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The construction sector is currently recognised as a highly innovative industry, 
where sustained monitoring of labour efficiency has accelerated project 
expansion. Nevertheless, addressing performance constraints requires optimising 
workforce productivity, accurately estimating task durations, and improving 
output rates to minimise labour expenses and project timelines. This study 
examines enhancements to conventional site practices, where professionals such 
as contractors, engineers, and managers typically rely on theoretical productivity 
approximations that often result in time and cost inefficiencies. Within the 
Egyptian context, standardised benchmarks for forecasting construction labour 
productivity remain absent. Accordingly, this research identifies the principal 
determinants affecting column formwork productivity through a structured 
questionnaire. Variables demonstrating high relative importance index (RII) 
values were selected as independent predictors influencing the dependent 
variable, labour productivity, within the proposed model. Empirical productivity 
observations were recorded at two-hour intervals across three sites, Smouha, 
Beheira, and Moharam-Bek, enabling the assessment of time and cost loss ratios 
and the establishment of baseline metrics for each location. Furthermore, an 
artificial intelligence model was implemented using the Python programming 
language within Visual Studio Code to estimate short-term productivity, thereby 
supporting improved scheduling and managerial decision-making for enhanced 
efficiency and cost reduction. The findings indicate that the developed ensemble 
machine learning approach achieved a performance accuracy of 97.66% with a 
validation error of 0.015. A web-based platform was also created as a baseline 
system, offering practitioners and planners a dependable and precise tool for 
forecasting column formwork labour productivity at two-hour intervals prior to 
project execution. 

 
1. Introduction 

Poor labour productivity remains a critical challenge in construction, as it elevates project costs 
and extends completion timelines [11]. Consequently, the measurement of labour productivity has 
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gained considerable importance, particularly in relation to time and cost efficiency [19]. Empirical 
evidence indicates that methodological limitations constrain accurate productivity assessment in 
construction contexts, although the sector continues to demonstrate strong value generation per 
labour hour [2]. Furthermore, numerous determinants influencing labour productivity have been 
identified, enabling the modelling of interrelationships among key factors to enhance performance 
outcomes within the industry [4]. Analytical approaches, including index number techniques and 
econometric estimation of production or cost functions, highlight the necessity of integrating 
multiple methodologies for reliable evaluation [24]. The selection of appropriate formwork systems 
in high-rise construction has also been shown to significantly influence both project duration and 
cost, with the relative importance index method widely applied to determine critical factors [14]. 
Observational studies reveal that only a limited proportion of working time is utilised productively, 
with approximately 30% of total time contributing to effective output [3]. Process control 
techniques have further been employed to establish baseline productivity under standard 
conditions, alongside quantifying associated time and cost loss ratios [1].  

Despite continuous advancements, improving productivity modelling remains a persistent 
concern, driven by the increasing demand for more accurate and practical predictive frameworks 
[12]. Statistical regression approaches, supported by extensive historical datasets, have 
demonstrated high predictive capability in estimating project cost and duration [8]. The literature 
further confirms the availability of diverse techniques for forecasting labour productivity, with 
multiple studies validating the accuracy of these approaches [5; 10; 13; 23]. Direct observational 
methods combined with neural network models have been utilised to estimate production rates 
with minimal error margins [20]. In parallel, advancements in artificial intelligence have transformed 
construction engineering practices through the integration of machine learning and digital 
technologies, enhancing design optimisation, automation, and quality management processes [16; 
17]. Recent developments in deep learning have also improved predictive accuracy in control chart 
applications [22], while ensemble-based approaches, such as random forest algorithms, have 
strengthened predictive robustness through the aggregation of multiple decision trees [6]. These 
methods have demonstrated significant potential in monitoring and forecasting labour productivity 
[13; 21].  

