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ABSTRACT: Quality attainment in public construction projects is paramount for effective project management. This
study employs Principal Component Analysis (PCA) in the initial phase to discern noncollinear critical defects from
inspections across 1015 projects. The identified components are categorized into three aspects: Inspection Records and
Occupational Safety and Health (Aspect I), Concrete Quality (Aspect II), and Construction Team Quality Management
(Aspect III). Subsequently, a Multilayer Perceptron (MLP) network, trained on 13 PCA-identified critical defects,
transforms input data into a probability, indicating project quality. The MLP model exhibits exceptional performance
with 91.3% accuracy, 90.2% precision, and 96.1% recall. This hybrid machine learning approach effectively extracts and
correlates defect-related information with construction quality, providing a robust tool for accurate quality prediction
in construction projects.
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1 Introduction
The construction industry is essential to the development and maintenance of civil infrastructure, and

billions of dollars are invested in construction projects annually [1]. In 2022, the Taiwanese government
allocated NT$392.7 billion to public construction projects, accounting for more than half of the construction
industry’s total output value and 2.1% of the country’s gross domestic product. Such investment highlights the
crucial role of public construction in national development and public welfare. Major government-led public
construction projects are not only important indicators of governance capacity but also directly or indirectly
affect people’s daily lives. Timely completion, meeting planned objectives, and ensuring construction quality
are all critical to their overall success.

However, despite substantial public investment and the strategic importance of these projects, persis-
tent deficiencies in construction quality management remain a serious concern in Taiwan. Based on the
authors’ statistical analysis of available construction inspection records released by the Public Construction
Commission (PCC) for the period 2020–2024, more than 70% of inspected projects had incomplete quality
control records, and nearly 60% lacked properly maintained construction logs. The analysis also showed
that concrete-related defects were common, with improper pouring and compaction accounting for 26.1% of
the recorded defects and improper curing accounting for 18.0%. These findings indicate that deficiencies in
inspection implementation and construction process control are not isolated cases but recurring, systemic
problems in engineering practice. In 2021, a concrete-pouring collapse on the MRT San-Ying Line resulted in
three fatalities and two injuries, and the accident was associated with improper construction procedures and
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missing inspection records. In 2022, the ceiling collapse at the Bade Civil Sports Center, which was triggered
by a mild earthquake, was attributed to deficiencies in quality management. More recently, a 2024 post-
earthquake investigation of the New Taipei MRT Circular Line revealed that the contractor had deviated
from the approved design drawings, resulting in misalignment of the steel box girder and track deformation.
Taken together, these facts suggest the need for effective data-driven quality assessment methods.

Experts and scholars have established various indicators or criteria for assessing project quality
requirements. Institutional organizations have also adopted construction standards and have conducted
reasonable and comprehensive evaluations of contractor construction quality from the perspective of quality
management [2]. For example, Lee et al. [3] analyzed the functionality and occurrence of defects in bridge
structures and road pavement materials. On the basis of their analysis and relevant standards, they developed
a quality performance index for assessing the quality of a project. Jogdand and Deshmukh [4] developed
a building construction quality index by using the analytic hierarchy process to calculate the weights of
construction quality attributes. The index could be used to evaluate project quality and served as a benchmark
for future quality improvement initiatives. Kim et al. [5] combined the balanced scorecard framework with
the Delphi method to determine 44 indicators. Through importance–performance analysis, they prioritized
the indicators by importance with the goal of improving the quality of facility maintenance. Although project
managers primarily focus on costs, target timelines, and the successful completion of construction processes,
project success is also strongly related to project quality [6].

In this study, inspection data from the Public Construction Management Information System (PCMIS)
were used as variables to predict the construction quality of projects on the basis of various project attributes.
The PCMIS lists a total of 499 item defects. These defects may be correlated; hence, some information may
be redundant. Weighting these defects would result in imbalanced weights for defects representing the same
aspect or that are otherwise related, resulting in unreliable evaluation outcomes. Moreover, some defects
might have negligible effects on quality. In quality assessments, using human judgment to intuitively select
numerous defects can result in these defects being insufficiently representative and thus result in a biased
evaluation. Data analysis involving high-dimensional quality records often encounters multicollinearity,
leading to biased or unstable model coefficients. To mitigate this impact and enhance interpretability,
Principal Component Analysis (PCA) is employed in this study. PCA transforms the original correlated
variables into a concise set of uncorrelated, linearly independent principal components, thereby capturing
maximum variance while successfully filtering out redundant information and noise contained in the dataset.
PCA can help identify the most important features in the decision-making process, reduce the range of
possibilities, and eliminate noise contained in redundant datasets [7].

PCA and factor analysis (FA) are both machine learning techniques for dimensionality reduction that
can be classified as multivariate simplification strategies. The objective of both methods is to decompose
the original variables to extract latent categories by aggregating strongly correlated variables in a single
category, producing categories that are not strongly correlated. In the two methods, new indicators or
variables are synthesized from linear combinations of the original variables. PCA can therefore be used when
conducting a comprehensive assessment with multiple indicators to consolidate the information in these
indicators into several principal components. These components can then be weighted and summed to obtain
a composite evaluation index. Researchers have used PCA and FA for evaluating performance in engineering
tasks. For example, Lin et al. [8] employed PCA to assess key performance indicators in value management
during construction. They identified three principal components and their interrelationships and selected
18 key performance indicators from a pool of 47 potential indicators. Similarly, Chen et al. [9] employed
FA to evaluate engineering value and extracted 23 performance indicators from 32 initial indicators. These
indicators were categorized into four groups: satisfaction, team composition and capability, job plan, and
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team member participation. PCA is known for its ability to reduce dimensionality, compress data, and
reduce noise. In machine learning, it is often used in combination with other algorithms to enhance
classification and regression performance. For example, researchers have integrated PCA with cluster
analysis to evaluate the performance of asphalt as it ages [10], monitor structural health [11], and investigate
fatal construction accidents [12]. Additionally, PCA has been combined with neural networks to detect and
identify damage [13–15] and construction project quality [16].

Artificial neural networks (ANNs) are mathematical models that mimic the structure of the human
brain and perform distributed parallel calculations [17]. The fundamental unit of an ANN is the perceptron,
which mimics a neuron, the basic building block of the human brain. Perceptron networks can be categorized
as single-layer perceptron (SLP) and multilayer perceptron (MLP) networks on the basis of their architecture.
An MLP network primarily comprises artificial processing units (also known as artificial neurons or cells),
an input layer, one or more hidden layers, and an output layer. The output of each processing unit serves as
the input for other units in the network. The MLP network is a well-known neural network architecture that
is commonly used for tasks such as pattern recognition, classification, and regression [18].

ANNs have been widely applied in studies related to the condition assessment of various infrastructure
systems, such as detecting internal cracks in pipelines [19], predicting floor response spectra [20], detecting
bridge damage [21], identifying corrosion in steel structures [22], estimating the load-carrying capacity
of reinforced concrete bridge piers [23], predicting the fatigue life of asphalt concrete pavements [24],
identifying damage in plate structures [25], predicting pavement performance [26,27], and evaluating seismic
damage in tunnels [28]. The present study focuses on predicting construction quality from inspection records
and project attributes, rather than on deterioration mechanisms, continuous sensing, or structural health
monitoring. The cited SHM studies are referenced only to demonstrate the general applicability of PCA and
neural networks for processing high-dimensional correlated data.

In other construction-related applications, ANN has also been employed to predict construction quality
and schedule [29], analyze construction contract risks [30], predict construction crew productivity [31],
estimate construction project duration [32], and predict project costs [33]. However, ANNs have limitations;
their effectiveness may be limited for problems involving numerous variables. Constructing an ANN model
may require more computation time than constructing other machine learning networks, resulting in delays.
To address this issue, the network can be optimized by reducing the number of variables and processing
elements [34] and by incorporating other algorithms to enhance the model’s performance [35,36]. Other
challenges encountered in the implementation of ANNs include determining appropriate parameter settings,
interpreting black-box models, and avoiding becoming trapped in local optima.

