critical concern for managers seeking to
optimize organizational performance [17]. The CoQ framework, which categorizes quality
expenditures into prevention, appraisal, internal failure, and external failure costs [21,24],
emphasizes the trade-off between proactive investment in quality assurance and the reac-
tive costs of nonconformance. These costs are always part of the contingencies, defined as
budgetary and schedule reserves set aside to address identified and unidentified risks [25].
From a theoretical perspective, contingencies align with the probabilistic nature of failure
costs. They represent the expected monetary value (EMV) of risks that, if realized, manifest
as additional quality costs [26]. Allocating contingency reserves toward preventive and
appraisal activities can be conceptualized as an investment that reduces the likelihood
and impact of internal and external failures, thereby lowering the overall CoQ [22]. Thus,
the integration of contingency planning and CoQ analysis reflects a systemic approach to
project governance, in which reserves are not merely buffers against uncertainty but instru-
ments to optimize the balance between conformance costs and failure costs. This theoretical
linkage underscores the importance of aligning risk management practices with quality
management strategies to achieve both cost efficiency and stakeholder satisfaction [27,28].

In construction projects, contingency funds are commonly determined either through
fixed percentage-based allocations or by employing risk-informed models [29]. The fixed
approach predominantly draws upon past project performance and expert judgement [30]
and has been historically criticized for its shortcomings. Researchers [31] contend that risk is
frequently either neglected or addressed in an arbitrary manner, with the common practice
being the addition of a flat 10% “contingency” to the estimated project cost. However, such an
arbitrary allocation may not be suitable for the specific requirements of a given project [32],
and it is often difficult for estimators to substantiate or defend this practice [33,34]. This
approach lacks methodological rigour and has been identified as a contributing factor to
frequent budget overruns [35]. Moreover, the assignment of a contingency percentage is
inadequate unless it is explicitly linked to a confidence level—that is, the probability that the
final project cost will fall within the estimate, inclusive of contingencies [36]. The weaknesses
of the traditional percentage addition approach for calculating contingencies have led for a
search for a more robust approach [30].

Risk-based and probabilistic methods have been increasingly advocated in scientific
literature [37] and some of the most common approaches include:

• Risk analysis methodologies using influence diagrams [38–41] and linguistic quantifi-
cation of uncertainty [42].
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• Fuzzy-set theory and Bayesian belief networks for modelling uncertainty and risk
interdependencies [43–45].

• Multiple linear regression models to predict contingency needs based on project
characteristics and design metrics [46].

• Probabilistic models incorporating owner-specified confidence levels and the stochas-
tic nature of change orders [47].

• Estimating using Risk Analysis (ERA), which reduces variability and exaggeration in
contingency estimates [48].

Within risk-based and probabilistic frameworks, the Expected Monetary Value (EMV)
has emerged as a widely accepted decision-analytic tool for quantifying and allocating
quality-related contingencies [9,49,50]. The integration of EMV within a risk-based contin-
gency estimation framework empowers project managers to embed a structured, transpar-
ent, and empirically grounded rationale into quality management planning. This approach
strengthens stakeholder confidence and facilitates negotiations on risk allocation. Moreover,
such a data-driven approach reduces disputes arising from unforeseen quality deficiencies.
Ultimately, the adoption of EMV within probabilistic quality risk assessment underpins
the overarching goal of achieving predictable project performance amidst the inherently
complex and uncertain environment of construction [51].

Despite its wide application, EMV, even when applied together with Monte Carlo simu-
lations [52] for a probabilistic approach, has been recognized to have certain limitations [10].
One of these limitations, already highlighted by several researchers [10,53,54], concerns the
choice of the percentile to be used when comparing the probability distributions provided
by MC simulations. This confidence percentile value, which is chosen after applying MCS,
usually depends on risk appetite and the level of organizational maturity [53]. Percentiles
P50, P70 and P80 are the most frequently used [55], while the P80 percentile is the most
widespread [56,57]. Regardless of the chosen percentile value, it appears to be an oversim-
plification to apply the same percentile to all activities that constitute a project, and some
researchers have begun to address this issue [9,58]. On a construction site, for example, the
risks associated with different activities vary considerably, and therefore distinct percentiles
should be used to compute the EMV.