Ensemble machine learning techniques have shown superior performance in predicting labour 
productivity and project delays compared to individual models [7]. Hybrid approaches, including 
stacking and voting algorithms, have achieved enhanced predictive precision in construction 
environments. Additionally, the integration of multiple neural networks has proven effective in 
evaluating labour efficiency in reinforcement activities [15]. Emerging non-destructive monitoring 
methods, such as ultrasonic wave reflection, have enabled accurate assessment of concrete 
hardening, supporting optimal decision-making for formwork removal based on material stiffness 
development [18]. Comparative analyses indicate that both random forest and deep neural network 
models can reliably estimate formwork and shoring removal times, with the former demonstrating 
higher accuracy and forming the basis for web-based decision support systems [25].  

 
2. Research Methodology 

The comprehensive flowchart (Fig. 1) outlines the methodological framework adopted for 
developing the ensemble learning model, presenting a sequential depiction of procedures from 
data pre-processing to model evaluation in the context of analysing labour efficiency in formwork 
activities.  
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Fig. 1: Flowchart of Labour Productivity Prediction 

3. Data Collection and Results 

3.1 Survey Questionnaire 
In this study, a structured questionnaire was employed to identify the most significant factors 

affecting labour productivity through the calculation of the RII, as presented in Equation (1). A total 
of 42 key variables relevant to labour productivity in Egypt were incorporated into the survey, with 
700 questionnaires distributed and 450 valid responses obtained. Factors with RII values exceeding 
0.75, as illustrated in Fig. 2, were selected as independent input variables influencing the single 
dependent variable, labour productivity. The analysis of responses enabled the identification of the 
20 most critical factors impacting labour productivity in column formwork activities within the 
Egyptian construction context.  

𝑅𝐼𝐼 (%) = ∑ ( 
𝑖

15
) × [

∑ [(𝐾×𝑅𝐼𝐼𝐾 
𝑖 

]
𝑘=1 

 𝑘=𝑘

∑ (𝑘)𝑘=𝑘
𝑘=1

]

𝑖=5

𝑖=1

                                                          (1) 

Where: i = response category index, and N = is the total number of respondents [9]. 
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Fig. 2: Overall Ranking of the Top Twenty Most Influential Variables on Productivity 

3.2 Productivity Data Collection 
Real-time productivity observations were gathered at two-hour intervals from multiple 

construction sites to evaluate labour performance. Site selection was based on defined criteria, 
including geographical location (Smouha, Beheira, and Moharam-Bek) and project type, ensuring 
access to detailed records on workforce performance, scheduling, and other variables influencing 
productivity. The dataset supported a robust and adaptable environment for model development, 
validation, and deployment. Empirical data were derived from daily column formwork operations 
over varying durations. The first case involved three residential buildings in Smouha, each 
comprising 12 floors with an approximate area of 1000 m² per building, where data were recorded 
over one year. The second case covered a single five-storey residential building in Beheira, with data 
collected at two-hour intervals across a six-month period. The third case included two residential 
buildings in Moharam-Bek, each with 11 floors, where productivity data were obtained over two 
months. The dataset was categorised into independent and dependent variables. Independent 
variables represented critical influencing factors affecting labour productivity, whereas the 
dependent variable corresponded to productivity output measured as cubic metres per two hours 
(m³/2h), serving as the target for prediction. These variables were selected based on their direct 
impact on variations in daily labour performance. Although data collection occurred between 2022 
and 2023, the identified factors remain consistently relevant across contemporary construction 
environments. Given the dynamic nature of productivity and its determinants, measurements were 
systematically recorded at two-hour intervals to capture short-term fluctuations accurately.  