Although previous studies have demonstrated the applicability of PCA and ANNs in a wide range of
engineering problems, research specifically focused on construction quality prediction remains relatively
limited. Existing studies have mainly applied PCA to dimensionality reduction, anomaly detection, or
performance evaluation, whereas ANN-based models have been widely used for prediction and classification
tasks in infrastructure, cost estimation, safety assessment, and condition evaluation. However, these studies
generally exhibit three limitations when extended to construction quality prediction. First, feature selection
is often insufficiently targeted, particularly when a large number of quality-related variables or defect items
are involved. As a result, redundant or highly correlated variables may be directly incorporated into the
prediction model, reducing analytical efficiency and obscuring the truly influential factors. Second, existing
prediction frameworks rarely integrate specific process-related defects encountered in civil engineering
practice into a unified analytical structure. Third, although ANN-based models provide strong predictive
capability, their practical usefulness is often constrained by limited interpretability, making it difficult to
explain which specific construction defects are most closely associated with quality outcomes.
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This study contributes to the literature in three aspects. First, it introduces a more targeted feature
selection mechanism for construction quality prediction by extracting representative defect information
from a large set of inspection variables. Second, it explicitly incorporates specific civil engineering con-
struction defects into the prediction framework, thereby strengthening the practical connection between
statistical modeling and on-site quality management. Third, it improves the interpretability of ANN-
based quality prediction by organizing the identified critical defects into three aspects that are readily
understandable and applicable to project owners, supervisors, and contractors. Therefore, this study lies
in strengthening proactive quality management during construction, thereby reducing the risk of future
structural deficiencies. Accordingly, its contribution is more appropriately positioned as a construction
quality assessment, while the early identification of critical defects may also indirectly support durability
control and long-term infrastructure health performance.

This paper substantially expands upon the earlier study [16] by providing a more rigorous methodolog-
ical framework, clearer statistical justification for PCA-based defect selection, and a more comprehensive
model-validation procedure. Although the underlying dataset and baseline accuracy align with those of the
initial proof-of-concept, the current study introduces critical incremental scientific advances that transform
the earlier exploratory work into a theoretically and practically meaningful contribution. Specifically, rather
than treating the data as a static predictive target, this manuscript develops a systematic K-means-based
quality-risk grouping approach to mathematically address severe class imbalance, provides a thorough
justification for PCA component retention, incorporates post-hoc SHAP interpretability to decode the
“black-box” neural network, and performs an in-depth misclassification analysis to identify systematic error
patterns. These methodological expansions bridge the gap between simple machine learning implementation
and actionable engineering knowledge, providing an explainable and rigorous quality assessment framework
that was entirely absent in the preliminary study. Furthermore, the current manuscript incorporates
additional performance metrics, baseline model comparisons, calibration analysis, feature-importance
analysis, misclassification analysis, and a more detailed discussion of practical implications and future
research directions.

2 Methodology
By performing a numerical weighted average, PCA can be used to identify the maximum variance of

variables to transform strongly correlated variables into a smaller set of new independent variables, known
as principal components, which explain most of the variance. These selected principal components can
be used to interpret the original data. Many defects (variables) can affect construction quality, but their
contributions vary. Hence, replacing the entire space of defect samples with a few mutually independent
matrices of their linear combinations is not only efficient but also enables analysis of the correlations between
each defect and construction quality. The first principal component explains the most variance across the
entire space of defect samples (499 items). The second principal component must be orthogonal to the first
principal component, and it explains most of the remaining variance. Subsequent principal components are
selected similarly.

The PCMIS construction inspection data used in this study comprises data for a total of 1015 cases. The
dataset includes information on defects, scores, grades, contract sums, project categories, and construction
progress. The objective of the present study was to identify critical defects hidden in the PCMIS database
and to develop a model capable of accurately predicting construction quality. Furthermore, the developed
model was used to analyze the relationship between project attributes and construction quality. The objective
of this analysis was to provide insights regarding defect prevention for project organizers, supervisors,
and contractors. The theoretical and methodological approaches employed in this study included PCA,
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cluster analysis, and the MLP. The procedures and mathematical formulas involved are explained in the
following subsections.

2.1 Principal Component Analysis
In PCA, a few noncorrelated principal components are created as linear combinations of the original

correlated variables. For m original variables, PCA can produce up to m principal components. Typically,
however, only n principal components (n <<m) that explain most of the variance are selected, simplifying the
model without losing information. Because these principal components are independent, the resulting model
is less likely to contain bias. The linear combinations of the original variables for producing the principal
components are as follows:

P1 = a11 X1 + a12 X2 + ⋅ ⋅ ⋅ + a1m Xm
P2 = a21 X1 + a22 X2 + ⋅ ⋅ ⋅ + a2m Xm

⋮
Pn = an1 X1 + an2 X2 + ⋅ ⋅ ⋅ + anm Xm

(1)

In the equation, P1 , P2, . . . , Pn represent the n principal components and aij represents the weight of the
jth variable for the ith principal component. Moreover, a2

i1 + a2
i2 + ⋅ ⋅ ⋅ + a2

im = 1, and ai1a j1 + ai2a j2 + ⋅ ⋅ ⋅ +
aim a jm = 0. These conditions ensure that the first principal component, P1, explains the largest percentage
of the variance in the original data. The second principal component P2, which is independent of P1, has
the second-largest variance and explains most of the remaining variability that is not explained by the
first principal component. This pattern continues for the subsequent principal components. Two methods
can be employed to perform PCA: one using the variance–covariance matrix S, and the other utilizing
the correlation matrix R. Assuming that the variables X1 , . . . , Xm have a covariance matrix S, the variance
of the first principal component and the coefficients of its linear combination correspond to the largest
eigenvalue λ1 of S and its associated eigenvector. The covariance matrix represents the degrees of correlation
between variables and is obtained by directly computing the covariance between each pair of variables. Larger
covariance indicates a stronger correlation between the variables.

2.2 Cluster Analysis
Cluster analysis is a technique for partitioning data into several clusters, with high homogeneity within

each cluster and substantial differences between clusters. Clustering can be performed to establish groupings
and identify common characteristics within groups. Cluster analysis can reduce the distance between
variables in a dataset and emphasize the similarities within each cluster, thereby facilitating decision-making.
The most commonly used algorithm for cluster analysis is K-means. In this algorithm, data are partitioned
into k clusters by first randomly selecting k seed points as the initial centers for these clusters. Each remaining
sample p is assigned to its nearest cluster, and the centers of each cluster are then recalculated. The distances
between each sample and the new cluster centers are compared. Samples are reassigned, and cluster centers
are recalculated iteratively until the sum of squared errors (SSE) reaches its minimum value. The formula
used in the K-means algorithm is as follows:

SSE =
k
∑
i=1
∑
p∈ci

∣p − mi ∣ 2 (2)

In the equation, k represents the number of clusters, p denotes a sample in the space, and mi represents
the average value of the samples in cluster ci. The SSE is the sum of the squared distances between each sample
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and the center of its cluster. The steps of the algorithm are as follows (Fig. 1): (a) The initial centroids for the
k clusters are randomly selected. (b) The distances between each sample p and the centroids of the clusters
are calculated. A shorter distance indicates that p is more similar to the data in that cluster. Subsequently, p
is assigned to the nearest cluster. (c) The average values of the centroids for each cluster are recalculated after
assignment, and the previous seed centroids are replaced. (d) Steps (b) and (c) are repeated iteratively by
reassigning each data point to a cluster and updating the centroids. This process is continued until the SSE
is minimized. When the boundaries of the clusters no longer change, and the specified criteria are satisfied,
the clustering process is complete.

(a) Randomly select k seed points.
(b) Calculate the distances between each p and the
nearest k seeds.

(c) Assign a new centroid for each cluster and
replace the previous seeds.

(d) Repeat these calculations until the SSE is
minimized.

Figure 1: Four steps of the K-means clustering algorithm.

In this study, to ensure that samples with similar inspection grades were handled consistently and to
prevent large differences in sample sizes across inspection grades, the frequency of the 18,246 defects and
the scores of the 1015 projects were subjected to cluster analysis using the K-means algorithm. The data were
divided into four groups according to the original grades A, B, C, and D. From best to worst quality, these
groups were Level A, Level B, Level C, and Level D (Table 1).

Table 1: Four levels of construction quality and percentage of the dataset.