Within construction risk budgeting, the most common quantitative approaches are
based on deterministic EMV comparison, probabilistic EMV estimation via Monte Carlo
simulation, and portfolio-type aggregation metrics such as VaR or CVaR [59]. These
methods typically apply a uniform non-exceedance percentile across activities or rely on
heuristic adjustments. The proposed framework builds directly upon probabilistic EMV
models reported in the literature, but extends them by formulating the allocation of activity-
specific exceedance probabilities as a constrained optimization problem governed by a
project-level assurance index. Therefore, the contribution does not replace existing EMV
models, but systematizes and generalizes their application within an optimization structure.

Building on this assumption, a new KPI is introduced to measure the level of con-
fidence provided by the financial resources allocated in the budget. This KPI makes it
possible to optimize the selection of the percentile associated with each individual project
activity and, consequently, to improve the allocation of economic resources while minimiz-
ing risks. The remainder of the article presents this KPI and its application in Section 3,
illustrates it through a synthetic-data-based project example in Section 4, and discusses the
limitations of the proposed method in Section 6.

3. Methodology
The research problem addressed in this study concerns the formulation of a systematic

framework for the optimal allocation of scarce resources aimed at controlling the risk of cost
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overruns associated with nonconformities in construction projects, while minimizing the
necessary contingency budget. The underlying premise of this investigation is that effective
risk management in this context can be achieved through two distinct strategic approaches.
The first approach involves the implementation of direct mitigation measures, such as
enhanced on-site supervision, stricter quality control procedures, or the deployment of
specialized personnel, which as a hypothesis of this research are designed to eliminate
the likelihood of rework by addressing potential sources of nonconformity before they
materialize. This strategy represents a deterministic scenario in which the probability of
rework is effectively reduced to zero; however, it requires a predetermined and fixed level
of expenditure, independent of the actual occurrence of nonconformities.

The second approach is based on the acceptance and management of risk, whereby
nonconformities are acknowledged as an inherent possibility within the construction
process. In this case, a portion of the available budget must be allocated in proportion
to the anticipated probability of rework, thereby functioning as a financial buffer against
potential cost overruns. This strategy characterizes a probabilistic scenario, in which
the relationship between allocated resources and risk is inversely proportional: as more
resources are budgeted for potential rework, the probability of exceeding the allocated
cost decreases. By comparing and integrating these two approaches within a unified
optimization framework, the study seeks to provide decision-makers with a rational basis
for selecting resource allocation strategies that balance cost efficiency with risk reduction in
construction quality management.

In principle, decision-makers, in this context project managers or contractors, should
adopt the risk management strategy that offers the greatest economic efficiency. However,
the selection process is complicated by the inherently probabilistic nature of the second
strategy, which makes it challenging to determine, on an activity-by-activity basis, which
of the two approaches, deterministic mitigation or probabilistic risk acceptance, yields
superior cost-effectiveness. This complexity is further exacerbated by conventional practices
in construction risk management, which often hinder specifying an acceptable probability
of cost overrun at the level of individual activities. Such localized assessments do not
necessarily lead to an optimal use of available resources, as they fail to account for the
cumulative nature of project-wide risk.

To address these limitations, it is necessary to shift from an activity-level perspective to
a holistic, project-level framework that enables a more efficient and strategically balanced
allocation of resources. Central to this approach is the definition of a global performance
indicator capable of quantifying the degree of assurance provided by the financial resources
allocated for risk management. Such an indicator would serve as a benchmark for evalu-
ating and optimizing probabilistic strategies across the entire project, thereby facilitating
more informed decision-making and enhancing the overall cost efficiency of risk control
efforts in construction projects.