3.3 Baseline Productivity Assessment 
Real-time productivity measurements were obtained at two-hour intervals, followed by the 

application of process control chart techniques to detect inefficiencies, including time and cost loss 
ratios, and to establish baseline values. The implementation of control charts involved a sequence 
of procedures to ensure data reliability and analytical validity. Initially, the dataset was pre-
processed through the treatment of missing values and the elimination of outliers. Subsequently, 
statistical parameters, including the mean and standard deviation, were computed to define the 
upper and lower control limits (UCL and LCL). Identified outliers were either corrected or excluded, 
ensuring that the control charts accurately represented inherent process variability. This procedure 
resulted in refined control limit charts capable of effectively monitoring process stability and 
deviations.  
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For the Smouha site, the average proportion of time utilised to complete the full scope of 
column formwork activities under standard operating conditions was approximately 84% of total 
working time, with an associated time loss of about 15.3% for the activity. At the Beheira site, the 
corresponding productive time averaged 79%, indicating a time loss of nearly 20.8%. In contrast, the 
Moharam-Bek site demonstrated higher efficiency, with approximately 88% of time contributing to 
productive work and a reduced time loss of around 11.5%. These loss estimations were confined to 
the column formwork activity rather than the overall project. Baseline productivity values were 
established on a two-hour basis for each location, where the central line (C.L) values were recorded 
as 11.462 m³/2h for Smouha, 11.133 m³/2h for Beheira, and 15.171 m³/2h for Moharam-Bek, as 
presented in Table 1.  

Table 1 

Process Control Chart Summary for Three Locations 

Metrics Smouha Beheira Moharam-Bek 

Productivity Per Two Hours   /  Labour 0.72 0.56 0.64 
Actual Accumulated Hours 1298 H 1290 H 2024 H 
Cumulative Baseline Hours 1098.99 H 1021.1 H 1795.2 H 
Loss of Hours 199.01 H 268.93 H 227.8 H 
Percentage of Loss in Time and Cost 15.3% 20.8% 11.5% 

3.4  Initial Statistical Analysis 
Following the identification of productivity declines and associated time and cost losses, the 

dataset was further examined using the Statistical Package for the Social Sciences (SPSS) to manage 
these variations. This analysis facilitated the formulation of predictive equations for each site, 
delivering high-accuracy forecasts of labour productivity, particularly for column formwork 
activities. The developed model supports more effective workforce allocation, minimises time 
inefficiencies, enhances cost control, and ultimately improves overall project performance. The R² 
values for all three models indicate strong predictive capability, confirming their effectiveness in 
estimating labour productivity. Although the Smouha, Beheira, and Moharam-Bek models all 
demonstrate high performance, the observed differences among them are not practically 
significant. However, based on the F-statistic, the Moharam-Bek model exhibits a superior fit 
(81.472) compared to Beheira (39.785) and Smouha (28.357). A higher F-statistic reflects improved 
model robustness, suggesting that the Moharam-Bek model is more reliable, particularly given its 
relatively moderate time and cost loss level of 15.3%. Furthermore, the significance level (Sig. F) for 
all models is identical (0.001), indicating that each model is statistically significant and equally 
reliable, as presented in Table 2.  

Table 2 

The Key Summary Statistics of the Three Models 

Model R2 (Predictive 
Power) 

F-Statistic (Model 
Fit) 

Sig.F (Statistical 
Significance) 

Std. Error of the 
Estimate 

Smouha 0.931 28.357 .001 1.67104 
Beheira 0.957 39.785 .001 1.01548 
Moharam-Bek 0.966 81.472 .001 1.36212 

Figure 3 presents the statistical outcomes for the Smouha site, illustrating the relationship 
between observed and predicted values produced by the regression model. The black line 
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represents the ideal prediction, and the dense clustering of points around this line indicates the 
model’s high predictive accuracy. Most data points align closely with the line, demonstrating that 
the predicted values correspond well with actual measurements. Overall, the graph confirms the 
strong performance of the regression model. 

