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Earned value management (EVM) is critical for monitoring financial and operational performance in large-scale 
projects. However, its implementation is limited by the complexity of modern construction workflows. Particularly, 
modeling the cost performance index (CPI) to evaluate the efficiency of activity delivery plans has led to the 
development of various relational learning models. This study addresses the inability of current relational models to 
handle high-resolution construction data with dense WBS-based activity networks, where uncontrolled information 
flow and class imbalance reduce model expressiveness. In this study, we introduce a CPI-specific activity learning 
mechanism that forecasts CPI using a gated approach to regulate information propagation in dense spatiotemporal 
data. To contextualize the proposed information modeling framework, this study draws upon a large-scale dataset 
derived from 77 construction progress reports collected over an 18-month period, which were cleaned and encoded 
into 52 unique delivery-week categories for model training. We demonstrate that the proposed gated architectures 
outperform previously proposed attention-based mechanisms. Across eight timeframes of real-world construction 
datasets, GatedGNN shows superior performance, improving accuracy by 14% and F1 scores by 13% over GCN and 
GAT models. These improvements enable more reliable CPI classification (efficient vs. inefficient) and support timely 
corrective decision-making by producing activity-level risk flags that can guide managerial review of resource 
allocation, schedule coordination, and WBS-specific cost deviations. By improving fidelity in class distribution and 
managing relational complexity, gated GNNs enable earlier and more accurate identification of inefficiencies. This 
facilitates proactive decision-making, allowing engineering managers to intervene before performance deviations 
escalate. 

 

 
1. Introduction 
The construction industry functions within a highly dynamic 
VUCA environment characterized by volatility, uncertainty, 
complexity, and ambiguity [1–4]. Variables such as labor 
availability, logistics coordination, technological adaptation, 
weather conditions, and regulatory changes collectively 
introduce substantial uncertainty into project execution. 
Furthermore, inconsistent information regarding complex 
operational variables, productivity metrics [5], and logistics 
performance [6] complicates effective planning and decision-
making processes. In real-world construction systems, delays 
and cost overruns interact recursively, with each reinforcing 
and amplifying the consequences of the other. Under 

uncertain conditions [7], these feedback effects accumulate 
and result in escalating budget inconsistencies and systemic 
impacts on stakeholders  [8, 9]. Construction projects 
commonly fail to achieve intended outcomes related to cost, 
schedule, and quality, despite these dimensions collectively 
defining project success. Such deviations may cascade 
through supply chains and broader economic systems, 
negatively influencing national revenue generation and 
macroeconomic equilibrium [10]. 

1.1. Progress management in construction projects 
In this context, earned value management (EVM) thus plays 
a strategic evaluative role [11] and remains embedded in 
monitoring protocols. PMI’s methodology [12] defines 
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economic efficiency through the cost performance index 
(CPI) (Eq. (1)). CPI variations indicate budget variance, 
though modeling confronts the complexity of work 
breakdown structure (WBS)-based datasets. 

𝐶𝐶𝐶𝐶𝐶𝐶 =
𝐸𝐸𝐸𝐸
𝐴𝐴𝐴𝐴

 (1) 

 Recent work emphasizes the versatility of graph neural 
networks (GNNs) in handling non-Euclidean engineering 
data such as BIM and point clouds [13, 14]. As a subclass of 
neural networks [15] GNNs have proven highly effective for 
modeling relational structures commonly found in 
construction engineering data. These models fulfill the 
growing need for machine learning (ML) approaches that 
account for both spatial and temporal factors in project data 
[16, 17].  
 GNNs integrate the structural capabilities of graph theory 
with the predictive prowess of neural networks, enabling the 
extraction of richer and more relevant feature representations 
from graph-structured data [18]. They excel in representing 
and reasoning with data in graph form, allowing them to 
manage complex networks by learning from both the 
connections and inherent features [19]. By combining the 
structural capabilities of graph theory with the predictive 
power of deep neural networks, GNNs create models that can 
learn richer information from graph representation learning 
[20]. 

1.2. Application of GNNs in engineering project 
management 

Ensuring accurate progress tracking is vital in construction 
[21, 22]. While ML [23], building information modeling 
(BIM) [24], and video tracking have helped [25], GNNs are 
gaining attention for their strength in learning from structured 
graph data [26, 27]. GNNs use message-passing to learn from 
node dependencies, unlike conventional ML, which makes 
them ideal for connected data [13, 28, 29].  
 Recent advances in graph learning have led to the 
development of architectures such as node2vec [30], graph 
attention networks (GATs) [31, 32], and spatio-temporal 
GCNs [31, 32], which have demonstrated strong performance 
across complex graph-structured datasets [28]. Within this 
landscape, GCNs and GATs remain among the most 
commonly implemented GNNs [33]. GCNs generalize 
convolutional neural networks (CNNs) operations to non-
Euclidean domains, effectively learning from node 
interdependencies [34] and have been applied in various 
engineering use cases, including rework cost prediction [35, 
36]. Meanwhile, GATs enhance this framework by using 
attention mechanisms to dynamically weight neighbor 
contributions, allowing the model to generate more nuanced 
node representations [37, 38]. These capabilities make GATs 
highly flexible for capturing relational dependencies in 
construction and engineering tasks [38, 39]. 