The proposed methodology is based on the EMV of errors’ cost and, in particular, is
grounded on its probabilistic application using Monte Carlo Simulation. In current Quality
Management practice (Level 2 of Figure 1), the decision regarding whether to incur an
upfront cost to eliminate the risk of non-conformities or to accept the potential occurrence
of a non-conformity is typically conducted at the level of individual activities. For each
activity i, the Monte Carlo simulation generates a sample of N simulated rework costs, from
which the empirical cumulative distribution function (CDF) is constructed. In traditional
probabilistic EMV practice (Level 2), a single exceedance probability riski is exogenously
fixed, typically corresponding to a chosen confidence percentile applied uniformly across
activities. This process involves defining a single non-exceedance probability (e.g., 85%)
for the EMV of the error cost applicable to all project activities and estimating the EMV
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probabilistically by extracting, from the CDF of the EMV, the quantile corresponding to the
selected probability level. The resulting values, calculated for each activity, represent the
expected monetary cost of rework associated with that activity, accompanied by a specified
probabilistic assurance that the estimate will not be exceeded. These rework costs can then
be compared with the corresponding prevention costs, thereby enabling the identification
of the economically most advantageous strategy.

For the sake of simplicity, in the remainder of this article it is assumed, as is frequently
done [60,61], that for a given construction site activity i, the probability that an error occurs
follows a Bernoulli distribution, where p denotes the probability that the error occurs and
(1 − p) denotes the probability that it does not occur. Moreover, it is assumed that, in the
event of an error, it may take one of three forms: type A, B or C (Figure 2). Further details
on the three types of error are given in the case study section. For the sake of simplicity
again, the error type is assumed to follow a Bernoulli distribution with probabilities equal
to a, b, and c, respectively, subject to the constraint that a + b + c = 1. Each of these three
types of error is associated with a cost, which in turn has its own probability distribution.
This modelling approach, adopted for its simplicity, does not reduce the generalizability
of the proposed methodology. Under these assumptions regarding error probabilities, the
expected monetary value, EMV, of the error cost exhibits a characteristic cumulative density
function curve similar to that shown in Figure 3.

 
Figure 2. Mathematical definition of the probability of an error in an onsite activity using
Bernulli’s distributions.

To advance toward a more optimal allocation of resources within a probabilistic
EMV framework, a new global performance indicator is here presented. This indicator is
constructed by assigning distinct non-exceedance probabilities to the cumulative distri-
bution functions of the error cost’s EMV for each project activity and then computing a
weighted average of these values, where the weights correspond to the maximum error
cost’s EMV of each activity. This KPI, referred to as the Total Assurance on Reworks (TAR),
is formulated as:

TAR =
∑n

i=1 (1 − riski)·EMVmax,i

∑n
i=1 EMVmax,i

(1)

where

riski represents the probability of exceeding the budgeted error cost for activity i. The
vector r = (risk1, risk2, . . . , riskn) is the vector of values to be optimized.
EMVmax,i corresponds to the maximum monetary cost of rework under a worst-case sce-
nario for activity i.
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Figure 3. Cumulative distribution function (CDF) of rework costs (EMV). The blue curve represents
the probability of not exceeding a given rework cost. The vertical dashed line indicates the control
cost, while the crossing horizontal red dashed line marks the risk-equivalent level. Areas above this
threshold represent controlled activities (red dot), where rework costs exceed control costs, making
control convenient. The area below the horizontal grey dashed line corresponds to solutions with
zero rework cost; hence, the convenient solution is the one with minimum risk, indicated by the
grey dot.

TAR is monotone nondecreasing in each activity’s assigned assurance, and 0 <= TAR <= 1.
Monotonicity ensures that increasing the non-exceedance probability of any single activity
cannot decrease the overall TAR, which supports gradient-free and constrained optimization
strategies. Weighting risks according to EMVmax,i facilitates aggregation across activities
characterized by highly heterogeneous economic impacts. The definition of TAR not only
enables the optimization of risk management strategies but also provides intrinsic project-level
metrics that function as benchmarks for evaluating alternative budget–assurance trade-offs.
Two specific reference values of the threshold value riski may be introduced for this purpose:

• Risk Limit (risklim): the minimum exceedance probability associated with zero budget
allocation for control activities. This value is strictly correlated to the probability of
the not occurrence of an error (1 − p) as defined in Figure 2.

• Risk Equivalent (riskeq): the exceedance probability at which the expected cost of
rework equals the cost of total direct control.

• Considering those two thresholds one activity at a time, and considering that gen-
erally the aim of a quality risk management process is to minimize the costs while
maximizing the overall level of assurance, it can be stated that:
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• Every exceedance probability (riski) in between risklim and 1 (the grey zone in Figure 3)
is not meaningful since the error cost is always zero, as for riski = risklim; this does not
imply that the activity is risk-free. It only indicates that, under the selected assurance
level, no positive contingency is required at activity level.

