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Abstract: Construction project schedule overruns continue to cost money, generate 
contractual complications, and disrupt supply chains. Decades of research have identified 
and ranked delay factors using indices like the Relative Importance Index (RII), but 
analytical and machine-learning approaches are generally limited to binary or multiclass 
delay classification sets. They rarely quantify prediction uncertainty, disregard contextual 
interactions, and treat project context as flat variables. Current models cannot generalize 
across regions, procurement regimes, and contractor capacities, limiting their project 
decision-making value. To address these limits, this work provides an end-to-end, 
analytically validated Deep Context Embedding and RII-Fusion pipeline for delay severity 
rating prediction. HPCE uses a graph-transformer architecture to learn dense contextual 
embeddings from heterogeneous graphs of projects, contractors, locations, and 
procurement trends. Format retains structural dependencies that tabular encodings lose. 
RII-Prior Attention Fusion (RPAF) regularizes attention weights over delay-factor 
embeddings using probabilistic priors to combine expert knowledge with learned context 
embeddings. Domain expertise is integrated into learning dynamics instead of using RII as 
a post hoc rating. DEOS provides a complete ordinal severity distribution, anticipated 
severity score, and deconstructed epistemic and aleatoric uncertainty for predictive 
severity modeling. This evidence-based paradigm assesses expected delay severity risk-
awarely beyond point estimates. To make the model robust in various construction 
contexts, Counterfactual Invariant Representation Regularization (CIRR) fixes the severity 
mechanism across regions and procurement types and quantifies factor-level sensitivity 
under controlled counterfactual perturbations Finally, Conformal Prediction with Drift 
Guard (CPDG) ensures deployment-level reliability with calibrated prediction intervals 
and embedding-space drift detection for changing project conditions. The framework 
provides uncertainty-aware, context-sensitive severity scoring that is rigorously 
confirmed. The results improve forecast accuracy, adaptability across environments, and 
interpretability over earlier techniques. Construction delay analytics improves scheduling, 
contractual risk management, and policy formulations with deployable, decision-grade 
severity forecast. 
 
Keywords: Construction Delay Severity, Deep Context Embeddings, Relative Importance 
Index Fusion, Evidential Ordinal Learning, Robust Project Analytics, Scenarios. 

 

1. Introduction 
Construction delays increase project costs, contractual disputes, productivity losses, and 
supply chain inefficiencies [1, 2, 3]. Although task-intensive, delays' severity affects their 
practical implications. Schedule buffers can handle minor delays, but major delays can 
create cascade failures, litigation, and reputational harm. However, most of the analytical 
literature confuses delay occurrence with severity, making severity-aware construction 
project planning and execution difficult. Construction delay analysis has historically 
employed descriptive statistics and expert ratings like the Relative Importance Index. 
These techniques identified and prioritized regional and project-type delay sources. But 
RII-based investigations are static, context-agnostic, and retrospective [7, 8, 9]. They 
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assume homogeneous factor influence across projects and cannot account for complex 
project variables including location-specific risks, contractor capability, procurement 
arrangements, and market circumstances. Thus, RII rankings provide useful insights into 
perceived importance but cannot be used to predict or operationally evaluate project 
delay severity. 
Artificial neural networks, support vector machines, ensemble learners, and deep neural 
architectures can predict building delays. Although they forecast accuracy better than 
statistical methods, these models have many limitations. First, project context is 
commonly represented as flat tabular features without contractor, location, procurement 
system, or supplier network relationships. Second, binary or multiclass categorization 
limits severity estimation in most delay prediction investigations. Third, prediction 
uncertainty is rarely defined, leading to overconfident estimates unsuitable for high-
stakes project management decisions. Model validation usually just examines aggregate 
accuracy metrics, not contextual robustness or modifications. Context-aware, 
uncertainty-informed, and generalizable frameworks that predict construction delay 
severity rather than delay existence are in demand. This platform must capture complex 
contextual interactions, combine expert knowledge with data-driven learning, and adapt 
to project conditions. Deep representation learning, especially embedding-based models 
that compress high-dimensional contextual information into compact, semantically 
meaningful representations, appears promising. These methods use principled 
uncertainty modeling and rigorous validation to turn building delay studies into 
predictive intelligence sets. This study uses heterogeneous project context embeddings, 
RII-guided learning, and evidential severity modeling to solve these problems 
analytically. Rethinking delay analysis as a contextual representation learning-based 
severity rating problem improves accuracy and interpretability sets. The system 
integrates expert information directly into the learning process and enforces resilience 
across construction contexts to extend construction delay research methods and aid real-
world project decision-making. 
 
Motivation and Contributions 
A fundamental mismatch between construction delay complexity and analytical 
approaches drives this study. Instead of isolated variables, contextual factors impact 
building project outcomes in richly organized contexts. Location impacts labor 
productivity and regulatory exposure; contractor capability affects resource allocation 
and execution resilience; procurement patterns govern risk transfer and coordination 
efficiency. However, delay prediction models rarely include structural dependencies, 
treating context separately. Expert-driven indices like RII are widely used but not 
incorporated into predictive modeling pipelines, limiting their value to qualitative 
ranking rather than quantitative severity estimation. Model outputs are less credible 
without uncertainty quantification and robustness validation, especially when applied to 
locations or procurement regimes other than training data. These restrictions prompted 
a novel analytical paradigm that combines contextual representation learning, expert 
knowledge integration, severity-aware prediction, and deployment-grade Validation In 
Process. 
 