1.3. Research gap and proposed solution 
GNNs excel at capturing structured dependencies in 
construction data [40], and outperform conventional models 
like random forests, Naïve Bayes, and multilayer perceptrons 
in relational tasks [36, 41]. However, our findings reveal that 
common GNN variants, as GCNs and GATs, underperform 
when managing intricate information flows in high-resolution 
project datasets. Although attention mechanisms enhance 
GCNs [33], limited work has investigated gating structures 
capable of dynamically regulating and prioritizing signal 
flow. Such methods could inherently mitigate class skew, 
reducing dependence on augmentation.  
 Our approach centers on two architectures designed to 
mitigate class imbalance and feature over smoothing 
prevalent in dense activity networks. Thus, the proposed 
model contributes in two primary ways: 
• Contribution 1: Higher-precision prediction in dense 
activity networks: To improve CPI classification in highly 
structured engineering datasets, we develop a gated GNN 
architecture that selectively modulates message passing 
between temporally bound and WBS-linked tasks. This 
architecture outperforms baseline GNNs by reducing 
oversmoothing and enhancing node-level feature 
differentiation. Prior research applied similar mechanisms in 
crack detection [42], sensor fusion [43], and image 
segmentation [44]. So the proposed architecture is expected 
to enhance the predictive capabilities of GNNs in the domain 
of engineering project management through the integration of 
gating mechanisms.  
• Contribution 2: Reduced bias from imbalanced data 
distributions: Class imbalance continues to degrade 
performance, and targeted message propagation between 
tasks remains an under-researched approach to improve 
model reliability in construction forecasting. This limits 
prediction accuracy, especially in critical domains like fraud 
or construction analytics [45–47], where accurate predictions 
are essential for effective decision-making. In response, a 
growing body of literature has thoroughly surveyed this 
conundrum and its manifold remedies [48–53]. To address 
class imbalance, recent studies have explored various hybrid 
methods to improve the representation of minority classes in 
GNNs. For instance, [54] proposed, which synthesizes harder 
samples to enlarge the decision boundaries of minority 
classes, thereby reducing the compression of minority classes 
in latent space. [55] proposed Nia-GNNs that oversample 
minority nodes based on predicted labels and similarities, 
creating interpolated synthetic nodes to improve 
representation. In another study, [56] employed a Meta-GCN 
model that dynamically weights class samples during 
training, minimizing loss on minority classes without 
overfitting to outliers. In a recent work, [57] proposed an 
ensemble module utilizing dynamic weight attention to 
balance spatial and embedding information, reducing bias 
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toward majority classes and outperforming benchmark 
models like GAT.  
 Our prior research [58] illustrated that integrating a 
variational autoencoder (VAE) increased GAT’s accuracy by 
about 6%, affirming the utility of generative techniques [59]. 
Yet, when confronted with more expansive datasets, the VAE 
faltered, producing NaN values and challenging the model’s 
reliability. Similar difficulties arose with GAN-based 
approaches used in balancing visual data  [53, 60]; their 
effectiveness hinged upon coupling with undersampling, a 
process often deemed computationally and practically 
unwieldy. Therefore, the proposed design stabilizes model 
performance under data imbalance and feature 
oversmoothing. Applied to construction graphs, the model 
enables early identification of inefficient activities by 
flagging activity records with high predicted risk of CPI 
inefficiency. These flags can support proactive managerial 
decisions by directing attention to specific WBS groups, 
delivery weeks, and activity clusters requiring resource, 
schedule, or cost-control review. 
 The primary contribution of this study is the application 
of recent GNNs advancements to the modeling of 
interdependent construction tasks, which often require 
coordination across shared time frames (e.g., weekly 
schedules) and structured planning frameworks (e.g., WBS 
alignments). Specifically, the study focuses on improving the 
classification of activities based on the CPI. Accurate CPI 
classification is essential for project managers to forecast 
activity efficiencies and to support proactive decision-
making. This enables engineering professionals to assess the 
planning accuracy based on ongoing project progress. 
Construction projects are modeled as temporally 
synchronized, WBS-aligned graphs. Predicting CPI-based 
efficiency classifications is the core task. This allows 
managers to recognize underperforming activities early and 
adjust resource strategies accordingly. 
 
2. Research Methodology 
Fig. 1 illustrates the research methodology designed to 
evaluate the role of gating in enhancing prediction accuracy 
and information flow control. Data spanning three years from 
a large-scale construction project were transformed into 
graph-based networks, with nodes representing activities 
linked through spatial and temporal relations. Eight datasets 
reflected real-world variance and imbalance. Baselines 
included GCN and GAT, while GatedGNN introduced 
dynamic gating and ResGatedGNN added residual paths for 
depth. Iterative tuning and evaluation via accuracy, F1, and 
AUC-ROC confirmed the superiority of gated models, 
particularly under class-imbalanced conditions. This 
framework provides a foundation for advancing GNN 
applications in construction. 
 As shown in Fig. 1, the workflow consists of five main 
stages. First, raw progress reports were collected and 

standardized to extract activity-level cost, progress, labor, 
WBS, and timing information. Second, CPI values were 
calculated and converted into binary activity performance 
labels. Third, the cleaned activity records were encoded into 
graph structures by representing activities as nodes and 
linking activities that shared the same delivery week and 
WBS group. Fourth, baseline GNN models, including GCN 
and GAT, were trained and compared with the proposed 
GatedGNN and ResGatedGNN architectures. Finally, model 
performance was evaluated across eight rolling time-frame 
datasets using accuracy, precision, recall, F1 score, and AUC-
ROC. 
 