• Every exceedance probability (riski) in between 0 and riskeq (the red zone in Figure 3)
is associated with an error cost that is higher than the cost of control, thus making it
more convenient to control the activity.

Figure 3 shows the cumulative distribution function (CDF) which associates each
rework cost with its non-exceedance probability for an exemplary activity. In this graph
it is possible to identify the two aforementioned conditions. The first corresponds to the
grey area below the risk limit line, where the rework cost is always zero across different
risk levels; here, the most convenient solution is at riski = risklim (grey dot). The second
corresponds to the red area above the horizontal dashed line marking the risk-equivalent
level, which by definition intersects the vertical line of the control cost. In this region,
rework costs exceed control costs, making all solutions inconvenient; hence, the optimal
choice is to control the activity and assume no risk (red dot). Any optimization of TAR for
all the activities to be carried out in a project should be made modifying each activity’s riski.

A first project-related threshold of TAR, called TARlim, can be defined as:

TARlim =
∑n

i=1 (1 − risklim,i)·EMVmax,i

∑n
i=1 EMVmax,i

(2)

This threshold represents a baseline level of assurance related to the project by budget-
ing no economical resources for quality controls. It can be correlated with the weighted
average of the probability that no errors occur in each individual project activity.

Similarly, another threshold related to the project’s TAR is obtained by imposing that,
for all project activities, riski equals riskeq. That is, for each activity, an exceeding probability
is specified such that the EMV of the error cost is equal to the cost of control. This measure
will be called TAReq and will be computed as:

TAReq =
∑n

i=1
(
1 − riskeq,i

)
·EMVmax,i

∑n
i=1 EMVmax,i

(3)

where TAReq value can be interpreted as the boundary of the worst case assurance coverage
corresponding to the maximum economically efficient allocation of financial resources.
In this sense, TAReq represents an appropriate benchmark for assessing the efficiency of
expenditures allocated to quality control activities. Given a predetermined budget for on
site quality control, the TAR value cannot not fall below TAReq. Conversely, allocating
additional resources to quality control is not economically justified if TAReq level already
satisfies the Client’s expectations.

Existing project-level aggregation metrics typically rely on unweighted combinations
of activity-level EMV, percentile-based EMV selection, or standard risk measures such as
Value at Risk, (VaR), and Conditional VaR (CvaR), originally developed within financial
portfolio risk management [59]. These approaches have practical value, but they share two
important limitations for resource-allocation decisions in construction. First, they implicitly
treat activities as homogeneous by applying a common non-exceedance percentile or by
summing EMVs without scaling for impact, therefore failing to reflect the heterogeneous
economic consequences of failures across activities. Second, they are descriptive rather than
prescriptive, they quantify portfolio-level exposure but do not provide a direct, monotonic
mapping between allocated preventive expenditure and a single, interpretable assurance
target that can be used inside an optimization routine. The TAR addresses these gaps by
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aggregating activity-level non-exceedance probabilities using activity-specific weights pro-
portional to each activity’s maximum EMV. Weighting by maximum EMV gives precedence
to activities whose worst-case outcomes most strongly influence project-level exposure,
thus aligning the aggregation with the practical objective of minimizing budgeted con-
tingency while protecting against high-impact failures. TAR is a bounded, project-level
assurance index, it is monotone in each activity’s assigned assurance, and it admits mean-
ingful reference points, specifically TARlim and TAReq, which respectively represent the
baseline assurance with zero control expenditure and the assurance at which preventive
control is economically equivalent to expected rework costs. These properties make TAR
directly usable as an optimization constraint or penalty term, converting a portfolio of
heterogeneous probabilistic EMVs into a single decision-relevant KPI that prioritizes inter-
ventions where they have the largest marginal effect on project assurance. Accordingly, the
methodological contribution is not limited to the introduction of a new KPI, but consists of
embedding a theoretically defined, monotone, and impact-sensitive aggregation rule within
a global optimization framework that transforms descriptive probabilistic risk metrics into
prescriptive resource-allocation decisions.