Quality Good Poor
Clustering group Level A Level B Level C Level D
Project number 455 (44.8%) 157 (15.5%) 309 (30.4%) 94 (9.3%)

Inspection grade A B C D
Score 90–100 80–89 70–79 <70

Project number 6 (0.6%) 780 (76.8%) 227 (22.4%) 2 (0.2%)

In cluster analysis, the choice of K directly affects the rationality and interpretability of the clustering
results. In this study, the value of K was quantitatively evaluated using a combination of the Elbow Method
and the Silhouette Coefficient. Based on the defect frequency and inspection score data from 1015 projects,
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the K-means algorithm was performed for K = 2 to 8 (with the random seed fixed at 42 and repeated 10 times,
using the average results), and the SSE and the average silhouette coefficient were calculated for each value
of K. According to the Elbow Method, the SSE curve showed a clear elbow at K = 4, indicating that the rate of
SSE reduction decreased substantially beyond this point. Specifically, when K increased from 3 to 4, the SSE
decreased by 15.2%, whereas increasing K from 4 to 5 decreased the SSE by only 3.8% (Fig. 2). This finding
suggests that K = 4 represents an appropriate trade-off between model simplicity and explanatory power.

Figure 2: Elbow and Silhouette analyses indicating that K = 4 provides a stable and interpretable grouping of
construction quality risk for subsequent prediction and inspection management.

The Silhouette Coefficient, which measures the balance between within-cluster compactness and
between-cluster separation, ranges from −1 to 1. In this study, the average silhouette coefficient reached 0.62
at K = 4 (Fig. 2), which was markedly higher than that for K = 3 (0.54) and K = 5 (0.58). In addition, all
samples had silhouette coefficients greater than 0.3, indicating a well-defined clustering structure. Beyond
the statistical criteria, the reasonableness of K = 4 was further validated through interpretation in the context
of construction quality inspection practice. Specifically, the four cluster centers and their distributions across
key quality indicators exhibited distinct inspection-related patterns, which correspond well to the four-level
quality categorization commonly used in engineering practice. Therefore, both the statistical evidence and
the engineering interpretation support selecting K = 4 as the final number of clusters.

The practical role of K-means clustering in this study extends beyond data preprocessing. It also provides
a data management mechanism for reorganizing highly imbalanced inspection-grade data into more stable,
interpretable quality groups. In the original inspection system, most projects were concentrated in grades
B and C, whereas grades A and D contained very few cases. Such an uneven distribution reduces the
stability of supervised learning and limits the practical usefulness of the original grade labels for inspection
management. By clustering projects based on both inspection scores and defect frequency, K-means
produces quality groups that reflect not only the final inspection score but also each project’s observed
defect burden. This grouping enables projects with similar quality-risk characteristics to be analyzed and
managed together.

From an inspection management perspective, K-means-based grouping can transform raw inspection
records into actionable quality-risk categories. Projects classified into lower-quality clusters can be prioritized
for follow-up inspection, enhanced supervision, or corrective actions. Moreover, the clustering results help
inspection agencies identify groups of projects with similar defect patterns, thereby supporting risk-based
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inspection planning rather than relying solely on the original A–D inspection grades. Therefore, K-means
improves the practical usability of the inspection database by stabilizing the prediction target, enhancing
interpretability, and supporting more systematic inspection-resource allocation.

2.3 Multilayer Perceptron
MLPs consist of an input layer, one or more hidden layers, and an output layer. The input layer receives

the predictor variables, while the hidden layers learn nonlinear relationships between the inputs and the
target output. The number of hidden layers and neurons can be adjusted according to data complexity;
however, overly complex architectures may increase computational cost and the risk of overfitting, whereas
insufficient neurons may limit the model’s learning capacity. The output layer then converts the learned
representations into the final prediction, often expressed as a class probability.

During feedforward computation, each neuron calculates a weighted sum of its inputs and bias, followed
by a nonlinear activation function such as sigmoid, tanh, or ReLU. This process propagates information layer
by layer until the output is obtained. For each neuron, the weighted input is computed using the inputs xi,
weights wi, and bias bi, as expressed in Eq. (3). The parameters of the activation function are the weights
connecting each input-layer neuron to each hidden-layer neuron [37]. The activation function determines
whether the result of the summation of impulses, also known as the weighted sum of the inputs, is sufficient
to generate an output [17]. Two commonly used activation functions in MLP are the sigmoid function and
rectified linear unit (ReLU), as described in Eqs. (4) and (5).

yi =
n
∑

i
wi ⋅ xi + bi (3)

Sigmoid = 1
1 + e−x (4)

ReLU =max (0, x)

ReLU = {0 for x < 0
x for x ≥ 0

(5)

Once the MLP learning model has been established, backpropagation is used to minimize the error;
it is often combined with stochastic gradient descent (SGD). In recent deep learning networks, SGD has
been shown to be highly effective for optimization [38]. Among first-order gradient-based optimization
algorithms, the adaptive moment estimation (Adam) optimizer is widely used. Adam facilitates gradient
convergence in the correct direction by computing first- and second-moment estimates of the gradients [39].
Backpropagation is a supervised learning method that requires both features and labeled data (ground truth
values) as inputs. The features are fed into the neural network and processed through the hidden layers until
the output layer produces a result. The error between the output and actual labels is then calculated using
a loss function. Finally, the neural network’s weights and biases are updated to minimize the loss function.
A commonly used loss function, the cross-entropy loss (Eq. (6)), measures the overall error between the
predicted and true probability distributions. The loss function evaluates the model’s fit to the samples; a
smaller value indicates greater similarity between the predicted and actual values and therefore a better fit.

In Eq. (6), ti and yi represent the true label and the probability of the predicted label, respectively,
whereas n is the total number of data points. The optimizer is a numerical method for iteratively updating
the weights and biases during batch training until the combination that minimizes the loss is found.

Cross-Entropy = −
n
∑

i
ti ∗ ln (yi) (6)
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3 Research Data and Framework
Haponava and Al-Jibouri [40] noted that, in most relevant studies, performance was measured only after

project completion rather than during the construction phase. The Public Construction Inspection Mecha-
nism was established in Taiwan in 1993 to improve the quality management of public construction projects.
Under this mechanism, government agencies organize construction surveillance units composed of experts
and scholars to inspect randomly selected projects. Each project is typically examined by three inspection
committee members, who review relevant documents, conduct on-site inspections, and assess project quality
based on construction inspection criteria, applicable regulations, and contractual requirements. After the
inspection, a meeting is held to consolidate the identified defects, scores, and recommendations. The final
inspection grade is determined by averaging the scores assigned by the committee members and is classified
into four categories: Grade A (90–100 points), Grade B (80–89 points), Grade C (70–79 points), and Grade
D (<70 points). Four types of defects have been identified: Management (M), covering 113 defects; Quality
(Q), covering 356 defects; Schedule (S), covering 10 defects; and Design (D), covering 20 defects. The total
number of defects is 499. After the inspection is completed, the organizing agency must upload the relevant
inspection data for that day to the PCMIS.

In this study, a dataset of 1015 inspection projects obtained from the PCMIS was analyzed. The
data included information on defects, scores, inspection grades, contract sums, project categories, and
construction progress. The researchers analyzed these variables to examine the data and draw conclusions.
The statistics of the project attribute data are as follows: (1) Defect types: The frequency of management
defects was 8282, quality defects was 9836, schedule defects was 78, and design defects was 50. (2) Scores: 6
projects had scores above 90, 780 projects had scores between 80 and 89, 227 projects had scores between
70 and 79, and 2 projects had scores below 70 (Fig. 3). The total sample size was 1015 projects (population
size). (3) Contract sums were categorized into three groups: NT$100–1000 million (372 projects), NT$1000–
5000 million (282 projects), and above NT$5000 million (361 projects). (4) The seven project categories were
airport engineering (AE), civil engineering (CE), harbor engineering (HE), new construction engineering
(NE), other engineering (OE), power and air conditioning engineering (PE), and renovation engineering
(RE). The proportions of AE, CE, HE, NE, OE, PE, and RE projects, respectively, were 3.2% (32 projects),
8.8% (89 projects), 0.9% (9 projects), 11.6% (118 projects), 30.1% (306 projects), 17.4% (177 projects), and
28.0% (284 projects; Fig. 4). (5) Construction progress was calculated as the percentage of completed tasks
and quantities. The average progress was 46.78% with a standard deviation of 27.4. The maximum progress
was 100%, and the minimum progress was 0%.