3. Configuration of Activity Information Learning 

Mechanism in CPI Prediction Models 

3.1. Activity workflow as Graph Neural Networks 
(GNNs) models 

Engineering research has highlighted the adaptability of 
GNNs in addressing the multifaceted challenges in project 
management and safety [35, 61–63]. Modeling the 
relationships among activities is not possible with most of the 
existing activity progress prediction approaches. Existing ML 
approaches in engineering progress prediction typically 
involve collecting and preprocessing cost records, organizing 
them into tabular formats where each record represents an 
activity with various features, as shown in Eq. (2). Here, X is 
an input matrix of size n×d, and Y is an output vector of size 
n. n and d represent the numbers of engineering progress 
records. 

𝐗𝐗 =  �
𝑥𝑥11 ⋯ 𝑥𝑥1𝑑𝑑
⋮ ⋱ ⋮
𝑥𝑥𝑛𝑛1 ⋯ 𝑥𝑥𝑛𝑛𝑛𝑛

� , 𝐘𝐘 =  �
𝑦𝑦1
⋮
𝑦𝑦𝑛𝑛
� (2) 

𝑥𝑥𝑖𝑖𝑖𝑖 ∈  𝑅𝑅𝑛𝑛×𝑑𝑑, ∀ 𝑖𝑖 = 1, 2, … , 𝑛𝑛, ∀ 𝑗𝑗 = 1, 2, … , 𝑑𝑑 , 𝑦𝑦𝑖𝑖
∈  𝑅𝑅𝑛𝑛, ∀ 𝑖𝑖 = 1, 2, … , 𝑛𝑛 

 

 ML model uses a loss function to receive feedback and 
improve through various optimization and activation 
functions. However, these ML modeling approaches often fail 
to capture intricate transition of items, particularly when 
attempting to assess the sequential performance metrics such 
as the CPI [64]. 

3.2. Addressing representational limitations of gated 
GNNs 

GCNs and GATs are now de-facto standard in relational data 
tasks [14, 54, 58, 65, 66], but suffer under class imbalance 
[55–57, 67]. Class imbalance, where one class overshadows 
others not only distorts learned representations but also 
undermines the veracity of predictive outcomes [51, 68]. In 
GNN models the skewness in training data affects the latent 
space, having the major class squeezing the underrepresented 
one, called the squeezed minority problem [54]. This 
imbalance represents a significant challenge for predictive 
models, often compromising their ability to accurately 
identify minority classes [69].  



Journal of Construction Engineering, Management & Innovation 2026 9(2):680 

680-4 
 

 
Fig. 1. Research methodology 

 
Earlier results [58] confirmed VAE-augmented GATs 
improved accuracy by 6% [59], but failed to scale. GAN 
methods [53, 60] also depended on costly undersampling. To 
overcome this limitation, the present research proposes gated 
GNNs that regulate message flow in WBS-aligned 
construction graphs. These models improve CPI-based 
prediction and mitigate oversmoothing. 

3.3. Modeling spatio-temporal construction activity 
information 

One essential element of methodology implemented in this 
study was defining a process of transforming construction 
progress data into graph-based representations, followed by 

the application of a GatedGNN models to classify 
construction CPI. In this study, we modeled the CPI 
classification task with different GNN architecture, through 
network representation of data (Eq. (3)). The objective was to 
classify each activity as efficient (1) or inefficient (0). We 
constructed the network G to capture the spatial and temporal 
relationships between activities, where its structure can 
vividly delineate projects and their relationships with 
strategic goals. As shown in Eq. (4), G as the input network 
of the GNN models maps nodes, V, into a representation 
vector [15], where N is the total number of activities. Each 
node 𝑥𝑥𝑣𝑣𝑣𝑣 ∈  𝑅𝑅𝐹𝐹 , where F stores features of each construction 
activity, including eight feature columns detailed in Table 1 

Configuration of activity information learning mechanism 
in CPI prediction models 

Parameter initialization and model training 

Learning rate Batch size Dropout 

Attention heads Hidden size Layers 

Data 1 Data 8 Data 7 Data 6 Data 5 Data 4 Data 3 Data 2 

GCN 
GAT 
GatedGNN 
ResGatedGNN 

Results and discussions (Comparative analysis and validation across multiple datasets) 