 

Fig. 3: Overall Ranking of the Top Twenty Most Influential Variables on Productivity 

3.5 Data Pre-Processing 
During the pre-processing phase, the dataset underwent several steps to prepare it for model 

training. Initially, data cleaning was performed by addressing missing values and removing outliers 
to ensure input quality. To achieve consistent model performance across sites, all variables were 
normalised using the Standard Scaler, aligning them to a common scale and enhancing prediction 
accuracy. Feature selection and extraction were then applied to optimise the input data, improving 
model precision and minimising overfitting. Finally, the dataset was divided into training, testing, 
and validation subsets (70%, 15%, and 15%, respectively) to assess the model’s ability to generalise 
and accurately predict unseen data.  

3.6  ANN Model Development 
Initially, a model was created by combining datasets from the three sites; however, its 

performance was limited, achieving an R² value of only 75.6%. This result indicated that the model 
failed to adequately capture the unique factors influencing labour productivity at each individual 
site. A portion of the implementation code is presented in Fig. 4 to illustrate the procedure.  

To improve predictive accuracy, the methodology in this study was revised. Rather than using a 
combined dataset model, five separate models were developed in Python for each location 
(Smouha, Beheira, and Moharam-Bek) to identify the most effective predictive approach. Data 
analysis at each site revealed the key positive factors influencing productivity, enabling more 
precise forecasts. Each model incorporated a combination of traditional machine learning, deep 
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learning, and hybrid architectures. 

 
Fig. 4: Python Code Snippet Used for Training the Ensemble Model 

Comparative evaluation indicated that a three-layer artificial neural network (ANN) with the 
Adam optimizer achieved the highest performance, as shown in Table 3. Additionally, three high-
performing individual deep learning models were selected for each construction site to predict 
labour productivity in column formwork activities.  

Table 3 

Evaluation Metrics for Five Models Applied to Each Site 

Architectures Smouha Model Behierh Model Moharam Bek Model 
MAE MSE R2 MAE MSE R2 MAE MSE R2 

Random Forest Model 2.12 7.14 0.75 1.71 4.70 0.69 2.73 11.25 0.71 
Simple 1-Layer ANN 0.59 1.19 0.95 0.40 0.46 0.96 0.90 2.21 0.94 
Simple 2-Layer ANN 0.74 1.60 0.94 0.51 0.60 0.96 1.18 2.94 0.92 
Layer ANN with SGD Optimizer 0.69 1.44 0.95 0.44 0.48 0.96 1.01 2.38 0.93 
3 Layer ANN with Adam Optimizer 0.5001 1.0860 0.9628 0.3740 0.4594 0.9701 0.7408 1.6458 0.9594 
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3.7  Developing the Ensemble Machine Learning Productivity Model 
For each site, the highest-performing model among the five developed was selected, and their 

predictions were combined into a meta-feature set using the stacking technique. A linear regression 
model was then trained on this meta-feature set to form the final ensemble model. Subsequently, a 
web-based platform was created to predict labour productivity at two-hour intervals. This website 
functions as a baseline tool that engineers, project managers, and consultants can utilise to monitor 
and enhance productivity performance.  

3.8 Stacking Technique 
The ensemble learning approach using the stacking technique is designed to optimise the 

integration of predictions from the selected deep learning models, enhancing overall predictive 
performance by leveraging the strengths of each algorithm. As illustrated in Figure 5, the two-level 
stacking method involves training the base-level (level 1) models and collecting their predictions. 
The second level then utilises these outputs, combining the advantages of the different models 
trained on diverse datasets to produce the final prediction.  

 
Fig. 5: Stacking Ensemble Model Structure 

3.9 Software Implementation 
This sequence of technical illustrations presents the software implementation of an advanced 

ensemble machine learning workflow developed in Python. The process begins with structured data 
ingestion and preprocessing, including the scaling of site-specific datasets such as Smouha and 
Moharam-Bek, followed by the deployment of three specialised pre-trained neural network models.  