This study aimed to predict the construction quality of these 1015 projects. Cluster analysis was con-
ducted on two variables extracted from the quality-related inspection data: defect frequency and scores. The
purpose of the cluster analysis was to group projects with similar characteristics together. Hence, the original
four inspection grades were regrouped with four clusters: Level A, Level B, Level C, and Level D. Projects in
Level A and Level B were grouped as high-quality projects (612 projects), whereas those in Level C and Level
D were grouped as low-quality projects (403 projects). The goal of the prediction was to sort the projects into
these two categories. Further analysis was also conducted to identify specific defects affecting construction
quality and to examine the correlation between quality and project attributes. Such an investigation could
provide valuable information for implementing effective construction management practices.
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Figure 4: Statistics of contract sums and project categories.

Although the PCMIS inspection system provides official grades A–D and numerical scores, the original
grade distribution was highly imbalanced, with only 6 grade-A projects and 2 grade-D projects among the
1015 inspected projects. In contrast, most projects were concentrated in B and C. Using the original four-grade
system directly as the prediction target would therefore create an extremely sparse and unstable multi-class
learning problem. To reduce this imbalance and define project quality based on both inspection scores and
defect burden, K-means clustering was applied to defect frequency and inspection scores. The clustering
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results produced four groups with a more balanced distribution, which were subsequently consolidated
into two broader categories, namely high-quality (Good) and low-quality (Poor) projects, for the final
classification task. Accordingly, the role of cluster analysis in this study was not to replace the official
inspection grading system, but to provide a more stable and practically interpretable target structure for
predictive modeling.

The main research framework and process of this study are presented in Fig. 5 and described as
follows:

• PCA: Principal components were retained based on the scree plot and cumulative explained variance,
and critical defects related to construction quality were selected using an absolute component loading
threshold of 0.4. These retained defect were then used as input variables for the construction quality
prediction model.

• Cluster Analysis: Cluster analysis was performed on the defect frequency and scores to group projects
with similar characteristics into the same cluster. Clustering reduces the sample size of projects with
different grades and provides output variables for the construction quality prediction model.

• MLP: The MLP was used as a nonlinear binary classifier to distinguish high-quality from low-quality
projects. The data were divided into an independent stratified test set (20%) and a development set
(80%) for 5-fold stratified cross-validation and grid-search-based hyperparameter tuning. The final
model used 22 input features and adopted a two-hidden-layer architecture (40, 30) with ReLU hidden
activations, a sigmoid output, the Adam optimizer, a learning rate of 0.001, a batch size of 32, and 30
training epochs. Model robustness was further examined across multiple random seeds.

• Model evaluation: The model for predicting construction quality was assessed using a confusion
matrix to calculate its accuracy, precision, and recall. This evaluation indicated the effectiveness of
the model constructed using PCA and the MLP. Additionally, the factors contributing to model
misclassifications were explored, and the relationships between project attributes (input variables) and
quality were analyzed. These findings provide valuable insights for project managers of construction
teams attempting to effectively enhance the quality of public-sector construction.

Step 2: Output variables

Step 3: MLP optimization

Step 4: Model evaluation

MLP Input
layer

Output
layer

Hidden
layers

Optimal 
model

Prediction
results

Yes

NoN
Search space
& ptimization

Step 1: Input variables

PCMIS

Principal 
component 

analysis
Critical
defects

Project 
attributes

Cluster
analysis

Project
quality

Level 
A-D

Input/output 
variables

Figure 5: Research framework of the proposed PCA–MLP construction quality prediction model.
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4 Results and Discussion
In this study, PCA was applied to the 499 defect variables in the PCMIS database to reduce redundancy

and multicollinearity before model construction. The defect variables were binary indicators, with 1 indicat-
ing the presence of a defect and 0 indicating its absence. Because these variables were already measured on
the same 0/1 scale, they were not standardized prior to PCA. The covariance matrix was used in the original
analysis to preserve the variance structure of the defect-occurrence data in their original coding.

The PCA results were used to identify the most representative defects affecting construction quality.
To improve transparency in the dimensionality reduction process, principal component retention was
determined based on the scree plot and cumulative explained variance rather than a single numerical
threshold. Fig. 6 presents the scree plot of the principal components extracted from the defect dataset. The
plot shows that the eigenvalues declined rapidly in the early components and then gradually leveled off,
indicating that the majority of the variance in the original dataset was concentrated in a limited number
of components. Based on the scree plot and cumulative explained variance, 10 principal components were
retained, and the retained component structure explained 84.223% of the total variance, suggesting that
most of the information contained in the original 499 defect variables was preserved after dimensionality
reduction. After component retention, defect variables with absolute component loadings exceeding 0.4 were
selected, yielding 13 critical defects for subsequent analysis.

Figure 6: Scree plot showing the retention of 10 principal components, preserving 84.223% of defect-information
variance for critical defect selection.

4.1 Critical Defects
After the principal components were retained, defect variables were screened based on their associations

with the retained components. In this study, an absolute component loading threshold of 0.4 was adopted to
identify critical defects with meaningful contributions to the retained components. This threshold was used
for variable selection, rather than for principal component retention. Based on this procedure, 13 critical
defects were identified as input variables for the comprehensive evaluation of construction quality. These
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defects were further interpreted as three aspects: Inspection Records and Occupational Safety and Health
(Aspect I), Concrete Quality (Aspect II), and Construction Team Quality Management (Aspect III). Table 2
reports the component loadings and extracted communalities of these 13 critical defects.

Table 2: Component loadings and extracted communalities of the 13 critical defects identified by PCA.

Aspect Defect Code Critical Defect Component Loadings Extracted Communality
P1 P2 P3

Aspect I

M47

Absence of inspections of
construction operations, failure to
conduct material and equipment

inspections, and failure to complete
inspection records

0.534 −0.304 0.019 0.998

M76 Failure to complete quality control
self-inspection forms 0.517 −0.247 0.088 0.999

Q286
Lack of proper fall prevention

facilities, such as guardrails, covers,
safety nets, and safety harnesses

0.471 0.116 −0.017 0.994

Q60
Uncleared garbage and waste
materials that can affect the

environment
0.438 0.088 −0.049 0.991

M51
Failure to complete manufacturing
supervision reports or no record of

implementing these reports
0.417 −0.307 0.112 0.994

M48

Failure to supervise construction
contractors in implementing

on-site safety and health, traffic
maintenance, and environmental

protection measures

0.415 −0.088 0.001 0.994

M75
Failure to complete construction
logs, failure to adhere to specified

formats, or incomplete records
0.413 −0.372 0.205 0.999

Q283
Missing records regarding the

inspection and review of materials
and equipment

0.446 0.007 −0.352 0.999

Aspect II

Q2

Improper pouring and compaction
of concrete resulting in the

formation of cold joints,
honeycombing, or voids

0.266 0.614 0.21 0.997

Q5
Presence of debris (such as wires,
iron pieces, or formwork) on the

surface of the concrete
0.311 0.588 0.265 0.997

Aspect III

M61
Other deficiencies related to the

organizing agency or project
management firm

0.218 0.236 0.56 0.998

M29 Other defects in supervisory unit
quality management 0.368 0.156 0.412 0.998

M113 Other defects in contractor quality
management 0.305 0.227 0.498 0.999
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KMO and Bartlett’s test were further conducted for the 13 critical defects retained after PCA-based
variable screening. The overall KMO value was 0.723, indicating acceptable sampling adequacy. Bartlett’s test
of sphericity was significant (χ2 = 1367.25, df = 78, p < 0.001), confirming that the correlation structure among
the retained defect variables was suitable for subsequent latent-structure interpretation.