GCN GAT GatedGNN ResGatedGNN 

GCN 
GAT 

GatedGNN 

ResGatedGNN 

GCN GAT 

GatedGNN ResGated
GNN 

Accuracy  

F1 score 

AUC 

Precision 

Recall 

Loss 

GatedGNN layer 

ReLU activation 

2nd Fully connected 
layer 

Input layer 

1st Fully connected 
layer 

Class probabilities 

Output layer 

Dropout layer 

Feature 
selection 

Prediction modeling of construction activity cost performance 
index (CPI) 

Efficient activity nodes 

Inefficient activity nodes High-density activity-
progress network  

Influencing Factors of 
Construction Activities 

Relational data 

Modeling Spatio-temporal Construction Activity 
Information 

Convolution mechanisms for aggregating 
activity information 

Graph convolution network 
(GCN) 

Attention-driven convolutional modelling 
of activity information 

Graph attention network (GAT) 

Gated-enabled mechanism for controlled 
aggregating of activity information 

Gated graph neural network 
(GatedGNN) 

Residual gated mechanism for aggregating 
of activity information 

Residual GatedGNN 
(ResGatedGNN) 

Activity workflow as graph neural networks (GNNs) models 

Case Study 

Collection and preparation of 77 weekly reports from an 18-month 
megaproject 

Addressing representational limitations of Gated GNNs 

Modeling spatio-temporal construction activity information 
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like quantity, person-hours, WBS group, and delivery week. 
The edges E connected to pairs of nodes if and only if the 
corresponding activities shared the same delivery week and 
belonged to the same WBS group (e.g., mechanical, 
electrical, insulation), being defined as shown Eq. (5). 
𝐺𝐺 = 𝑓𝑓(𝑉𝑉, 𝐸𝐸) (3) 
𝑉𝑉 =  { 𝑣𝑣1, 𝑣𝑣2, … , 𝑣𝑣𝑁𝑁} (4) 
𝐸𝐸 

= � �𝑣𝑣𝑖𝑖, 𝑣𝑣𝑗𝑗� ∣∣ 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑣𝑣𝑖𝑖 𝑎𝑎𝑎𝑎𝑎𝑎 𝑣𝑣𝑗𝑗 𝑠𝑠ℎ𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡ℎ𝑒𝑒 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑎𝑎𝑎𝑎𝑎𝑎 𝑊𝑊𝑊𝑊𝑊𝑊 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔

� (5) 

 This modelling of dataset allowed the network to 
encapsulate both spatial (WBS group) and temporal (delivery 
week) dependencies between activities. GNNs aggregated 
neighboring nodes' representation vectors (e.g., 𝑣𝑣𝑖𝑖) to process 
and update information for each node  𝑣𝑣𝑗𝑗 , updating the 

information related to node 𝑣𝑣𝑖𝑖  [15]. 

3.4. Development of activity progress prediction model 
To mitigate vanishing gradients in sequential modeling [15], 
this study employs ResGatedGNN, combining GRUs [17] 

residual pathways. Building on early gated approaches in 
graph learning [70], and foundational GNNs [71], we embed 
gating mechanisms within GCN and GAT baselines. This 
allows finer control over information flow, especially in 
dense, short-span construction networks. Learning behavior 
across architectures is shown in Fig. 2. Prior successes in text 
[72] and traffic [73] forecasting further support this approach. 

3.5. Convolution mechanisms for aggregating activity 
information 

Fig. 2a illustrates the configured GCN architecture introduced 
by Kipf and Welling (2016), a seminal model that has gained 
widespread traction in GNN research [75]. To obtain 
expressive, high-level representations [76], GCNs apply 
recursive neighborhood aggregation through graph 
convolutional layers [77]. By integrating information from 
both the node itself and its neighbors, GCNs effectively 
encode local graph topology and feature distributions. 

 
Table 1. Statistical details of the encoded dataset used for training the GNN models 

Feature column Data type Unique categories Range Mode Mode Freq. 
Week Categorical 52 - 6 10,584 
Quantity Categorical 5,907 - 0 17,883 
Weight (%) Categorical 63 - 0.0 43,684 
Planned progress (%) Numerical 880 [0.0 - 1] 0.0 15,605 
Planned unit person-hour Numerical 167 [0.01 – 3,213.803] 0.26 10,668 
Actual unit person-hour Numerical 1,556 [0 – 14,175.0] 0.0 48,611 
WBS group 2 Categorical 8 - 5 100,113 
Activity group Categorical 155 - 36 27,456 
CPI class Categorical 2 - 0 184,392 

 

 
Fig. 2. Architecture of investigated GNN models 

GatedGNN 

ReLU activation 

2nd Fully connected layer 

Input layer 

1st Fully connected layer 

Class probabilities 

Output layer 

Dropout layer 2
nd

 GCN layer 

Input layer 

1st GCN layer 

ReLU activation 

Dropout layer 

Class probabilities 

Output layer 

ResGatedGNN 

ReLU activation 

2nd Fully connected layer 

Input layer 

1st Fully connected layer 

Class probabilities 

Output layer 

Dropout layer Log Softmax activation 

Input layer 

GAT layer 

ELU activation 

Dropout layer 

Class probabilities 

Output layer 

(d) Residual GatedGNN 
(ResGatedGNN) architecture 

(c) Gated graph neural network 
(GatedGNN) architecture 

(a) Graph convolution network 
(GCN) architecture 

(b) Graph attention network 
(GAT) architecture 
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Each layer propagates node-held construction progress 
descriptors and edge-index information, aggregating them to 
spread context across the graph. In recent years, this 
framework has been adopted in engineering and construction 
management applications, addressing problems like quality 
monitoring [35] safety forecasting [36, 65, 78], building on 
prior applications in infrastructure sciences [14, 79]. The 
operation underpinning this aggregation is mathematically 
formalized in Eq. (6) as in [74]. 