 
Fig. 6: Import Data smouha_data, behierh_data, moharam_data 
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A linear regression meta-model is then employed to integrate these individual outputs, 
achieving a high predictive accuracy with an R² of 0.9766 and a low mean squared error (MSE) of 
0.687. The implementation concludes with a comparison of actual versus predicted values, 
confirming the model’s reliability and robust performance in practical applications.  

 
Fig. 7: Load the Pre-Trained Models 

 
Fig. 8: Model Linear Regression Fit and Calculate r^2 and MSE 
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Fig. 9: Actual Predicted for LP 

3.10 Model Evaluation Metrics 
In this study, multiple performance evaluation metrics were employed to assess the suitability 

of the model, including MSE, root mean squared error (RMSE), mean absolute error (MAE), and the 
coefficient of determination (R²), as presented in Equation (2). The MAE quantifies the average 
absolute difference between predicted and actual values, with values closer to zero indicating 
higher predictive accuracy. Similarly, the MSE is calculated by squaring these differences, where 
lower values correspond to improved model performance, as shown in Equation (3). The RMSE, 
derived as the square root of the MSE, provides another measure of predictive accuracy; like MSE 
and MAE, smaller RMSE values indicate better model fit, as illustrated in Equation (4). RMSE is 
particularly useful because it retains the same units as the dependent variable, making it more 
interpretable compared to MAE and MSE when evaluating regression models. The coefficient of 
determination, R², ranges from 0 to 1, with values approaching 1 indicating a stronger model fit. R² 
represents the proportion of variance in the dependent variable explained by the model, as 
calculated in Equation (5). The relevant equations are presented as follows.  

MAE =
1

n
∑ |ŷi − yi|

n

i=1

                                                                       (2) 

MSE =
1

n
∑(ŷi − yi

n

i=1

)2                                                                      (3) 

RMSE = √
1

n
∑(ŷi − yi

n

i=1

)2                                                                (4) 

R2 = 1 −
∑ (yi−ŷi)2n

i=1

∑ (yi−y̅i)2n
i=1

                                                                           (5) 

Where: 
𝑛 = The number of total observations in the dataset  
𝑦𝑖 = Actual value. 
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𝑦̂𝑖 = Predicted value. 
𝑦𝑖̅ = Mean value of actual values. 
 

4. Results and Discussion  
The AI model was developed to predict labour productivity at two-hour intervals, supporting 

improved scheduling and decision-making to enhance performance and reduce project costs. For 
each of the three sites, datasets were used to train five different model architectures to determine 
the highest-performing model. This procedure enabled the selection of the most accurate model for 
each location, providing site-specific predictions for column formwork productivity. Predictions 
from the three base models (pred_smouha, pred_beheira, and pred_moharam) were then 
combined into a meta-feature set using the stacking technique. A linear regression model 
(meta_model) was trained on this set to produce the final ensemble model. By employing stacking, 
the ensemble model integrates the strengths of multiple base models, improving the overall 
accuracy of labour productivity predictions.  

The comparison results indicate that the ensemble model outperformed the individual base 
models, achieving higher accuracy and lower error rates across all performance metrics, as 
illustrated in Fig. 6. By integrating the strengths of models trained separately on datasets from the 
three different locations, the ensemble approach demonstrated superior generalisation and 
predictive capability, making it highly suitable for multi-site productivity prediction in construction. 
This highlights the effectiveness of stacking in ensemble learning as a straightforward method to 
enhance model performance when combining diverse data sources. The highest predictive 
performance was achieved by merging the three deep learning algorithms, as shown in Table 4.  