4. Case Study
To evaluate the practical applicability of the proposed framework, a synthetic case

study was carried out. The synthetic dataset was constructed assuming the development
of a small office building located in the suburban area of Milano (Italy). The activity list
reflects a simplified work breakdown structure representative of a mid-scale building
project, including structural works, building envelope, MEP installations, finishing works,
temporary works, logistics, and inspection activities. The scope of the assumptions is
limited to the construction phase. The main difference between a synthetic and a real-world
dataset concerns data calibration. However, the structure of the proposed framework does
not depend on the specific numerical values adopted.

By simulating a project environment, the case study enables a structured assessment
of the framework’s ability to optimize resource allocation, measure assurance levels, and
demonstrate the advantages of the proposed approach compared with traditional practices.

Quality-Related Risks Optimization

A synthetic dataset was developed to test the methodology, given that detailed and
reliable project data on error probabilities and costs are rarely available in the public domain
due to their commercial sensitivity. The dataset consisted of 50 activities, each representing
a task within a simplified work breakdown structure. For each activity, the following
information was specified:

• Direct cost of the activity;
• Total probability of non-conformity during execution;
• Probability of a type A non-conformity;
• Probability of a type B non-conformity;
• Probability of a type C non-conformity;
• Triangular distribution of the cost of error for type A non-conformities;
• Triangular distribution of the cost of error for type B non-conformities;
• Triangular distribution of the cost of error for type C non-conformities;
• Cost of control of the activity.

Among the information gathered for each activity, the total probability of non-
conformity was further divided into three classes (type A, B, and C), representing increasing
levels of severity and cost impact. This classification follows common practice in quality
management systems, where non-conformities are categorized as minor, major, or critical
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according to their effect on the fulfilment of project requirements and the potential cost of
corrective actions [19].

• Type A non-conformities represent minor deviations that can be corrected with limited
effort and negligible impact on project performance.

• Type B non-conformities refer to more significant deviations requiring partial rework
or replacement of components, with a moderate effect on cost and schedule.

• Type C non-conformities correspond to severe failures leading to substantial rework,
potential contract penalties, or reputational damage, and thus have the highest eco-
nomic impact [62].

For each type, the cost of error was modelled using a triangular probability distri-
bution, defined by its minimum, most likely, and maximum cost values. The triangular
distribution is commonly used in construction risk modelling when detailed historical data
are missing, as it offers a simple way to describe how costs are spread and to include expert
judgement [37,48]. This approach highlights that most non-conformity costs are expected
to fall near the most likely value, while still considering the possibility of less frequent but
higher-cost events.

Together, this classification of non-conformities and their associated cost distributions
provide the full set of probabilistic inputs required for the next stage of analysis, which
uses Monte Carlo simulation to generate the error cost distributions for each activity.
In fact, based on all the inputs previously mentioned, a Monte Carlo simulation with
10,000 iterations per activity was conducted.

For each iteration the occurrence of an error was checked and eventually its type.
According to the type, a corresponding cost value was sampled from the related triangular
distribution. This allowed the generation of a probability distribution function (PDF) of
error related costs for each activity, which was then converted into a cumulative distribution
function (CDF). In the generated case study, the CDFs generally present an initial flat section,
corresponding to the probability that no error occurs at all (hence the relative contingency
budget is zero). After this threshold, the curve rises more steeply as it accounts for the most
frequent ranges of error costs, before gradually flattening towards the tail, which represents
the less likely but more severe high-cost events. Those CDFs associate each potential error
cost with the probability of not exceeding it, thus providing the Expected Monetary Value
(EMV) of errors for each probability level. The normalized value of the maximum EMV
provided by the CDF were then used as weights in the evaluation of the TAR index, as
explained in Methodology.

The optimization phase aimed to minimize the total budget needed to face the risk
of non-conformities, while ensuring that the Total Assurance of Reworks (TAR) stayed at
or above the target threshold set by the user. The total budget was calculated as the sum
of the minimum values for each activity between the cost of control and the cost of error,
which is dependant on the associated exceedance probability.

total budget(r) = ∑n
i=1 min{cost o f controli; cost o f error(ri)i}

r = (risk1, risk2, . . . , riskn)
(4)

Several algorithms were tested, and due to the non-linear and high-dimensional nature
of the problem, the most effective strategy was to incorporate the TAR as an inequality-
constrained penalty term within the cost function.