The first principal component (P1) comprised eight defects: M47, M76, Q286, Q60, M51, M48, M75, and
Q283. These defects are all related to labor safety and health, or the completion of construction inspection
checklists. Therefore, this principal component was named “Inspection Records and Occupational Safety
and Health” (Aspect I). Of the variables, an absence of inspection of construction operations, failure to
conduct material and equipment inspections, and failure to complete inspection records (M47) were found to
significantly affect construction quality (component loading = 0.534). The second principal component (P2)
comprised two defects: Q2 and Q5. Both are related to deficiencies in the quality of concrete construction.
This principal component was named “Concrete Quality” (Aspect II). Improper pouring and compaction
of concrete, resulting in the formation of cold joints, honeycombing, or voids (Q2), is a deficiency that
significantly affects construction quality (component loading = 0.614). The third principal component (P3)
comprised three defects: M61, M29, and M113. These deficiencies are related to the quality management
practices of the organizing agency, supervisory unit, and contractors involved in the construction team. This
principal component was named “Construction Team Quality Management” (Aspect III). Other deficiencies
related to the organizing agency or project management firm (M61) also play a crucial role in determining
the construction quality (component loading = 0.56).

The PCA results for the PCMIS data were used to characterize defects and identify defect categories.
Some defects were strongly correlated and could be grouped into a single aspect. PCA can facilitate the
identification of primary latent factors and unimportant secondary factors, thereby simplifying the data
structure. It also provides a comprehensive criterion for variable selection (the largest individual differences
in component loadings among the principal components). The 13 critical defects identified through PCA
significantly affect construction quality and are influential factors in determining grades, scores, and on-site
management performance. Construction teams that must undergo government inspections could reference
these findings to better manage defects. In particular, the following three defect categories are described as
a reference for owners, supervisors, and contractors:

• Inspection Records and Occupational Safety and Health (Aspect I): The first principal component of
critical defects can be divided into two subcategories. The first subcategory pertains to defects related to
inspection records, including the following: “Absence of inspections of construction operations, failure
to conduct material and equipment inspections, and failure to complete inspection records (M47),”
“Failure to complete quality control self-inspection forms” (M76), “Failure to complete manufacturing
supervision reports or no record of implementing these reports” (M51), “Failure to complete construc-
tion logs, failure to adhere to specified formats, or incomplete records” (M75), and “Missing records
regarding the inspection and review of materials and equipment” (Q283). An inspecting committee
will consider incomplete construction inspection reports inadequate, which affects the inspection score.
The second subcategory pertains to defects related to labor safety and health. It includes the following:
“Lack of proper fall prevention facilities, such as guardrails, covers, safety nets, and safety harnesses”
(Q286), “Uncleared garbage and waste materials that can affect the environment” (Q60), and “Failure
to supervise construction contractors in implementing on-site safety and health, traffic maintenance,
and environmental protection measures” (M48). When inspecting a construction site, the inspection
committee first checks the safety measures and protections provided for workers. Site safety is the
foundation of site management. Detailed inspections should be conducted daily, both before and
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during construction, to prevent occupational incidents and ensure that project management strategies
are effective.

• Concrete Quality (Aspect II): The critical defects of the second principal component are “Improper
pouring and compaction of concrete resulting in the formation of cold joints, honeycombing, or voids”
(Q2) and “Presence of debris (such as wires, iron pieces, or formwork) on the surface of the concrete”
(Q5). These defects are commonly observed in concrete construction projects and can significantly affect
construction quality. Avoiding these defects is crucial for supervisors.

• Construction Team Quality Management (Aspect III): The critical defects of the third principal
component are “Other deficiencies related to the organizing agency or project management firm”
(M61), “Other defects in supervisory unit quality management” (M29), and “Other defects in contractor
quality management” (M113). These defects are all related to the quality management operations of the
organizing agency, supervisory unit, and contractor. Clearly, whether the construction team effectively
implements management tasks has a decisive effect on construction quality.

By addressing and managing these defects, construction teams can enhance performance and improve
construction quality to meet the requirements and expectations of government agency inspectors.

4.2 Training and Evaluation of Predictive Models
Before model development, the data were first preprocessed. First, after checking the completeness

of all variables, it was confirmed that the final analytical dataset used in this study contained no missing
values; therefore, no imputation or case deletion was performed. Second, regarding scale transformation, the
defect variables used for PCA were coded as binary occurrence indicators (0/1) and measured on the same
scale; therefore, no additional standardization was applied before PCA. By contrast, the continuous project-
attribute variables used as inputs to the MLP were normalized using min–max normalization prior to model
training, in order to reduce the influence of differences in variable scale on model learning.

4.2.1 Hyperparameter Search Space and Optimization Strategy
To improve the robustness of model validation, this study adopted a repeated validation strategy to

reduce the potential influence of random data partitioning and random weight initialization. The network
architecture and training hyperparameters of the MLP, including the number of hidden layers, the number of
neurons per hidden layer, the learning rate, and the batch size, were systematically optimized via a grid search
combined with 5-fold stratified cross-validation, with validation performance as the primary criterion for
model selection. To avoid overly optimistic evaluation, 20% of the data were first reserved as an independent
test set using stratified sampling, and these samples were excluded from model training, cross-validation, and
hyperparameter tuning. The remaining 80% of the data were used as the development set for 5-fold cross-
validation and hyperparameter search. After the optimal hyperparameter combination was identified, the
model was repeatedly trained and evaluated across multiple random seeds to assess its prediction stability.
All candidate configurations were trained under the same training protocol to ensure a fair comparison
across models, and the number of training epochs was fixed at 50. Early stopping was disabled at this stage
to avoid inconsistencies in training duration caused by premature termination. Final model performance
was evaluated using Accuracy, Precision, Recall, and F1-score, and the results were reported as the mean ±
standard deviation across repeated experiments. The search space considered in this study was defined as
follows: the number of hidden layers was set to 1, 2, or 3; the number of neurons in each hidden layer was set
to 20, 30, 40, or 50; the learning rate was set to 0.1, 0.01, 0.001, or 0.0001; and the batch size was set to 16, 32,
64 or 128.
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4.2.2 Gradient Experiments on the Number of Hidden Layers and Neurons
Fig. 7 illustrates the trend in validation accuracy across different hidden-layer depths (1, 2, or 3 layers)

and neuron configurations. The results show that, for the single-hidden-layer model, validation accuracy
increased from 86.2% to 89.5% as the number of neurons increased from 20 to 50. However, as the number
of neurons increased further, validation performance began to decline, suggesting the model may have
started to overfit. For the two-hidden-layer model, the (40, 30) configuration achieved the highest validation
accuracy of 91.8%, outperforming the single-layer architecture overall.

Figure 7: Model performance comparison under different hidden layer structures and neuron counts.

For the three-hidden-layer model, the highest validation accuracy was approximately 90.1% under the
(30, 20, 10) configuration. However, the training time increased by approximately 40%, and the validation loss
curve exhibited larger fluctuations, indicating that, under a small-sample setting, a three-layer architecture
was more prone to instability and overfitting (Fig. 8). Based on these results, this study selected the
two-hidden-layer architecture as the main model structure and adopted (40, 30) as the optimal neuron
configuration. To ensure a fair comparison across different architectures, both the ablation analysis and
hyperparameter sensitivity analysis were conducted with a fixed training length of 50 epochs, without early
stopping. For the final model, however, the maximum number of training epochs was set to 30 based on the
convergence behavior observed on the validation set, to reduce computational cost and avoid overfitting in
the later stages of training.

Table 3 summarizes the performance metrics on the independent test set, including accuracy, precision,
recall, and F1-score, together with the number of model parameters for several representative configurations.
The results show that the two-hidden-layer architecture (40, 30) achieved the best overall performance while
maintaining a moderate number of parameters, indicating that it is well suited to the task of construction
quality prediction.
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Figure 8: Loss curve comparison of MLP configurations under hyperparameter optimization.

Table 3: Performance comparison of MLP with different hidden-layer architectures.