𝐻𝐻(𝑙𝑙+1) =  𝜎𝜎 �𝑫𝑫�− 12 𝑨𝑨� 𝑫𝑫�− 12 𝑯𝑯(𝑙𝑙) 𝑾𝑾(𝑙𝑙)� (6) 

 In Eq. (5), 𝑙𝑙 stands as the layers’ output, and is computed 
by taking the activation matrix from the preceding layer, 
applying the normalized adjacency matrix 𝐀𝐀� of the network, 
where subsequently multiplied by the current layer’s weight 
matrix, 𝐖𝐖(𝑙𝑙). In this equation, 𝑫𝑫 represents the degree matrix, 
while 𝑯𝑯(𝑙𝑙) denotes the activation matrix from the previous 
layer. 

3.6. Attention-driven convolutional modelling of 
activity information 

GAT [38] assigns importance to neighboring nodes using 
attention mechanisms. Fig. 2b shows the architecture of the 
utilized GAT model, as described by [38]. The architecture in 
Fig. 2b begins by processing the input graph: node features 
are assigned, and connections are defined. The attention layer 
initializes weights, computes pairwise scores, and normalizes 
them before feature aggregation. This mechanism is 
formalized in Eqs. (7, 8). 

ℎ𝑖𝑖
′ = 𝜎𝜎 �� 𝛼𝛼𝑖𝑖𝑖𝑖 𝑾𝑾 

𝑗𝑗∈𝑁𝑁𝑖𝑖

ℎ𝑖𝑖𝑖𝑖 � (7) 

𝑒𝑒𝑖𝑖𝑖𝑖 = 𝜎𝜎�𝑎𝑎𝑇𝑇 (𝑾𝑾ℎ𝑖𝑖 ∥  𝑾𝑾ℎ𝑗𝑗) � (8) 
 In Eq. (7) 𝜎𝜎 represents the activation function, while  ℎ𝑖𝑖

′ 
denotes the updated feature representation of node 𝑖𝑖 . The 
term 𝛼𝛼𝑖𝑖𝑖𝑖 represents attention coefficients, which are 
computed for every pair of neighboring nodes 𝑖𝑖 and 𝑗𝑗. The 
weight matrix 𝐖𝐖 is applied to the features ℎ𝑖𝑖𝑖𝑖 of each 
neighboring node. Additionally, 𝑁𝑁𝑖𝑖 refers to the set of 
neighbors surrounding node. The attention mechanism, as 
defined by [17], is implemented as a single-layer neural 
network that applies a feedforward process. The nonlinearity 
is introduced by setting 𝜎𝜎 to the LeakyReLU activation 
function [80].  
 The computation of attention coefficients, 𝛼𝛼𝑖𝑖𝑖𝑖, involves an 
intermediate step that is defined in Eq. (8). Here, 𝑒𝑒𝑖𝑖𝑖𝑖 
represents the raw attention score between nodes 𝑖𝑖 and 𝑗𝑗, 
updating information in node features ℎ𝑖𝑖 and ℎ𝑗𝑗. The 
operation ∥ denotes the concatenation of the features of nodes 
𝑖𝑖 and 𝑗𝑗, while 𝑇𝑇 represents the transposition operator. The raw 
attention scores 𝑒𝑒𝑖𝑖𝑖𝑖 are processed through a learnable 
attention vector 𝑎𝑎 and further refined using the activation 
function. 

3.7. Gated-enabled mechanism for activity information 
aggregation 

Fig. 2c displays the GatedGNN model configured in this 
research. The GatedGNN model processes the input graph G 
to perform the CPI classification task. We first transformed 
the node features into initial hidden representations using a 
linear transformation followed by a rectified linear unit 
(ReLU) [81] activation function. To process the input 
network information, GatedGNN processed the initial node 
embedding, ℎ𝑣𝑣

(0), computed as shown in Eq. (9). Here, ℎ𝑣𝑣(0)is 
the initial hidden state of node 𝑣𝑣, 𝑊𝑊(0) is the weight matrix 
of the initial linear layer, and 𝑏𝑏(0) is the corresponding bias 
vector. The feature vector 𝑥𝑥𝑣𝑣  contains the attributes of node 
𝑣𝑣 such as quantity and planned progress. 
ℎ𝑣𝑣

(0) = 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�𝑊𝑊(0)𝑥𝑥𝑣𝑣 + 𝑏𝑏(0)� (9) 
 The core of the GatedGNN model consists of gated graph 
convolutional layers, which update node representations by 
aggregating information from neighboring nodes and 
applying a gating mechanism via GRU. The gated mechanism 
in graph neural networks serves as a dynamic control system 
that modulates the flow of information between nodes in a 
graph. For each node 𝑣𝑣 and layer 𝑙𝑙, the update process 
involves two main steps. This study adjusted the message 
passing and state updating steps using GRU by [82] by 
implementing the PyTorch library, as shown in Eqs. (10) and 
(11). 