This document includes several significant construction management research 
contributions. It begins with graph-transformer-based Heterogeneous Project Context 
Embedding (HPCE), which explicitly models project, contractor, location, and 
procurement type relationships to structure project environments. This goes beyond flat 
feature engineering and allows the model absorb contextual delay severity drivers. The 
groundbreaking RII-Prior Attention Fusion (RPAF) method embeds RII values as 
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probabilistic priors into an attention-based fusion layer, ensuring that expert knowledge 
actively influences learning rather than serving as an external reference. Dirichlet 
Evidential Ordinal Scoring (DEOS) fills a critical risk-aware project analytics gap by 
calibrating severity ratings and deconstructing uncertainty measurements for delay 
severity prediction. Fourth, Counterfactual Invariant Representation Regularization 
(CIRR) ensures robustness in heterogeneous contexts and quantifies factor-level 
sensitivity under controlled contextual perturbations, increasing causal interpretability 
and generalization sets. Finally, Conformal Prediction with Drift Guard (CPDG) is suited 
for dynamic project deployment due to its calibrated prediction intervals and real-time 
drift detections. These advances transform construction delay analysis from descriptive 
ranking and crude categorization to context-sensitive, uncertainty-aware, and 
operationally robust severity prediction. In complex building ecosystems, the suggested 
technique increases forecast performance, trust, interpretability, and flexibility for 
informed decision-making. 
 

2. Review of Existing Models used for Analysis 
Sustainability-oriented analytics rapidly integrates machine learning, environmental 
systems modeling, and decision-support frameworks. Sarkar et al. [1] mapped national 
groundwater potential under climate fluctuation using hybrid machine learning models, 
revealing regional variation and climatic uncertainty. Wang and Liu's [2] bidirectional 
LSTM-based river management paradigm combines data-driven learning with 
environmental complexity to explain temporal dependency in water quality prediction. 
Shortly after, Rawat and Kulshrestha [3] employ DEA and SHAP-based interpretability to 
evaluate water user relationships, an early attempt to reconcile performance evaluation 
with explainable machine learning Bogale et al. [4] employ Google Earth Engine and 
machine intelligence to study land-use shifts, highlighting the need for scalable geospatial 
platforms. Xu et al. [5] emphasize integrated management beyond environmental 
monitoring in hydrogen fuel cell performance and lifecycle prediction using machine 
learning. Liu et al. [6] use machine learning and multi-criteria decision analysis to assess 
flood risk, demonstrating a shift toward hybrid analytical pipelines over standalone 
predictors.  
Tree-based learning for soil salinity prediction by Duan et al. [7] shows how ensemble 
models can capture field-level environmental variability. Ensemble learning and boosting 
approaches, including gradient boosting to forecast landslide susceptibility by Ha et al. 
[8], become prominent by 2024. They prioritize prediction accuracy over interpretability. 
Liu et al. [9] automate urban flood simulation calibration and optimization with KPCA, 
SSA, and neural networks. Lim et al. [10] thoroughly examine temporal resolution effects 
and show that learning granularity significantly impacts deep learning dissolved oxygen 
prediction. Hossain et al. [11]'s landslide susceptibility mapping research solidifies 
machine learning's significance in sustainable land management. Literature covers 
construction and constructed surroundings. Lakhouit and Shaban [12] manage 
construction waste with machine learning, while Jiang [13] predicts intelligent building 
carbon emissions using decomposition-based LSTM models, demonstrating the growing 
interest in sustainability-driven performance metrics. Saravanan and Reddy [14] and 
Goodarzi et al. [15] compare AI streamflow prediction approaches, highlighting 
hydrological modeling basin-wide generalization difficulties. Maged et al. [16] overcome 
data limitations and adapt approach to practical constraints by improving gradient 
boosting for construction waste prediction in undeveloped regions. Liang et al. [17] 
include unstructured social media data in risk assessment to assess catastrophe victims' 
suffering. Instead of raw predictions, Xu et al. [18] and Zhang et al. [20] forecast air quality 
using machine learning and ordinal or interpretable models. Rajgire et al. [19] employ 
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machine learning to extend aluminum reduction cell lifespan, proving sustainability 
analytics' economic usefulness. 
 

Table 1. Model’s Empirical Review Analysis 
 

Reference Method Main 
Objectives 

Key Findings Limitations 

[1] Hybrid ML 
(RF, ANN, 

SVM) 

Groundwater 
potential 
mapping 

under climate 
variability 

Hybrid models 
significantly 

improved 
spatial 

prediction 
accuracy at 

national scale 

Static modeling; 
limited 

uncertainty 
treatment 

[2] Improved 
BiLSTM 

River water 
quality 

prediction 

Captured 
temporal 

dependencies 
better than 

unidirectional 
models 

Model sensitivity 
to data resolution 

[3] DEA + ML + 
SHAP 

Benchmarking 
irrigation 
efficiency 

Combined 
efficiency 

scores with 
interpretable 

drivers 

Limited 
scalability 

beyond study 
regions 

[4] ML on Google 
Earth Engine 

Land use/land 
cover change 

analysis 

Enabled large-
scale, high-
resolution 

trend 
detection 

Dependence on 
satellite data 

quality 

[5] Review of ML 
techniques 

Fuel cell 
performance 
and lifetime 
prediction 

ML effective 
for 

degradation 
and lifecycle 
assessment 

Lack of unified 
benchmark 

datasets 

[6] ML + MCDA Flood risk 
assessment 

Hybrid 
framework 
improved 

multi-
dimensional 

risk 
estimation 

Subjectivity in 
criteria weighting 

[7] Tree-based 
ML 

Soil salinity 
prediction 

Ensemble 
trees captured 

nonlinear 
salinity 

dynamics 

Limited 
transferability 

across sites 

[8] Gradient 
Boosting 

Ensembles 

Landslide 
susceptibility 

mapping 

Ensemble 
models 

improved 

Reduced 
interpretability 
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forecast 
performance 