Hidden-Layer Architecture Number of Parameters Accuracy (%) Precision (%) Recall (%) F1-Score
1 layer (50) 1201 89.2 87.6 94.1 0.907

2 layers (40, 30) 2221 91.3 90.2 96.1 0.936
2 layers (60, 40) 3301 90.5 89.1 95.3 0.921

3 layers (30, 20, 10) 1951 89.8 88.3 94.7 0.914

4.2.3 Optimization of Learning Rate and Batch Size
Under the fixed two-hidden-layer architecture (40, 30), this study further conducted a grid search to

optimize the learning rate and batch size. As shown in Fig. 9, when the learning rate was set to 0.001, the
model converged relatively quickly and achieved lower final loss values, with the training loss reaching
approximately 0.21 and the validation loss approximately 0.24. By contrast, when the learning rate was 0.01,
the loss curves showed noticeable oscillation, indicating unstable optimization. When the learning rate was
reduced to 0.0001, convergence became excessively slow, and the validation loss remained above 0.35 even
after 50 epochs. For batch sizes 32 and 64, both performed similarly; however, 32 yielded slightly higher
validation accuracy (91.8% vs. 91.5%) and better computational efficiency per training epoch. When the batch
size was 16, the larger gradient noise led to unstable convergence. In contrast, a batch size of 128 yielded
inferior generalization performance due to a low update frequency, resulting in a validation accuracy of
approximately 90.3%. Based on these results, the final model was configured with a learning rate of 0.001 and
a batch size of 32.
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Figure 9: Sensitivity analysis of learning rate and batch size for MLP training.

4.2.4 Optimizer Experiment
Under the same MLP architecture—consisting of an input layer with 22 neurons, two hidden layers

with 40 and 30 neurons, respectively, and an output layer with 1 neuron—all models were trained for 50
epochs with a fixed batch size of 32 and the cross-entropy loss function. Each optimizer was evaluated over
five repeated runs, and the average results were reported. To ensure a fair comparison, the same stratified
data-partitioning strategy adopted throughout this study was used: 20% of the data were reserved as an
independent test set, whereas the remaining 80% were used as the development set for model training
and validation. Under this setting, the performances of three widely used optimizers, namely Adam, SGD,
and RMSprop, were compared. Among them, Adam showed the fastest convergence, reaching the best
validation loss at approximately epoch 18, whereas SGD required about 38 epochs and still achieved inferior
final performance. Fig. 10 presents the validation loss curves of the three optimizers during training. Adam
exhibited the most rapid loss reduction, decreasing from 0.68 to 0.28 within the first 10 epochs, and
then converging smoothly to approximately 0.22 without obvious oscillation. RMSprop converged slightly
more slowly than Adam, becoming relatively stable after around 20 epochs, with a final validation loss of
approximately 0.26; however, its curve still showed minor fluctuations. By contrast, SGD converged the most
slowly, still showing a slight downward trend after 40 epochs, with a final validation loss of approximately
0.36, and its training curve displayed more pronounced oscillation.

The characteristics of the construction quality prediction dataset provide a natural explanation for the
Adam optimizer’s superior performance. First, the input variables include 13 critical defects (binary discrete
variables), 7 project categories (discrete variables), and continuous variables such as construction progress
and contract sums, resulting in a dataset with mixed data types and a relatively sparse feature structure.
Because Adam adaptively adjusts the learning rate for each parameter, it can handle sparse gradients more
effectively, whereas SGD uses a uniform learning rate for all parameters and is therefore less efficient for
sparse features. Second, the construction quality dataset exhibits a certain degree of class imbalance (612
high-quality projects vs. 403 low-quality projects) and potential nonlinear interactions among variables.
By combining momentum (first-order moments) with adaptive learning-rate adjustment (second-order
moments), Adam is better able to maintain stable update directions in a complex loss landscape, thereby
reducing the risk of slow convergence or oscillation that may occur with SGD.
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Figure 10: Comparison of validation loss convergence curves for Adam, RMSprop, and SGD.

4.2.5 Model Evaluation
Generally, data can be either discrete or continuous, and the nature of the data affects model selection,

data transformation, and the interpretation of prediction results. Table 4 summarizes the final set of 22 input
features used in the proposed construction quality prediction model. These predictors comprise three groups:
(i) 13 critical defects (Defect_M47–M113), encoded as binary variables indicating whether the corresponding
PCMIS defect code was recorded at least once for a given project (1 = yes, 0 = no); (ii) two continuous project
attributes, namely contract sum and construction progress; and (iii) seven one-hot encoded project-category
variables (Category_AE–RE).

In this study, the MLP was implemented as a nonlinear binary classifier to distinguish high-quality from
low-quality projects. The final model adopted an architecture with an input layer of 22 neurons, two hidden
layers with 40 and 30 neurons, respectively, and an output layer with 1 neuron. The hidden layers used the
ReLU activation function, whereas the output layer used the sigmoid activation function to generate the
probability that a project would be classified as high quality. The network was optimized using the Adam
optimizer with a batch size of 32. During model development, repeated experiments across multiple random
seeds showed stable performance on the development set. As summarized in Table 5, the model achieved an
overall accuracy of 92.1 ± 1.2% on the development set. For the Good class, the precision, recall, and F1-score
were 94.0 ± 1.5%, 95.0 ± 1.2%, and 0.945 ± 1.3%, respectively, whereas for the Poor class, the corresponding
values were 90.0 ± 2.5%, 87.0 ± 2.0%, and 0.885 ± 2.2%. The macro-average and weighted-average F1-Scores
were 0.915± 1.8% and 0.921± 1.6%, respectively, indicating stable, balanced classification performance during
model development.
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Table 4: Summary of the 22 input features used in the classification model.

No. Feature Name Type Description
1 Defect_M47 Binary (0/1)

Defect variables are binary indicators
denoting whether the corresponding

PCMIS defect code was recorded ≥1 time
for the project (1 = yes, 0 = no).

2 Defect_M76 Binary (0/1)
3 Defect_Q286 Binary (0/1)
4 Defect_Q60 Binary (0/1)
5 Defect_M51 Binary (0/1)
6 Defect_M48 Binary (0/1)
7 Defect_M75 Binary (0/1)
8 Defect_Q283 Binary (0/1)
9 Defect_Q2 Binary (0/1)
10 Defect_Q5 Binary (0/1)
11 Defect_M61 Binary (0/1)
12 Defect_M29 Binary (0/1)
13 Defect_M113 Binary (0/1)
14 Contract_Sum Continuous Contract amount (NT$ million)
15 Construction_Progress Continuous Percentage of construction completion (%)
16 Category_AE Binary (0/1) Airport Engineering
17 Category_CE Binary (0/1) Civil Engineering
18 Category_HE Binary (0/1) Harbor Engineering
19 Category_NE Binary (0/1) New Construction Engineering
20 Category_OE Binary (0/1) Other Engineering
21 Category_PE Binary (0/1) Power and Air Conditioning Engineering
22 Category_RE Binary (0/1) Renovation Engineering

Table 5: Detailed metrics for the development set (mean ± standard deviation).

Class Precision (%) Recall (%) F1-Score
Good 94.0 ± 1.5 95.0 ± 1.2 0.945 ± 0.013
Poor 90.0 ± 2.5 87.0 ± 2.0 0.885 ± 0.022

Macro Avg 92.0 ± 2.0 91.0 ± 1.6 0.915 ± 0.018
Weighted Avg 92.4 ± 1.8 91.8 ± 1.4 0.921 ± 0.016

Accuracy 92.1 ± 1.2

The confusion matrix is commonly used to evaluate the predictive performance of supervised machine
learning models because it facilitates a direct comparison between model predictions and actual labels. Based
on the confusion matrix, Accuracy, Precision, and Recall were calculated using Eqs. (7)–(9). In the present
study, Table 6 presents the overall confusion matrix for all 1015 projects, rather than only for the independent
test subset. Across the full dataset, the total number of correctly classified instances (TP + TN) was 927,
corresponding to an overall accuracy of 91.3%. In addition, the precision for the “Good” class was 90.2%,
and the recall was 96.1%, indicating that the model showed strong overall classification performance in
identifying construction quality categories.

Accuracy = TP + TN
TP + FN + FP + TN

(7)

Precision = TP
TP + FP

(8)
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Recall = TP
TP + FN

(9)

Table 6: Confusion matrix summarizing the overall classification results for the full dataset.

Actual Predicted

Good Poor
Good 588 24
Poor 64 339

To provide a more comprehensive evaluation of classification performance, this study further employed
Specificity, ROC-AUC, and Balanced Accuracy in addition to Accuracy, Precision, and Recall. Assuming
that high-quality projects were treated as the positive class, Specificity (TN/(TN + FP)) measures the
model’s ability to correctly identify low-quality projects, and its value reached 0.934. Furthermore, based
on the model’s probability scores, the ROC curve was generated by plotting the true positive rate (TPR)
against the false positive rate (FPR) under different decision thresholds. The corresponding AUC was 0.976,
indicating excellent discriminative ability. In addition, Balanced Accuracy, defined as (Recall+ Specificity)/2,
is particularly suitable for imbalanced classification problems because it accounts for predictive performance
across both positive and negative classes. The obtained Balanced Accuracy of 0.948 further confirms that the
proposed model achieved stable and balanced classification performance across the two quality categories.