𝑚𝑚𝑣𝑣
(𝑙𝑙) = � 𝑊𝑊(𝑙𝑙)

𝑢𝑢 ∈ Ɲ(𝑣𝑣)

ℎ𝑢𝑢
(𝑙𝑙−1) (10) 

ℎ𝑢𝑢
(𝑙𝑙) = 𝐺𝐺𝐺𝐺𝐺𝐺�ℎ𝑢𝑢

(𝑙𝑙−1), 𝑚𝑚𝑣𝑣
(𝑙𝑙)� (11) 

 In Eq. (10), 𝑚𝑚𝑣𝑣
(𝑙𝑙) represents the aggregated message for 

node 𝑣𝑣 at layer 𝑙𝑙, and Ɲ(𝑣𝑣) denotes the set of neighboring 
nodes of 𝑣𝑣 and, 𝑊𝑊(𝑙𝑙) is a learnable weight matrix for layer 𝑙𝑙 . 
So, ℎ𝑢𝑢(𝑙𝑙−1) holds the hidden state of neighbor node 𝑢𝑢 from the 
previous layer. This aggregation sums the transformed hidden 
states of neighboring nodes, allowing the model to capture the 
local structure around each node. At the updating state using 
the GRU mechanism (Eq. (11)), ℎ𝑢𝑢(𝑙𝑙) is the updated hidden 
state of node 𝑣𝑣 and layer 𝑙𝑙, and the GRU function manages 
the flow of information by deciding how much of the previous 
hidden state ℎ𝑢𝑢(𝑙𝑙−1) and the new message 𝑚𝑚𝑣𝑣

(𝑙𝑙) to retain. By 
incorporating gating functions, GNNs can learn the 
information of the input network using the modern 
backpropagation [83]. Instead of time steps in a recurrent 
manner, our study implementation of GatedGNN uses 
multiple layers to simulate the recurrent updates, thereby 
controlling the depth of message passing and state updates. 
This adjustment allowed us to simulate recurrent updates 
without explicitly unrolling over time steps, as in the original 
GatedGNN.  
 In addition, we applied dropout regularization to the 
hidden states, ℎ(𝑙𝑙), after the convolutional layers. The final 
step involved mapping the hidden representations to output 
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logits using a linear transformation without an activation 
function, being expressed as Eq. (12). 
𝑦𝑦𝑢𝑢 = 𝑊𝑊�𝑙𝑙𝑓𝑓�ℎ𝑢𝑢

(𝑙𝑙) + 𝑏𝑏�𝑙𝑙𝑓𝑓� (12) 

 Here, 𝑦𝑦𝑢𝑢 denotes the output logits for of 𝑢𝑢, 𝑊𝑊�𝑙𝑙𝑓𝑓�is the 
weight matrix of the final linear layer, and 𝑏𝑏�𝑙𝑙𝑓𝑓� is the bias 
vector. Through this layer, the hidden state ℎ𝑢𝑢

(𝑙𝑙) is transformed 
into a two-dimensional output corresponding to the efficient 
and inefficient classes. Considering that Cross-Entropy Loss 
function in PyTorch expects raw logits and internally applies 
the softmax function during loss computation, we did not 
apply an activation function after this layer. 

3.8. Residual gated mechanism for aggregating of 
activity information 

The ResGatedGNN model incorporated residual connections 
into the GatedGNN architecture to address challenges 
associated with training deeper network architectures, such as 
the vanishing gradient problem. These residual connections 
enabled the model to learn deeper representations without 
losing gradient information across layers, enhancing the 
stability and depth of learning in graph neural networks. The 
architecture of utilized ResGatedGNN is given in Fig. 2d. The 
learning process began with an input layer that encapsulated 
the essential structural information of the construction 
activity progress network configured for CPI prediction tasks. 
The core of this model was the ResGatedGNN layer, where 
gated graph convolutions were applied along with residual 
connections. This performed feature propagation by 
leveraging the gating mechanism to control the flow of 
information through the network, while the residual 
connections helped maintain the learning signal across 
multiple layers. To prevent overfitting, a dropout layer was 
applied to the output of the ResGatedGNN layer [84]. The 
transformed features were then fed into a fully connected 
layer, which performed a linear transformation, mapping the 
features from the hidden dimension to the output dimension. 
Finally, the sigmoid activation function was applied to the 
output of the fully connected layer, scaling the outputs 
between 0 and 1. 
 