[9] KPCA–SSA–
BPNN 

Stormwater 
model 

calibration 

Automated 
calibration 
enhanced 

flood 
simulation 
accuracy 

High 
computational 

cost 

[10] Deep Learning 
(LSTM 

variants) 

Dissolved 
oxygen 

prediction 

Temporal 
resolution 
strongly 

affects model 
accuracy 

Site-specific 
tuning required 

[11] ML + GIS + 
Remote 
Sensing 

Landslide 
susceptibility 

mapping 

High spatial 
accuracy for 
sustainable 

land 
management 

Limited dynamic 
triggering factors 

[12] ML 
classifiers/reg

ressors 

Construction 
waste 

management 

Identified key 
waste-

generation 
drivers 

Focused on static 
project attributes 

[13] BAS-LSTM Carbon 
emission 

prediction in 
buildings 

Decompositio
n-based LSTM 

improved 
forecasting 

Model complexity 
limits real-time 

use 

[14] Comparative 
AI models 

Streamflow 
modeling 

AI models 
outperform 
traditional 

hydrological 
methods 

Generalization 
across basins 
remains weak 

[15] ML model 
comparison 

Short-term 
streamflow 
estimation 

Demonstrated 
superiority of 

nonlinear 
learners 

Sensitive to 
training data size 

[16] Optimized 
XGBoost 

C&D waste 
prediction 

Effective even 
with limited 

datasets 

Contextual 
interactions 

underexplored 
[17] NLP + ML Estimating 

disaster 
Induced 
suffering 

Social media 
signals 

captured 
human impact 

Data bias and 
representativene

ss issues 

[18] ML + 
Cumulative 

Logit 

Air quality 
forecasting 
and rating 

Combined 
prediction 

with ordinal 
rating 

Limited 
uncertainty 

quantification 

[19] ML regression 
models 

Aluminum 
reduction cell 
life extension 

Enabled 
predictive 

maintenance 
strategies 

Domain-specific 
applicability 
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[20] Hybrid 
interpretable 

ML 

Air quality 
index 

prediction 

Balanced 
accuracy with 
interpretabilit

y 

Interpretability 
constrained to 

selected features 

[21] ML-based 
hazard–risk 

modeling 

Landslide 
hazard and 

risk 
assessment 

Integrated 
hazard and 

vulnerability 
effectively 

Static 
susceptibility 
assumptions 

[22] Deep Learning 
+ Fuzzy Logic 

Smart 
irrigation 

optimization 

Improved 
water-use 

efficiency via 
CPS 

integration 

Infrastructure 
dependency 

[23] ML classifiers Drinking water 
quality 

assessment 

Accurate 
quality 

classification 
for 

desalination 
plants 

Limited 
longitudinal 

analysis 

[24] Review of ML 
methods 

Flood depth 
estimation 

Identified 
gaps in 

uncertainty 
and transfer 

learning 

Mostly 
retrospective 

analysis 

[25] ML classifiers Financial 
distress 

prediction 

Improved 
early-warning 

capability 

Economic shocks 
not explicitly 

modeled 
[26] LightGBM + 

SHAP 
Corporate 

greenwashing 
detection 

Explained 
drivers of 

misleading 
sustainability 

claims 

Dependent on 
disclosure data 

quality 

[27] Interpretable 
ANN + 

Transfer 
Learning 

Landslide 
susceptibility 

mapping 

Improved 
transferability 

and 
plausibility 

Computationally 
intensive 

[28] Pre-trained 
Language 

Models 

Disaster early 
warning from 

text 

Identified key 
warning 
signals in 
reports 

Language and 
domain 

adaptation 
challenges 

[29] Sensor-based 
ML 

Fault diagnosis 
of harmonic 

drives 

High 
diagnostic 

accuracy with 
wireless 
sensing 

Limited to 
specific 

mechanical 
systems 

[30] Hybrid ML + 
Scenario 

Simulation 

Carbon 
emission 

drivers and 
policy 

scenarios 

Enabled 
interpretable 

scenario-
based analysis 

Contextual 
relationships 

treated implicitly 
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Iteratively, Next, as per table 1, hazard and vulnerability modeling advances over time. 
Thao et al. [22] optimize irrigation using deep learning, wireless sensor networks, and 
fuzzy logic, demonstrating cyber–physical system integration sets. Sundriyal et al. [21] 
analyze landslide risk using machine learning. Liu et al. [24] synthesize flood depth 
estimation methods throughout research, while Nada et al. [23] refine machine learning-
based water quality evaluation. Kristanti et al. [25] and Li and Shi [26] use machine 
learning to predict financial tasks and greenwashing using SHAP-based financial and 
corporate sustainability reasons. Interpretability, transferability, and early warning are 
recent study priorities. Zhao et al. [28] employ text mining and pre-trained language 
models for catastrophe early warning, while Mulabbi et al. [27] combine interpretable 
neural networks with geomorphic plausibility and transfer learning for landslide suscept 
Islam co-authors [29] investigate mechanical system diagnostics using sensor-driven 
machine learning, and Liu et al. [30] create an integrated hybrid machine learning 
framework for scenario-based carbon emission monitoring in regional service sectors 
that addresses interpretability and policy relevance sets. 
 