J(r) = total budget(r) + α·max
{

0; TARtarget − TAR(r)
}2 (5)
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The process was conducted in two stages: a global search using the MultiCMA al-
gorithm [63] to explore the solution space, followed by a local refinement with the CMA
algorithm to sharpen the results.

5. Results
The optimization process enabled the automated definition of non-exceedance prob-

abilities and, consequently, the identification of activities for which active preventive
measures should be implemented. Based on this information, it becomes possible to
calculate the contingency budget and to compare it with the budget estimated through
conventional evaluation practices. In order to ensure a fair comparison, the baseline uses
the same probabilistic inputs and the same Monte Carlo simulations adopted for the TAR-
optimized approach. The baseline follows current practice in probabilistic EMV, where a
single non-exceedance probability of 90% is selected and applied uniformly to all activities.
Baseline activity-level budgeted costs are computed using the minimum between control
cost and the selected EMV quantile.

Figure 4 shows the comparison of the savings that can be achieved by the traditional
EMV methodology and the TAR-optimized methodology in comparison to the situation
in which all the activities are controlled. In the case study with the target assurance level
(TAR) set at 90%, the traditional methodology achieved a cost saving of 4.9% compared
to the scenario in which all activities are subjected to control. By contrast, the optimized
methodology resulted in a saving of 19.3%, corresponding to an additional 18.4% reduction
in economic resources when compared with the state of the art.

Figure 4. Comparison of savings between the traditional and TAR-optimized methodologies in the
case study. The y-axis represents total cost, defined as the sum of control cost and budgeted rework
cost (blue). Savings (orange) are calculated relative to the baseline scenario, where all activities
are controlled.

Since the purpose of the contingency fund is to address potential non-conformities, it
may appear counterintuitive that a lower allocation of resources can enhance the prevention
of cost overruns. These savings, however, are achieved through a differentiated allocation
of financial resources across activities, with a more cautious approach adopted for those
that may entail significant risks. Specifically, subsets of the most impactful activities are
subjected to active control, while distinct contingency budgets are assigned to account for
potential non-conformities of the other activities.
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Figure 5 shows how for some activities the risk management approach changes passing
from the traditional approach to the TAR-optimized approach. Specifically, the graph shows
the budgeted cost for each activity according to the two possible control approaches, the
traditional on the left half and the TAR-optimized on the right half. In blue are highlighted
the activities that according to each methodology should have been controlled and vice
versa in orange are the non-controlled activities, for which a risk is considered acceptable.

Figure 5. Comparison between the traditional (left side) and the TAR-optimized (right side) method-
ology, where the budgeted cost for each activity is shown. In blue, the controlled activities (budgeted
cost = cost of control), and in orange, the uncontrolled ones (budgeted cost = cost of rework).

As illustrated in Figure 5, some activities transitioned from being classified as con-
trolled to non-controlled, and vice versa. This solution can be attributed to the weighting
factors applied within the TAR formula. Specifically, activities that are no longer considered
controlled under the optimized methodology are those for which the potential overall
impact of a non-conformity is relatively limited. Conversely, activities that, according to
the optimized approach, should be controlled are those associated with a more significant
potential impact, as well as those representing the main sources of potential cost savings.

A more notable distinction between the two approaches is the presence of activities
without any allocated contingency budget. Those correspond to activities for which the
exceedance probability is higher than the risk limit, resulting in a cost associated with that
exceeding probability equal to zero. Under the conventional methodology, this would
imply that no specific resources are reserved to address potential cost overruns in such
activities. However, since the proposed methodology evaluates risks on a global scale, the
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contingency fund identified should be interpreted as a collective reserve, available to cover
unexpected costs across all activities.

The consistency of the optimized results with the theoretical framework outlined in
the Methodology chapter can be demonstrated by examining the distribution of activities
in a two-dimensional graph, where the axes represent the cost of control and the cost of
error (Figure 6).