Fig. 11 presents the reliability diagram used to evaluate the model’s calibration performance. The
horizontal axis represents the mean predicted probability within each bin, and the vertical axis represents
the corresponding observed fraction of positive instances. A perfectly calibrated model would produce a
calibration curve lying on the diagonal reference line. As shown in the figure, the calibration curve closely
follows the diagonal across most probability bins, indicating that the predicted probabilities are generally
consistent with the observed outcomes. The overall expected calibration error (ECE) is 0.031, indicating a
low calibration error and supporting the reliability of the model’s probability estimates.

To validate the effectiveness of the proposed PCA–MLP hybrid model in the task of construction
quality prediction, this study selected several commonly used baseline models in civil engineering research,
including a single MLP, Logistic Regression, Support Vector Machine (SVM), Decision Tree, Random Forest,
and XGBoost, for comparison. To ensure a fair comparison, all baseline models were also tuned using a
consistent hyperparameter optimization strategy (e.g., grid search with a fixed search range). Each model
configuration was repeated 10 times, and the results are reported as mean ± standard deviation. As shown
in Table 7, the proposed PCA–MLP achieved the best overall classification performance. Its accuracy was
1.3 percentage points higher than that of XGBoost, and its recall reached 96.1%, exceeding the other models
by 1.6–6.0 percentage points, indicating a stronger ability to reduce false negatives (FNs). As a linear model,
Logistic Regression performed worse than the nonlinear models (Random Forest, XGBoost, and PCA–
MLP), suggesting that the relationship between the input features and the target labels involves complex
nonlinear patterns. By contrast, the single MLP without PCA achieved only 85.6% accuracy and required
longer training time (48.2 s), indicating that PCA-based dimensionality reduction effectively suppressed
redundant and noisy features, thereby improving both training efficiency and generalization performance.
Although Random Forest and XGBoost also performed well, their recall values (93.8%–94.5%) remained
lower than that of PCA–MLP, suggesting that neural networks are more advantageous in capturing nonlinear
feature interactions.
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Figure 11: Reliability diagram of the MLP with expected calibration error (ECE).

Table 7: Comparison of different models for construction quality prediction (mean ± standard deviation).

Model Accuracy (%) Precision (%) Recall (%) F1-Score Training Time (s)
Single MLP 85.6 ± 1.4 84.2 ± 1.6 90.1 ± 1.2 0.868 48.2 ± 2.1

Logistic Regression 86.5 ± 1.0 85.3 ± 1.2 91.0 ± 0.9 0.879 8.2 ± 0.4
SVM 87.2 ± 0.9 86.0 ± 1.1 92.3 ± 0.8 0.889 12.4 ± 0.5

Decision Tree 88.2 ± 1.1 86.9 ± 1.3 92.8 ± 0.8 0.897 5.6 ± 0.2
Random Forest 89.1 ± 0.8 87.9 ± 0.9 93.8 ± 0.7 0.907 8.7 ± 0.3

XGBoost 90.0 ± 0.7 88.8 ± 0.8 94.5 ± 0.6 0.916 10.2 ± 0.4
PCA-MLP 91.3 ± 0.7 90.2 ± 0.8 96.1 ± 0.6 0.936 15.6 ± 0.6

From a practical engineering perspective, construction quality prediction mainly requires two capa-
bilities: high recall and rapid prediction. First, regarding high recall, misclassifying a low-quality project
as high quality (i.e., a false positive) may lead to insufficient follow-up quality control and potential safety
risks. Therefore, reducing false negatives was given priority in evaluating model performance. In this regard,
PCA–MLP achieved the highest recall (96.1%), indicating a stronger ability to identify low-quality projects
and thus a lower risk of missed detections. Second, regarding rapid prediction, once a model has been
trained, its inference time for new samples should be sufficiently short to support practical decision-
making. The results show that all models achieved millisecond-level prediction times per sample, indicating
that they are all feasible for practical application. Among them, PCA–MLP required 15.6 s for training,
which remains acceptable overall. Therefore, the proposed model provides a favorable trade-off between
recognition performance (high recall) and computational cost (training and inference time).
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4.3 Result Analysis
MLP is a typical black-box model. Although it has strong nonlinear fitting capability, its internal

decision-making process lacks intuitive interpretability. In civil engineering, practitioners require not only
accurate predictions but also a clear understanding of the model’s decision logic, so that the critical
defects affecting construction quality can be identified and used to guide on-site management. Therefore,
incorporating interpretability analysis is essential to enhancing the model’s engineering applicability. In
recent years, Shapley Additive Explanations (SHAP) has become one of the mainstream approaches for
machine-learning interpretability because of its unified additive feature-attribution framework and solid
theoretical foundation in game theory. For example, in predicting the seismic performance of reinforced
concrete bridges, Luo et al. [41] used SHAP analysis to identify the key contributions of ground-motion
intensity parameters (e.g., Sa10) and geometric parameters (e.g., pier height and span length) to bridge
seismic response. Following this line of research, the present study employed SHAP to interpret the proposed
PCA–MLP construction quality prediction model, quantify the contribution of the 13 critical defects to
the prediction results, and reveal the relative importance of each defect in construction quality assessment
(Fig. 12).

Figure 12: Global SHAP feature importance for 13 critical defects, identifying priority defect indicators for inspection
management.

Among all features, M47 and Q2 ranked first and second, respectively, and their mean absolute SHAP
values were substantially higher than those of the other features. This result indicates that the completeness of
inspection records and the quality of concrete construction are the two most critical factors in determining
construction quality. This finding is highly consistent with engineering practice: incomplete inspection
records often imply failure of procedural control, whereas concrete-quality defects directly reflect the level of
construction workmanship. In addition, defects such as M75, M76, and Q286 were also relatively important,
suggesting that construction quality is strongly influenced by systematic issues in quality management. In
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other words, document management, procedural control, and occupational safety constitute three major
pillars of construction quality.

From a management perspective, these SHAP results can be translated into specific inspection actions.
When M47 is flagged, agencies should immediately verify whether construction-operation inspections,
material/equipment inspections, and inspection records are complete and traceable. When Q286 is flagged,
inspection teams should prioritize fall-prevention facilities, including guardrails, covers, safety nets, and
safety harnesses, because this defect reflects both occupational-safety risk and weak site control. For
Q2 and Q5, supervisors should strengthen concrete pre-pour checklists, compaction monitoring, and
post-pour surface inspections to reduce honeycombing, cold joints, voids, and embedded debris. Thus,
SHAP interpretation not only explains the model but also converts defect importance into a risk-based
inspection protocol.

A total of 64 projects were classified as being a false positive (FP; i.e., the model predicted that a poor-
quality project was good quality), and 24 projects were classified as being a false negative (FN; i.e., the model
predicted that a good-quality project was poor quality). Both FPs and FNs are incorrect predictions; the input
variables could be examined to explore the factors contributing to these types of misclassification.

(1) Defects

The input variables were 13 critical defects. To analyze the 64 FP projects and 24 FN projects, the average
frequency of each critical defect was calculated for 88 projects (Fig. 13). Subtracting the average frequencies
for FP and FN yielded a difference. A defect with a larger difference had different effects on the FP and FN
predictions. In particular, the difference values were greater than 0.15 for the following defects: “Absence of
inspections of construction operations, failure to conduct material and equipment inspections, and failure
to complete inspection records” (M47), “Failure to complete construction logs, failure to adhere to specified
formats, or incomplete records” (M75), and “Uncleared garbage and waste materials that can affect the
environment” (Q60; Fig. 14).
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Figure 13: Average frequency of critical defects for the FP and FN cases.
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Figure 14: FP vs. FN difference values for critical defects.