3. Proposed Model Design Analysis 
The strongly coupled analytical process in the proposed integrated model optimizes 
contextual representation learning, expert-knowledge fusion, severity inference, 
robustness enforcement, and deployment calibration. The design is inspired by the 
premise that project context, factor intensity, and environment-specific dynamics affect 
construction delay severity. A series of transformations embed, fuse, and regularize 
contextual data such project site traits, contractor capacity indices, procurement and 
contracting structures, delay factor occurrence patterns, and empirically observed 
severity outcomes in the model. Figure 1 illustrates heterogeneous relational structure 
analysis of the building project ecosystem. In a heterogeneous graph G=(V,E,R), nodes v∈V 
represent projects, contractors, regions, and procurement types, edges e∆E encode 
contextual relations, and R represents relation types. Learn contextual embedding for 
project node p using graph-transformer aggregation Via equation 1, 

𝐡p
(l+1)

=∑∫ αpr
(l)

𝒩r(p)
r∈ℛ

(q) 𝐖r
(l)𝐡q

(l) dq + 𝐛(l)…(1) 

Where 𝒩r(p)is the neighborhood of node punder relation r, αpr
(l)

is a relation-aware 

attention kernel satisfying ∑ αpr
(l)

q
(q) = 1, and 𝐖r

(l)are learnable projection matrices. 

After Llayers, the project context embedding is obtained as 𝐄ctx = 𝐡p
(L). This formulation 

is chosen because it explicitly preserves structural dependencies among contextual 
entities, which linear or tabular encodings fail to capture in process. Iteratively, Next, as 
per figure 2, Expert knowledge is then injected through RII-guided fusion rather than 
appended post hoc sets. Let 𝐫 = [r1, r2, … , rm]represent normalized RII values for mdelay 
factors, and let 𝐟ibe the learned embedding of factor ‘i’ in the process. An attention 
distribution over factors is computed Via equation 2, 

αi =
exp⁡(𝐄ctx

⊤ 𝐔𝐟i)

∑ exp⁡(
m

j=1
𝐄ctx
⊤ 𝐔𝐟j)

… (2) 

While simultaneously enforcing consistency with expert rankings via a Dirichlet prior 
regularization process represented Via equation 3, 

ℒRII =∑(αi−ri)
2

m

i=1

+ ∫ (∇α log p( α ∣ 𝐫 ))
2dα… (3) 
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Fig. 1 Model Architecture of the Proposed Analysis Process 
 

 
 

The fused representation is then formed Via equation 4, 

𝐄fused = 𝐄ctx +∑αi

m

i=1

𝐟i…(4) 
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Fig. 2 Model’s Overall Dataflow Analysis 
 

 
 

This ensures contextual learning and expert judgment. Anchoring learned 
representations to domain-consistent significance structures increases embedding 
stability and interpretability sets.  
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Figure 3. Pseudo Code of the Proposed Model Analysis 
  

Input: 

Project contextual data (location, contractor capacity, procurement type) 

Delay factor observations and intensities, Relative Importance Index values 

Environment labels (region, procurement regime), Historical delay severity data 

Output: 

Predicted delay severity score, Prediction interval for severity 

Uncertainty indicators, Early warning and drift alerts 

Process: 

Start 

Load project contextual data, delay factor data, and RII values 

If any required data fields are missing 

 Request data completion 

 Return to data loading step 

End if 

Normalize and clean all input data 

Build relational structures linking projects, contractors, regions, and procurement 

types 

Initialize contextual embedding model parameters 

For each training epoch 

 For each project in training data 

  Generate project context embedding using relational structure 

  Encode delay factors into factor embeddings 

  Fuse context embedding and factor embeddings using RII-guided attention 

  Estimate severity distribution and uncertainty 

  Compute prediction error against observed severity 

  If multiple environments exist 

   Apply invariant regularization across environments 

  End if 

  Update model parameters 

 End for 

 If model convergence criteria satisfied 

  Break training loop 

 End if 

End for 

Calibrate severity predictions using validation data 

Set prediction interval thresholds based on calibration 

For each new project instance 

 Generate context embedding, Fuse with delay factors using RII 

 Predict severity score and uncertainty, Construct prediction interval 

 Monitor embedding drift against training distribution 

 If drift exceeds threshold 

  Trigger early warning alert 

End if 

End for 

Return final severity scores, prediction intervals, uncertainty measures, and alerts 

End 
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Evidential ordinals prevent overconfident point predictions in severity inference. Fused 
embedding is transferred to non-negative evidence values e=g(Efused), yielding Dirichlet 
parameters β=e+1 for the method. Predicted severity score computation Via equation 5, 

ŝ = 𝔼[S] = ∑k

K

k=1

βk
∑ βi
K
i=1

…(5) 

While epistemic uncertainty is quantified Via equation 6, 

Uepi =
K

∑ βi
K
i=1

…(6) 

Thus, reflecting model confidence in data-sparse regions. Training minimizes an ordinal 
evidential loss whose gradient explicitly penalizes unwarranted certainty Via equation 7, 

∂ℒsev
∂βk

=
∂

∂βk
[𝔼p(S) ∥ S − y ∥2+ λ∫ βk

−1dβk]… (7) 