Figure 6. Each point in the graph represents an activity, with the x-axis indicating the cost of error, the
y-axis indicating the cost of control, and the gradient representing the associated risk. The bisector
separates activities for which control is applied (cost of control < cost of error) from those for which
risk is accepted. Controlled activities are located in the top-left region, while activities with accepted
risk are in the bottom-right region.

In this graph, each activity is represented by a dot, positioned according to its control
cost and associated rework cost (EMV), and coloured by the level of risk determined
through the optimization process. By introducing the bisector into this representation, it
becomes possible to distinguish in a different way between activities subject to control
(positioned below the bisector) and those for which a risk is accepted (positioned above
the bisector). A subset of activities lies along the y-axis, corresponding to cases in which
the accepted risk exceeds the risk limit. For these activities, the expected cost of error
is budgeted as zero. This outcome should not be interpreted as a recommendation to
disregard the activity. The residual risk remains present and is implicitly covered within
the project-level contingency determined by the TAR constraint. The zero allocation reflects
relative economic prioritization rather than the absence of uncertainty. The results can also
be visualized in the following graphs, which compare the optimal risk with the risk limit
and the risk equivalent. For each graph, the dots represent an activity of the case study,
and the y-axis expresses the level of risk determined through the optimization process.

In Figure 7, activities with an associated optimal risk lower than the risk equivalent
are those that will be controlled, as the risk equivalent represents the threshold above
which control becomes cost-effective. For these cases, since the activities are controlled, the
associated optimal risk is zero, as expected according to the theoretical considerations in
the Methodology chapter.
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Figure 7. Only the activities for which the optimal risk is lower than the equivalent risk are considered
and displayed as points. The y-axis represents the risk level, showing that the optimal risk for all
displayed activities is zero, as theorized in Figure 3 (red dot).

Figure 8 depicts cases where the optimal solution lies between the risk limit and the
risk equivalent, while Figure 9 shows cases in which the optimal risk exceeds the risk limit.
It is noteworthy that, in this latter scenario, the optimal risk remains very close to the risk
limit. As theoretically explained, any risk exceeding the risk limit yields the same effect in
terms of budgeted cost (which is always zero), making it unnecessary to assign a value of
risk higher than the risk limit.

Figure 8. Only the activities for which the optimal risk is in between the risk limit and the equivalent
risk are considered and displayed as points. The optimal risk for each activity is determined based
on the distribution that minimizes the total budgeted cost.
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Figure 9. Only the activities for which the optimal risk is higher than the risk limit are considered
and displayed as points. The y-axis represents the risk level, showing that the optimal risk for all
displayed activities is close to the risk limit, as theorized in Figure 3 (grey dot).

The results presented here were obtained by imposing only the optimization conditions
described in Methodology; no additional constraints were introduced to steer the outcomes.
Consequently, the resulting optimal risks are not exactly zero in the first case, nor exactly
equal to the risk limit in the third case. These deviations arise from minor numerical
imprecisions of the optimization solver, which are negligible and can be reduced to any
desired degree of accuracy by adjusting the solver parameters, at the cost of increased
computational time. Therefore, the results demonstrate the robustness of the approach and
its consistency with the underlying theoretical framework.

Overall, the present case study illustrates that the applied optimization methodology
provides a systematic means to prioritize the most cost-effective interventions, thereby
enabling measurable savings without compromising the predefined assurance level.

6. Discussion and Conclusions
The present study introduced a methodology based on the EMV for automating and

optimizing resource allocation in the budgeting of quality-related risks in construction
projects. The findings of the present study are consistent with previous research advo-
cating risk-based and probabilistic approaches to contingency estimation in construction
projects [37,47,48]. In particular, while prior studies have demonstrated the advantages of
Monte Carlo simulation and EMV-based methods for improving cost predictability [9,10],
they generally adopt a uniform confidence percentile across activities. The results of this
study extend that stream of research by showing that differentiating exceedance proba-
bilities at activity level, and aggregating them through a weighted project-level indicator,
can further enhance cost efficiency. Moreover, the observed savings align with the broader
literature on Cost of Quality and preventive investment strategies [17,21], which empha-
sizes that a structured allocation of quality-related expenditures can reduce overall failure
costs. In this sense, the proposed TAR-based optimization framework operationalises these
theoretical principles within a project-wide, quantitative decision-support model.