(2) Contract sums

Fig. 15 illustrates the numbers of FPs and FNs classified by the projects’ contract sum: NT$1–10 million,
NT$10–50 million, and greater than NT$50 million. For the FPs, the proportions of these three types of
projects were similar to the proportions in the total population of 1015 projects, indicating that the contract
sum did not significantly affect FP predictions. However, the proportions significantly differed for the
FNs. The NT$1–10 million range contained fewest projects (6 projects), with the NT$10–50 million and
>NT$50 million ranges containing more projects (9 projects each). However, the number of FNs was small;
determining whether the contract sum affects FN explanations was thus difficult.
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Figure 15: Number of FP and FN projects by total contract sum.

(3) Construction progress

The projects were categorized into two groups on the basis of the construction progress: less than and
greater than 50% completion. The proportions of projects for which the prediction was a FP within these
two progress categories were similar to the proportions in the population. Specifically, the proportions of
FP projects with less than and greater than 50% completion were 59% and 41%, respectively (Fig. 16a); these
proportions were 56% and 44% in the population. These results suggested that FP misclassifications were
not affected by the construction progress. However, the proportion of FN projects with lower than 50%
progress was 75% (Fig. 16b). This indicates that projects with progress lower than 50% may be misjudged as
having poor construction quality when, in reality, these projects may ultimately be high quality. Furthermore,
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the input variables for score and project category were not discovered to strongly affect FP and FN
misjudgments. Fig. 17 reveals that the proportions of FP and FN misjudgments across the seven project
categories were similar.

(a) (b)

Figure 16: Number of (a) FP and (b) FN misjudgments by construction progress.
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Figure 17: Number of FPs and FNs for each project category.

The FP and FN results provide several actionable implications for construction management. Because
FP cases indicate poor-quality projects that were previously predicted to be good-quality, they represent a
more critical management risk than FN cases. Such projects may be overlooked by inspection agencies and
lack sufficient follow-up supervision. Therefore, projects classified as good quality by the model should still
be subject to secondary review when key red-flag defects are present. In particular, the FP–FN comparison
revealed that M47, M75, and Q60 had relatively large differences between the two types of misclassification.
These defects are associated with incomplete construction-operation inspections, incomplete construction
logs, and uncleared garbage or waste materials affecting the construction environment. Accordingly, the
presence of these defects should trigger additional document review, on-site verification, or corrective action,
even when the model prediction is favorable.

FN cases also provide useful management information. In this study, 75% of FN cases occurred in
projects with construction progress below 50%, suggesting that early-stage projects may be more easily
judged as poor quality because their records, construction processes, or site conditions are still developing.
Therefore, for projects at an early construction stage, model predictions should be interpreted alongside
construction progress. A poor-quality prediction for an early-stage project should not necessarily be regarded
as a final quality failure; rather, it should be used as an early-warning signal for targeted follow-up inspection.
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(4) Analysis of poor construction quality

Fig. 18 illustrates the frequency of the 13 critical defects in the projects defined by actual quality (not
predicted quality). The proportion of poor-quality projects with defects M47, M48, M51, Q60, and Q286
was at least 2.5% higher than that of good-quality projects. That is, approximately 70% of the poor-quality
construction projects had one of these five critical defects. In particular, 84.2% of the projects with “Failure
to complete manufacturing supervision reports or no record of implementing these reports” (M51) were of
poor quality, highlighting that documenting inspection reports is a critical means of quality supervision and
control. Therefore, inspection committee members should emphasize record-keeping regarding construction
inspections. If relevant inspection information is not documented, project quality cannot be assured. By
contrast, the proportions of poor-quality projects with Q2 and Q5 defects were less than 40%, suggesting
that although many projects may have these two defects, they are not significantly related to overall quality.
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Figure 18: Proportion of good- and poor-quality projects with each critical defect.

Regarding project categories, 50.7% of renovation engineering (RE) projects were poor, whereas 88.9%
and 78.1% of harbour engineering (HE) and airport engineering (AE) projects, respectively, were good
(Fig. 19a). This indicates that the construction quality of RE projects is generally worse than that of HE and
AE projects. Moreover, regarding inspection grades, 61.7% of Grade C projects had poor quality, and 66.3%
of Grade B projects had good quality (Fig. 19b). The three contract sum categories had similar proportions of
projects with good and poor construction quality; poor projects accounted for 35.5%–41.7% of the projects
for each category (Fig. 19c). The proportion of poor projects also did not differ greatly for projects with
construction progress of less than vs. greater than 50% (40.4% and 39.2%, respectively; Fig. 19d).

4.4 Limitations and Future Work
A limitation of this study is that the empirical dataset was obtained from Taiwanese public construction

projects. Although the PCMIS database provides a large-scale and institutionally standardized source of
inspection records, the resulting model may still reflect Taiwan-specific regulatory requirements, inspection
procedures, project management practices, and defect-recording conventions. Therefore, the generalizability
of the proposed PCA–MLP framework to other regions or countries should be interpreted with caution.
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Figure 19: Proportion of projects of good and poor quality by (a) project category, (b) inspection grade, (c) contract
sum, and (d) construction progress.

In addition, the PCA–MLP model in this study relied primarily on defect records from construction
inspections. Other potentially informative data sources, such as site-monitoring data (e.g., real-time sensor
measurements of concrete temperature, humidity, compaction, and strain) and raw-material inspection
data (e.g., reinspection results for cement, aggregates, and reinforcing steel), were not incorporated. These
multi-source datasets contain dynamic information related to defect formation and may further improve
the model’s predictive accuracy and generalizability. Moreover, integrating experimental and theoretical
models has been shown to be effective for predicting the mechanical performance of defective components
in civil engineering. For example, in studies of concrete-filled steel tube (CFST) columns, the introduction of
PMC strengthening and the consideration of internal void defects, together with axial compression tests and
theoretical analysis, enabled accurate prediction of the load-carrying capacity of defective members [42].

Inspired by these developments, future research can be extended in three directions. First, multi-source
data fusion may be introduced by combining site-monitoring data, such as vibration, temperature, and
strain measurements collected during construction, and material testing data, such as concrete compressive
strength and steel yield strength, with the existing 13 critical defects as complementary model inputs. Multi-
modal learning or feature-level fusion methods may then be applied to further improve prediction accuracy.
Second, defect–performance relationship modeling may be established through scaled experimental models
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of construction defects, such as concrete honeycombing, cold joints, and reinforcing-bar spacing deviations,
to quantify the relationship between defect severity and structural performance, including load-carrying
capacity and durability. On this basis, experimentally derived degradation patterns could be embedded into
machine learning models as prior knowledge, thereby extending the analysis from simple defect occurrence
to the estimation of performance impact. Third, a small-scale comparative test may be conducted using a
pilot dataset from an international partner agency or region, such as the Ministry of Land, Infrastructure,
Transport, and Tourism of Japan. Transfer learning or domain adaptation techniques could then be explored
to adapt the model parameters to regional engineering characteristics, thereby establishing cross-regional
credibility and ensuring broader applicability beyond the Taiwanese context.

5 Conclusion
By combining PCA with MLP, valuable information can be extracted from large datasets to discover

key factors affecting results. In this study, a combined model was used to analyze construction inspection
reports from the PCMIS. PCA was performed to calculate the component loadings of defects and identify
latent correlations, and an MLP network was used to transform the input data into probabilities indicating
construction quality; finally, a model for predicting construction quality was established. In the first stage
of this study, PCA was used to identify 13 critical defects, which were then grouped into three aspects:
Inspection Records and Occupational Safety and Health, Concrete Quality, and Construction Team Quality
Management. In the second stage, an MLP was trained on these project attribute variables; its weights were
iteratively updated to minimize the difference between the desired and actual outputs. The goal of this
iterative training process was to achieve model convergence and to ultimately predict construction quality.

In the construction sector, quality is influenced by many complex and uncertain factors, making effec-
tive defect control a persistent challenge for project teams. By reducing defect redundancy and identifying
13 critical defects, the proposed PCA–MLP framework provides a more focused basis for construction
quality assessment. These findings suggest that practitioners should prioritize these critical defects in project
quality-control practices. More broadly, the proposed framework may serve as a useful digital tool for
proactive quality control in public construction projects and support the development of more intelligent,
data-driven quality management systems on smart construction sites. The proposed model may serve as a
useful analytical reference for construction teams to identify quality-related defect patterns under conditions
similar to those in the present dataset. However, its broader generalizability remains to be further verified
through external, longitudinal, and cross-regional validation.
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