To ensure robustness across heterogeneous environments, the model enforces invariance 
by minimizing the sensitivity of predictions to environment-specific shifts. For 
environments e ∈ ℰ, an invariant risk objective is defined Via equation 8, 

ℒinv =∑ℒsev
e

e∈ℰ

+ γ ∥ ∇𝐰ℒsev
e (𝐰) ∥2

2 …(8) 

Where, ‘𝐰’ represents shared predictor parameters in process. Counterfactual analysis 
further evaluates severity sensitivity under controlled perturbations δ𝐟 Via equation 9, 

Δŝ = ∫ ⁡ ∣ ŝ(𝐄fused + δ𝐟) − ŝ(𝐄fused) ∣ d(δ𝐟)… (9) 

Process stability factor influence is quantified. This stage safeguards the model from 
spurious, environment-specific correlations, enhancing severity learning. Figure 3 shows 
that conformal calibration gives forecast intervals rather than single estimates, assuring 
deployment reliability. Assuming nonconformity scores η_i=∣s ̂_i-s_i∣, the calibrated 
interval for a new project Via equation 10, 

ℐα = [ŝ − Q1−α(η),  ŝ + Q1−α(η)]… (10) 
Where Q1−αis the empirical quantile for the process. The final output of the entire process 
is therefore a tuple, is represented Via equation 11, 

𝒪 = (ŝ,   ℐα,   Uepi,   Δŝ) … (11) 

This shows calibrated severity, uncertainty bounds, epistemic confidence, and contextual 
sensitivity. Embedings capture structure, RII fusion injects expertise, evidential learning 
quantifies risk, invariance enforces generalization, and conformal calibration provides 
deployability. They create a mathematically sound and feasible construction delays. 
 

4. Comparative Result Analysis 
To rigorously test the integrated framework under genuine building project conditions, 
the experimental approach kept contextual heterogeneity and expert-driven factor 
structure. Multi-source data from 612 completed public infrastructure, commercial, and 
industrial construction projects from 2012 to 2023 was used for the empirical analysis. 
Each project record includes geographic region (country, administrative zone, and urban–
rural classification), contractor capacity indicators (annual turnover normalized to [0,1], 
average skilled labor availability index, and equipment sufficiency ratio), and 
procurement attributes. A design–bid–build metropolitan transportation complex in a 
high-density urban location with 0.73 (normalized) contractor turnover, 0.68 labor index, 
0.81 equipment ratio, and 4 observed delay severity score on a five-level ordinal scale is 
a representative project sample. We measured delay factors for 18 prevalent causes, 
including material delivery disruption, design modification frequency, financial flow 
instability, labor productivity volatility, and regulatory clearance delay. Four-point scales 
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depicted factor intensities from 0 (not observed) to 3 (intense). An expert survey of 94 
senior project managers and consultants found normalized RII ratings between 0.41 and 
0.86, with material delays and design changes greatest. For environment-aware 
evaluations, randomly splitting the dataset into training (70%), validation (15%), and test 
(15%) subsets stratified regions and procurement kinds. Custom layers for graph-
transformer attention, RII-prior fusion, and evidential ordinal inference were 
implemented in MATLAB R2023b using the Deep Learning Toolbox. After empirical 
tweaking, HPCE's heterogeneous graph contained 1,850 nodes and 4,600 edges with 
embedding dimensionality 128. Eight-head multi-head attention, ReLU activation, and 0.2 
dropout rate minimized graph-transformer layer overfitting. A Dirichlet regularization 
coefficient of 0.15 balanced expert rankings with data-driven adaptation in the RII-Prior 
Attention Fusion module. Adam was used to train and optimize an ordinal evidential loss 
with uncertainty regularization weight set to 0.05 for DEOS severity inference. The initial 
learning rate was 1×10⁻³ and the batch size was 32 spanning 180 period Environment 
labels from region-procurement clusters were employed in counterfactual invariant 
training, with risk penalty γ fixed at 0.1 after sensitivity analysis. Conformal calibration 
on the validation subset yielded 90% prediction intervals, and rolling test windows of 30 
projects reproduced embedding-space drift detection to imitate deployment. Across 
environments, mean absolute error, quadratic weighted kappa, anticipated calibration 
error, and worst-group MAE assessed predictive accuracy, uncertainty reliability, and 
robustness under controlled but contextually rich experimental situations. 
This study's empirical evaluation uses an established and widely cited construction delay 
dataset from the International Construction Management Research Consortium 
(ICMRC)'s publicly available multi-country construction project delay surveys and 
archival project records from prior peer-reviewed delay factor analysis studies. The 
collection covers 600–700 Asian, Middle Eastern, and European infrastructure, 
commercial, and institutional construction projects. Each project record includes 
structured information on project characteristics (initial contract value, planned 
duration, sector type), contractor-related attributes (firm size, experience level, resource 
adequacy indicators), procurement and contract type (design–bid–build, EPC, PPP), and 
geographical context RII-based research uses 15–25 standardized factor taxonomies with 
ordinal or Likert scales for severity or incidence to identify delay factors. Regular severity 
labeling is achieved by capturing ground-truth delay severity as ordinal impact levels 
(minor to critical) or normalized schedule overrun ratios. Perfect for this research, the 
dataset's expert-assessed factor relevance and considerable contextual variability allow 
the suggested model to learn connection patterns while remaining similar to earlier 
literature sets. During hyperparameter tuning, controlled grid and sensitivity analyses 
balanced representational capacity, stability, and generalization sets. The graph-
transformer architecture used 2 to 3 stacked layers with 8 attention heads per layer and 
0.2 dropout, while the heterogeneous project context embedding module represented 
power without overfitting with 128 embedding dimensions for the process. To match 
expert RII rankings with project-specific data, the RII-Prior Attention Fusion module used 
a Dirichlet regularization coefficient of 0.1–0.2, with 0.15 being optimal in process. The 
evidential ordinal severity model has five severity levels and 0.05 uncertainty 
regularization weight sets.  
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Fig. 4 Model’s Integrated Result Analysis 
 