4. Case Study 
Fig. 3 displays the structured workflow used to process 77 
construction progress reports collected over an 18-month 
project period. These reports, sourced from Excel and PDF 
files, varied in format and content. Data extraction focused on 
summary tables, labor metrics, and schedule information, 
often found in multi-tab Excel sheets. A standardization step 
aligned inconsistent headers and merged equivalent fields. 
Reports with severe data gaps were excluded. Cleaning 
procedures removed irrelevant rows, and no imputation was 
applied to incomplete columns to preserve reliability. 
 Post-cleaning, the dataset emphasized essential predictors 
like weight (%) and planned progress (%). These, along with 
labor-hour and classification data, were curated to support 

reliable CPI forecasting. Table 1 summarizes 267,763 
processed project records from 77 progress reports, 
standardized into 52 delivery-week categories containing task 
timing, labor utilization, and WBS data. The collected dataset 
exhibited a significant imbalance in CPI labels, with Efficient 
(CPI ≥ 1) records vastly outnumbering Inefficient (CPI < 1) 
records. Of the 267,763 entries, only 83,371 were labeled as 
Inefficient, compared to 184,392 Efficient records. This 
imbalance posed a challenge for model training, as it risked 
biasing predictions toward the majority class. 

4.1. Parameter initialization and model training 
The training dataset was processed using rolling windows 
(time frames), segmenting data into training, validation, and 
test sets, each representing a specific temporal frame of 
construction activities. These windows, each spanning 
approximately 21 weeks, account for phase-specific 
variations in labor allocation, scheduling, and cost 
performance within a project timeframe. Fig. 4a shows the 
segmented datasets selected from each timeframe during the 
projects, while Fig. 4b shows the CPI class distribution of the 
dataset across project timeline. 
 To compare GatedGNN, ResGatedGNN, GCN, and GAT 
fairly, a rigorous hyperparameter tuning was performed. 
Dropout rates (0.2–0.9), learning rates (0.1, 0.01, 0.001), 
batch sizes (8–128), and hidden dimensions (8–128) were 
varied. Model depth was tested at 1–4 layers, and GAT was 
evaluated using 2–4 attention heads. Gated variants, 
especially ResGatedGNN, showed sensitivity to tuning—
more so than GCN and GAT, which remained stable. 
 
5. Results and Discussion 
Fig. 5 shows results across datasets, emphasizing the need for 
tailored tuning in gated models. Specifically, to identify the 
optimal configurations for each GNN model across eight 
dataset segments (Fig. 5a), an initial training phase was 
conducted with 10 and 100 epochs. Promising setups were 
then refined with 500 epochs, as extended training 
consistently improved prediction accuracy. Optimal 
configurations included a learning rate of 0.1, 0.01, or 0.001 
(dataset-dependent), a dropout rate of 0.2, hidden dimensions 
of 64, and a batch size of 16. 
 The results, as depicted in Fig. 5b, demonstrate that 
incorporating gated mechanisms significantly enhances the 
prediction accuracy and F1 score of GNN models across 
various datasets. The GatedGNN model consistently 
outperformed its residual counterpart (ResGatedGNN), GCN, 
and GAT in both metrics, showcasing the superiority of its 
architecture in handling the inherent complexities of 
construction datasets. 
 To further evaluate this, Fig. 6 illustrates the accuracy and 
F1 score performance of the proposed GatedGNN, 
ResGatedGNN, and benchmark models (GCN and GAT) 
across different datasets. 
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Fig. 3. Outline of undertaken data preparation steps 

 
 The GatedGNN achieved accuracy margins of 6% to 14% 
higher than GCN and GAT models. Notably, while GAT 
utilizes an attention mechanism, it still performed 10% to 
13% lower in accuracy compared to GatedGNN. Similarly, 
GatedGNN demonstrated 3% to 13% higher accuracy 
compared to ResGatedGNN across all datasets. As evident 
from F1 scores, a key advantage of the GatedGNN is its 
ability to mitigate class imbalance issues, which commonly 
impact the performance of GNN models. While GCN and 
GAT experienced a sharp decline in F1 scores relative to 
accuracy, ranging from a 15% to 30% drop for GCN and 13% 
to 29% for GAT, where the GatedGNN demonstrated a much 
smaller deviation. For instance, the ResGatedGNN showed a 
7% to 18% drop, whereas the GatedGNN achieved near-

consistent F1 scores, indicating its superior ability to handle 
imbalanced datasets. These results indicate that the proposed 
GatedGNN mitigates the class imbalance problem commonly 
observed in GNN models [57]. To further analyze this, Fig. 7 
visualizes the class prediction performance of the GatedGNN 
model compared to GCN and GAT. 
 The confusion matrices reveal that the GatedGNN 
achieves more balanced predictions across both majority and 
minority classes. For instance, in Dataset 8, the GatedGNN 
correctly classified 95.7% of inefficient activities while 
achieving a 57.3% prediction rate for efficient activities. In 
Dataset 3, the model demonstrated its best performance, 
accurately predicting 95.6% of inefficient activities and 
69.9% of efficient activities. 
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Fig. 4. Data segmentation and distribution of efficient and inefficient classes in training, validation, and test sets 