The application of the proposed framework demonstrated its potential as an advance-
ment over the traditional EMV methodology, even in the case of probabilistic assessment

https://doi.org/10.3390/buildings16051017

https://doi.org/10.3390/buildings16051017


Buildings 2026, 16, 1017 17 of 21

of the monetary value of risks. The incremental advance over standard probabilistic EMV
lies in the formal integration of differentiated activity-level assurance levels into a single
optimization problem, rather than the ex-post comparison of independently selected per-
centiles. In fact, traditional probabilistic EMV methodology assumes a single exceedance
probability for activities that may, in reality, have markedly different impacts on quality and
construction performance in the event of cost overruns. By automatically managing varying
risk levels across different activities, the framework enables a more efficient allocation of
financial resources, thereby preventing cost overruns and eventually, as demonstrated in
the case study, minimizing the overall budget dedicated to risk mitigation. Furthermore,
the results obtained were consistent with the theoretical premises, thus confirming the
internal coherence and robustness of the proposed approach.

The proposed method represents an evolution of the classical probabilistic EMV
approach, in which the inputs are treated as random variables and the result is computed
using Monte Carlo simulations. As an extension of the probabilistic EMV framework,
the proposed method inherits its fundamental limitation: it assumes that the uncertainty
associated with all input variables is purely aleatory in nature. It is well established that
the uncertainty associated with a phenomenon can be mathematically described either as
aleatory uncertainty, when it arises from intrinsic variability in the phenomenon itself, or
as epistemic uncertainty, when it results from a lack of knowledge about the phenomenon.
In the proposed method, as in nearly all EMV applications employing MC simulations,
both types of uncertainty are represented using random variables. However, it has been
demonstrated that modelling epistemic uncertainty as a random variable is conceptually
incorrect and can lead to a significant underestimation of the uncertainty in the calculated
result [53], in this case the EMV of each individual project activity and, consequently, the
EMV of the entire project. Overcoming this limitation, which the proposed method inherits
from the traditional probabilistic EMV approach, represents one of the most desirable
directions for future developments of the method.

The case study showed that the method could allow for a potential cost reduction
of 18.4% in comparison with current practices. Nonetheless, the extent of these savings
may vary depending on the probability of non-conformance and the associated error costs
of the activities considered. Beyond the cost reduction, the proposed process has also
demonstrated its added value as a novel more comprehensive tracking metric, enabling the
evaluation of assurance levels on rework activities. It should be noted that the contingency
budget identified by the model represents a financial reserve derived from the selected
exceedance probabilities and is not assumed to be fully expended. Actual expenditure
depends on the realized occurrence of non-conformities.

In practical applications, additional managerial constraints may be introduced to
prevent unrealistic recommendations. For instance, minimum monitoring requirements
may be imposed for safety-critical activities, or upper bounds may be set on admissible
exceedance probabilities. The optimization framework can incorporate such constraints
without altering its theoretical structure.

The estimated savings presented in this study were derived solely from the quan-
tification of direct economic costs of rework. Intangible costs (such as the loss of trust,
reputational damage, or reduced stakeholder confidence) were not directly incorporated
into the analysis. These factors require separate evaluation; however, the methodology
can be extended to account for them by assigning each rework activity an additional
penalty cost reflecting the expected intangible impacts, so to favour the direct control risk
management measure.

It is important to note that the simulations were conducted using synthetic data. In
practical applications, collecting the necessary data to implement the methodology may
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pose significant challenges, particularly for organizations without established systems
for tracking rework activities. Moreover, the assumption of triangular distributions to
approximate rework costs, while simplifying calculations, may introduce inaccuracies
compared to actual cost distributions. The use of real-world data would therefore enable
the representation of more realistic cost probability distributions.

In conclusion, the proposed method constitutes an advancement of the classical EMV
approach for assessing project risks associated with work quality. By introducing a novel
key performance indicator (KPI), it enables a more effective optimization of risk distribution
across different activities and, consequently, a more efficient allocation of resources within
the risk budgeting process. Despite the limitations discussed above, the application of the
method to a case study has demonstrated its potential to reduce the overall level of quality-
related risk in a project and to generate cost savings in risk budgeting when compared with
the traditional implementation of the EMV methodology.
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