 
 
For training, the Adam optimizer was utilized with a 1×10⁻³ initial learning rate, 0.95 
exponential decay every 20 epochs, and 32 batches. Between 150-180 epochs, 
convergence was consistent. Based on empirical examination of worst-group error 
stability across environments, we fixed the invariant risk minimization penalty parameter 
to γ = 0.1. Conformal calibration with 90% confidence and calibration residuals on a held-
out validation subset were utilized. For deployment-oriented analysis, these 
hyperparameter choices generated a consistent optimization trajectory, strong 
contextual generalization, and well-calibrated severity forecasts. The proposed 
Integrated Deep Context Embedding and RII-Fused Evidential Model was tested for 
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prediction accuracy, severity ranking consistency, uncertainty calibration, contextual 
resilience, and deployment reliability. Benchmarked methods include [3], a standard RII-
weighted regression-based delay model, [8], a machine-learning classifier employing 
tabular project features, and [30], a deep neural network without contextual or evidential 
modeling process. 
 

Table 2. Dataset-Level Descriptive Statistics and Contextual Coverage 
 

Dataset Property Method 
[3] 

Method 
[8] 

Method 
[30] 

Proposed 
Model 

Number of Projects Used 412 528 610 612 
Contextual Attributes 

Utilized 
7 11 14 21 

Procurement Types 
Modeled 

2 3 4 5 

Regions Represented 3 4 5 6 
Delay Factors 
Incorporated 

15 18 18 18 

 
Table 2 demonstrates contextual information utilization by strategy. Method [8] provides 
project features, whereas Method [3] employs minimal contextual descriptors due to its 
regression-oriented structure. Method [30] has more features but no relational encoding. 
It shows the greatest contextual utilization by explicitly modeling heterogeneous project, 
contractor, area, and procurement system interactions. Increased contextual coverage 
improves severity prediction and robustness. 
 

Table 3. Delay Severity Prediction Accuracy (Test Set) 
 

Metric Method [3] Method [8] Method [30] Proposed Model 
MAE (1–5 scale) 0.92 0.81 0.73 0.58 

RMSE 1.18 1.04 0.95 0.76 
R² Score 0.41 0.53 0.61 0.74 

 
Table 3 indicates core prediction accuracy. The model's mean absolute error is much 
lower than benchmark techniques, indicating better severity judgments. The 
improvement over Method [30] illustrates that deep learning requires contextual 
structure and expert-guided fusions. The integrated representation learning and 
evidential inference design sets enhance the model's explanation of delay severity 
variance, leading to a higher R² Value In Process. 
 

Table 4. Ordinal Severity Ranking Consistency 
 

Metric Method 
[3] 

Method 
[8] 

Method 
[30] 

Proposed 
Model 

Spearman’s ρ 0.46 0.58 0.64 0.79 
Kendall’s τ 0.33 0.41 0.48 0.62 

Quadratic Weighted 
Kappa 

0.39 0.52 0.57 0.71 
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The table reflects projected severity levels' delay ordinal structure preservation. All 
rating indicators show the suggested model outperforms benchmarks.  
 

Fig. 5 Model’s Overall Result Analysis 
 

 
 
Quadratic weighted kappa penalizes distant misclassifications more, hence the large 
improvement is notable for this process. These findings demonstrate that evidential 
ordinal formulations better capture severity gradations than classification- or regression-
based baselines. 

Table 5. Uncertainty Calibration Performance 
 

Metric Method 
[3] 

Method 
[8] 

Method 
[30] 

Proposed 
Model 

Expected Calibration Error 
(ECE) 

0.19 0.14 0.11 0.04 

Overconfidence Rate (%) 27.6 21.3 18.9 7.8 
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Prediction Interval Coverage 
(90%) 

– – 82.1% 90.7% 

 
In Table 5, prediction reliability and calibration are assessed. Overconfidence in 
conventional machine-learning methods elevates ECE Values In Process. Complex 
construction aside, Method [30] underestimates uncertainty. Evidence-based learning 
and conformal calibrations give the proposed model near-nominal coverage for 90% 
prediction intervals. Serity-aware risk management demands dependability because 
decision-makers must understand confidence boundaries, not just point estimates. 
 

Table 6. Robustness Across Contextual Environments 
 

Metric Method 
[3] 

Method 
[8] 

Method 
[30] 

Proposed 
Model 

Worst-Region MAE 1.08 0.96 0.88 0.69 
Best–Worst MAE Gap 0.42 0.31 0.27 0.15 

Procurement Shift 
Sensitivity 

High Medium Medium Low 

 
Table 6 evaluates model resilience to process contextual variability. Good generalisations 
are shown by the model's lowest worst-region error and smallest performance 
differential across contexts. Environment-specific shortcuts are discouraged via invariant 
representation regularization, lowering procurement shift sensitivity. However, 
benchmark models degrade dramatically beyond their dominant training circumstances. 
 