 
This highlights the model’s reliability in identifying 
inefficient activities, which are critical for optimizing 
construction progress. The misclassification of efficient 
activities into the inefficient class can be attributed to the 
inherent class imbalance within the dataset. From an 
operational management perspective, predictions categorized 
as inefficient may be interpreted as probabilistic risk 
indicators associated with activity IDs, delivery-week 
schedules, WBS classifications, and confidence probabilities. 
These indicators support managerial decision-making by 
enabling prioritized interventions related to labor productivity 
assessment, resource allocation optimization, procurement 
constraint analysis, and validation of project progress 
assumptions. While this leads to a slight over-flagging of 
efficient activities, it offers a practical advantage by 
prompting project managers to revisit flagged progress plans, 
resource allocations, and activity schedules for further 
validation.  
 Developed GatedGNN activity progress prediction model 
consistently outperformed other models across all datasets, 
particularly in resolving class imbalance without relying on 
conventional rebalancing strategies. While ResGatedGNN 
also delivered competitive outcomes, its resilience under 
varying data distributions was comparatively weaker. Class 
imbalance, a well-established issue in real-world datasets 
[85], has prompted multiple interventions: synthetic minority 

generation ([54, 58], interpolation-based oversampling [55], 
adaptive weighting [56], and ensemble-based balancing [57]. 
External balancing loses efficacy in complex data. This study 
embeds gating into GNNs, internally mitigating class 
imbalance and overfitting. Table 2 shows strong performance 
across key metrics, confirming generalizability. 
 Compared with prior studies that addressed class 
imbalance through external rebalancing strategies, such as 
synthetic minority generation, interpolation-based 
oversampling, adaptive weighting, and ensemble-based 
balancing, the present study demonstrates that gating can 
improve minority-class recognition through the model 
architecture itself. This finding is important because 
construction progress data are often sparse, noisy, and 
temporally dependent, making external augmentation or 
undersampling difficult to apply without distorting project-
specific activity relationships. The superior F1 stability of the 
GatedGNN suggests that controlled message passing can 
preserve minority-class signals more effectively than 
conventional GCN and GAT architectures. Therefore, the 
novelty of this study lies not only in applying GatedGNNs to 
CPI classification, but also in showing that gated information 
flow can serve as an internal mechanism for improving 
prediction reliability in dense, imbalanced construction 
activity graphs.  
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Fig. 5. Performance comparison of the GNN models with and without gated mechanisms across tested datasets 

 
However, the relatively higher test loss suggests challenges in 
accurately predicting the underrepresented class, despite the 
model's robust performance in terms of accuracy and F1 
score. The model's ability to effectively address class 
imbalance represents a significant improvement over baseline 
GNNs, yet further refinements, such as incorporating 
advanced rebalancing techniques or hybrid architectures, 
could further enhance its performance on minority classes. 
However, its black-box nature limits usability in construction 
contexts [86], necessitating better interpretability for reliable 
deployment. 
 
 
 

6. Conclusions 
The management of engineering projects often requires the 
accurate classification of activities based on their CPI, yet 
traditional GNNs struggle to capture the complex 
dependencies inherent in such datasets. Models such as GCN 
and GAT, though widely regarded as state-of-the-art, falter 
when faced with challenges such as class imbalance and high-
granularity data. This study set out to address these issues by 
proposing the GatedGNN and its residual counterpart, the 
ResGatedGNN. Additionally, extensive validation was 
conducted using eight datasets derived from a mega project, 
with results evaluated across key metrics including accuracy, 
F1 score, and AUC-ROC.  
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Fig. 6. Accuracy and F1 score performance of the proposed GatedGNN and benchmark GNN models 

 

 
Fig. 7. Class prediction performance of GCN, GAT, ResGatedGNN, and GatedGNN across datasets 

 
Table 2. Training, validation, and test performance of the proposed GatedGNN model across datasets 
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The findings demonstrate the superiority of the GatedGNN 
over existing models. Across datasets, the GatedGNN 
achieved accuracy improvements ranging from 6% to 14% 
over GCN and GAT, with corresponding F1 score 
enhancements of 7% to 13%. In Dataset 3, the GatedGNN 
attained an accuracy of 95.6% for inefficient activities and 
69.9% for efficient activities, outperforming GAT, which 
achieved only 82.4% accuracy and a 51.2% F1 score. 
Comparatively, the ResGatedGNN displayed 3% to 10% 
lower accuracy than the GatedGNN, though it still surpassed 
GCN and GAT, indicating its potential in deeper 
architectures. 
 The study underscores that the gated mechanism offers a 
significant advancement over attention mechanisms, allows 
selective information propagation and mitigates the sharp 
drop in F1 score observed in GCN and GAT due to class 

imbalance. While GCN and GAT experienced drops of 15% 
to 30% in F1 score compared to their accuracy, the 
GatedGNN maintained a stable performance with only a 7% 
to 10% deviation. From a practical standpoint, the GatedGNN 
provides a robust tool for flagging inefficient activities in 
construction progress plans, facilitating more informed 
decision-making for resource allocation and corrective 
measures. The study’s findings suggest that the GatedGNN 
can be seamlessly integrated into existing engineering 
management systems to enhance predictive accuracy and 
address long-standing challenges in handling class-
imbalanced data. Future research should explore the 
scalability of the ResGatedGNN for larger architectures and 
investigate ways to further improve the interpretability of 
these models to address the "black box" nature of deep 
learning in engineering applications. 
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