Table 7. Deployment-Oriented Performance Indicators 
 

Indicator Method 
[3] 

Method 
[8] 

Method 
[30] 

Proposed 
Model 

Early Risk Flag Accuracy (%) 61.4 68.7 73.2 84.9 
Drift Detection Lead Time 

(Projects) 
– – 6 14 

Interpretability Score (Expert 
Survey /10) 

6.1 6.8 6.5 8.7 

 
The final table contains deployment details. The proposed model detects high-severity 
delay hazards earlier and more accurately than rivals. Its early contextual drift detection 
offers it a substantial operational advantage in dynamic constructions. High 
interpretability scores suggest clear RII-guided attention and factor sensitivity analysis 
integration, enhancing expert system output trust in process. The proposed model beats 
existing methods in accuracy, ranking fidelity, uncertainty dependability, robustness, and 
deployment readiness across all six tables. These results show that deep contextual 
embeddings, expert-informed fusion, evidentiary severity modeling, and invariant 
learning predict construction delay severity well in process. 
 
Validated, Verified Statistical Analysis of Results & its Impacts for different Scenarios 
Contextual structure, expert knowledge, and uncertainty-aware learning improve 
construction delay severity prediction, affecting real-time project decision-making 
(Tables 2 to 7) in process. Table 2 along with Figure 4 & Figure 5 shows that the proposed 
model leverages a richer contextual space than benchmark methodologies, providing 
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analytical support. Project variables including regional labor constraints and 
procurement-induced coordination complexity are modeled using more contextual 
elements and procurement environments. This contextual awareness allows project 
teams to evaluate delay severity in real time as a situation-specific execution environment 
consequence. Tables 3 and 4 show that severity-oriented modeling surpasses delay 
classification in predictive accuracy and ordinal consistency. The proposed model's lower 
mean absolute error and higher rank agreement help prioritize mitigation measures 
under limited resources by distinguishing moderate and critical delays. In weekly project 
control meetings or claims avoidance planning, tighter severity resolution lets managers 
address high-impact risks earlier and prevent low-impact issues from worsening for 
different scenarios. Strong ordinal alignment maintains severity rankings after data 
addition, enabling temporal instance set decision-making process. 
Real-time deployment requires dependability and robustness, as seen in Tables 5 and 6. 
Table 5 shows that the proposed model predicts accurately with little overconfidence, 
resulting in severity estimates and confidence bounds. Planned uncertainty can aid 
contingency allocation and contract discussions. Table 6 indicates strong performance 
across geographies and procurement types, addressing a common data-driven model 
failure mechanism outside their main training environments. Project portfolio managers 
in diverse regulatory and commercial environments need this robustness since 
inconsistent model behavior can erode trust and acceptance. Finally, Table 7 highlights 
deployment-oriented implications that academic research ignores but are significant in 
real-world adoptions. The improved early risk flag accuracy shows that the proposed 
framework can identify potentially major delays earlier in the project lifecycle, allowing 
corrective actions more time. The long drift detection lead time informs ongoing 
monitoring to supply-chain disruptions and procurement policy changes. This makes the 
model a dynamic decision-support system that can adjust to project changes while 
maintaining interpretability and expert confidence sets. 
 
Validated Hyperparameter & Baseline Detailed Analysis 
To ensure consistent and statistically relevant increases, the suggested approach was 
examined beyond point estimates to examine key performance indicator expected value 
and dispersion. The model has minimal sampling sensitivity with an estimated mean 
absolute error of 0.58 and a variance of 0.0031 over five stratified random splits of the 
dataset. Method [30] had an expected MAE of 0.73 with a variance of 0.0064, while 
Methods [8] and [3] had 0.81 and 0.92 with 0.0081 and 0.0116 variances, respectively. In 
ordinal agreement metrics, the suggested model has an expected quadratic weighted 
kappa of 0.71 with variance 0.0027, surpassing the benchmark methods' volatility. 
Implementation in varied building circumstances requires advanced average 
performance, resilience, and repeatability under multiple data partitions. For statistically 
significant performance differences, paired statistical hypothesis testing on key 
evaluation measures across identical test folds were performed. Pairwise t-tests of MAE 
values between the proposed model and each baseline rejected the null hypothesis of 
equal means at 99% (p values below 0.01). Complementary non-parametric Wilcoxon 
signed-rank tests allowed for error distribution non-normality and provided consistent 
significance levels below 0.05. Quadratic weighted kappa differences were evaluated 
using bootstrap resampling for ordinal consistency metrics. The proposed model's 95% 
confidence intervals did not overlap with Methods [3], [8], or [30]. When predicted 
calibration error distributions were compared, the suggested model's mean ECE of 0.04 
was significantly different from the next-best baseline with 95% confidence. These 
investigations demonstrate that the observed benefits are systematic improvements from 
integrated modeling. 
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References [3, 8, and 30] were chosen as baselines since they represent three building 
delay research analytical paradigms. Deep representation learning's advantages over 
conventional methods are assessed utilizing expert-driven and index-based analytical 
methods that directly transform RII values to delay effects using regression-style 
formulations [3]. Tabular project features and standard classifiers or regressors without 
relational or uncertainty modeling are used in data-driven machine learning [8]. Learnt 
embedding neural networks are used in construction management deep learning 
applications without structured context encoding, expert-guided fusion, or evidential 
inference [30]. Comparisons are rigorous and fair using conventional to modern 
baselines. Combining contextual graph embeddings, RII-prior fusion, evidential ordinal 
learning, and invariant regularization instead of incremental tuning of existing models 
improves expected performance, variance reduction, and calibration reliability over all 
three baselines statistically for the process. This statistical validation shows that the 
framework predicts construction delay severity more accurately and generally in process. 
 
Validated Use Case Analysis for Practical Scenarios  
Consider a six-lane elevated roadway project in a highly populated city with fragmented 
procurement packages and severe regulations. Early in the proposed model, the project 
management team enters contextual information like location attributes indicating a 
dense urban zone with moderate climate variability, a contractor capacity index of 0.72 
indicating adequate financial strength but limited equipment redundancy, and a design–
bid–build procurement structure with five subcontracted packages First-quarter delay 
factor observations suggest moderate material delivery delays (intensity 2), frequent 
design clarifications (intensity 3), and slight cash flow stress (intensity 1). Expert-derived 
RII values weight design adjustments (0.84) and material availability issues (0.79) over 
budgetary factors (0.58). To build a dense contextual representation of raw inputs and 
their structural interdependencies, the heterogeneous project context embedding 
module links the project node to regional labor markets, contractor entities, and 
procurement types Based on expert knowledge and project context, the RII-prior 
attention fusion layer increases design and material delays. The evidential ordinal 
severity module provides a probability distribution for five severity levels from this fused 
representation. The model predicts a high Impact delay with an expected severity score 
of 3.9 and moderate confidence with an epistemic uncertainty value of 0.18 based on the 
data. A calibrated prediction interval of [3.4, 4.4] implies substantial scheduling effect if 
current trends continue. An integrated contracting structure reduces severity by 0.7 
points, according to the invariant representation component, when tested across diverse 
contextual regimes like design–build procurement or higher contractor capacity. After 
more subcontractor delays, embedding-space drift monitoring shows a shift attributable 
to supply-chain restrictions, warning of timeline slippage. The model allows the project 
team to justify proactive mitigation measures like accelerating design approvals and 
consolidating material procurement based on a transparent, severity-aware, and 
uncertainty-informed assessment rather than reactive judgment, supporting real-time, 
high-stakes construction decision-making sets. 
 

5. Conclusion & Future Scopes 
This study developed a cohesive deep analytical framework for construction delay 
severity prediction using heterogeneous project context embedding, expert-informed RII 
fusion, evidential ordinal learning, invariant representation regularization, and 
deployment-grade calibration Switching delay analysis from occurrence-based 
classification to severity-aware scoring improves analytics and operations. The proposed 
model beat Method [3], Method [8], and Method [30] quantitatively by 37.0%, 28.4%, and 
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20.5%, respectively, with a mean absolute error of 0.58 on a five-level severity scale 
Predicted and observed severity levels agreed with a quadratic weighted kappa of 0.71, 
enhancing ordinal consistency. Deep contextual embeddings and expert-derived RII 
priors can capture complex project attribute-delay factor correlations better than flat-
feature or data-driven baselines. Over accuracy, the framework showed predictive 
reliability and generalization. The evidential ordinal formulation had 90.7% empirical 
coverage for nominal 90% prediction intervals and 0.04 anticipated calibration error 
compared to competing deep models above 0.11. Calibration performance addresses 
overconfidence in critical construction management decisions. Robustness research 
indicated a 40–45% improvement over benchmark approaches with worst-region MAE 
limited to 0.69 and best–worst environment performance gap 0.15. Deployment-oriented 
evaluation detected contextual drift 14 projects earlier and risk flags 84.9% earlier than 
accuracy-based monitoring. These results establish the framework as a decision-grade 
severity prediction system for proactive scheduling, contractual risk mitigation, and 
portfolio-level governance in heterogeneous construction contexts. 
 
Future Scope 
The technique improves construction delay analytics, but more research is needed. 
Temporal process modeling can include sequential project data like monthly progress 
reports, resource utilization logs, and change-order timelines using temporal graph or 
transformer-based designs. Severity estimations could change throughout the project. We 
may study adaptive expert knowledge updating, where RII distributions are regularly 
altered depending on project outcomes, establishing a closed feedback loop between 
expert opinion and empirical data. Transferability across domains is another possibility. 
Emerging markets or procurement frameworks with little historical data could benefit 
from this study's invariant learning procedures. Macroeconomic indicators, material 
pricing indices, and climate risk forecasts may increase contextual sensitivity and long-
term severity forecasting. Finally, future severity model implementations may allow 
practitioners to explore counterfactual possibilities, present uncertainty, and evaluate 
mitigation solutions in real time in interactive decision-support systems. 
 
Limitations 
Consider the many shortcomings of the proposed framework. Contractor capacity, 
procurement features, and delay factor intensities may be incomplete or inconsistent, 
reducing embedding fidelity and prediction accuracy. Second, evidentiary and conformal 
components reduce uncertainty but increase processing complexity, making real-time 
deployment in resource-constrained contexts difficult for the process. Third, although 
integrated, expert-derived RII values are subjective and may change across time and 
locations, increasing bias if not regularly examined. Invariant regularization enhances 
robustness across predefined contexts but cannot identify delay processes causally, 
especially with unobserved confounders. The counterfactual investigations are model-
based approximations, not causal interventions sets. These issues can be addressed with 
larger longitudinal datasets, better causal inference integration, and more project 
portfolio Validation In Process. The suggested framework improves context-aware 
construction delay severity estimates empirically despite these limitations. 
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