Table 4 
The Key Summary of Evaluation the Ensemble Model Performance Compared to Individual Models 

MODEL MSE MAE RMSE R2 SCORE Error Validation 

SMOUHA 1.0860 0.5001 1.0421 96.28% 0.3271 
BEHIERA 0.3978 0.3618 0.6777 97.41% 0.6686 
MOHARAM-BEK 1.2562 0.7408 1.02562 95.94% 1.7879 
Ensemble MODEL 0.6870 0.4341 0.8289 97.66% 0.015 

 
As illustrated in Fig. 10, a portion of the code demonstrates the successful implementation of 

the ensemble machine learning model, which achieved the highest predictive accuracy.  
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Fig. 10: Python Code Snippet Used for the Final Ensemble Model 

Table 5 

Sample of Actual vs. Predicted Productivity from the Best Ensemble Model 

Record.NO Actual Productivity Predicted Productivity 

1 16.45 22.66 
2 10.30 11.6 
3 15.50 16.12 
4 5.21 5.44 
5 14.5 15.31 
6 12.1 14.01 
7 10.95 11.87 
8 11.46 12.64 
9 6.03 7.42 

 
Furthermore, the ensemble algorithm achieved the highest predictive accuracy, as reported in 

Table 5. Based on the evaluation of the stacking model, the performance metrics MAE, MSE, RMSE, 
and R² were 0.4341, 0.6870, 0.8289, and 0.9766, respectively, as derived from the code presented 
in Fig. 6. Visual assessment through comparison graphs, R² score plots, and scatter plots illustrates 
the relationship between actual and predicted values, with a red line indicating the ideal prediction. 
These graphical representations were utilised to examine data distribution and detect outliers that 
deviate from expected patterns, as shown in Fig. 11 (11a, 11b, and 11c).   

The R² plot in Fig. 11(a) shows a strong clustering of points around the red line, indicating high 
predictive accuracy of the model. The scatter plot in Fig. 11(b) demonstrates a close alignment 
between actual and predicted values, reflecting a good model fit, while the residual plot in Fig. 11(c) 
shows points distributed near zero, indicating minimal prediction errors. Some variance is observed 
at higher productivity values, suggesting potential areas for further refinement. Overall, the plots 
confirm that most predicted values closely match the actual measurements, demonstrating the 
ensemble model’s robust performance and reinforcing its predictive reliability. Finally, a web-based 
platform was developed to predict labour productivity at two-hour intervals. This website functions 
as a baseline tool that engineers, project managers, and consultants can use to monitor 
performance and enhance productivity management. 
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Fig. 11.  Displaying Actual Productivity Versus Predicted Productivity for Three Graphs (a) Actual vs. Predicted 

Values, (b) R2  Score Plot, and (c) Residual Plot  

5. Conclusion 
This research successfully developed a comprehensive ensemble machine learning model to 

forecast labour productivity for column formwork during the initial phases of construction projects 
in Egypt. The study commenced by identifying the factors most significantly influencing productivity, 
reducing an initial list of 42 potential variables to 20 critical determinants. To construct the 
predictive model, two-hourly productivity measurements were gathered from projects across three 
locations: Smouha, Beheira, and Moharam-Bek, executed between 2022 and 2023. A process 
control chart technique was applied to detect inefficiencies and establish site-specific productivity 
baselines. Subsequent statistical analysis using SPSS facilitated the identification of correlations and 
the development of predictive equations tailored to each location. The generated models 
demonstrated strong predictive capability, yielding R² scores of 93.1% for Smouha, 95.7% for 
Beheira, and 96.6% for Moharam-Bek. The AI model was implemented in Visual Studio, chosen for 
its efficiency and user-friendly interface. The datasets were encoded, organised in MS Excel, and 
used to train three deep learning models. Each model incorporated an input layer of 23 neurons, 
followed by two hidden layers comprising six and four neurons, respectively. This predictive 
framework has proven highly effective in enhancing construction project planning and operational 
efficiency. By integrating data from multiple sites, the ensemble model improves generalisation and 
adaptability, offering a reliable instrument for labour management across multi-site construction 
projects. This method optimises resource allocation and strengthens operational performance by 
combining the strengths of individually trained models while mitigating their individual limitations.  

Key findings and contributions of this research include:  

• Identification of Critical Factors: Analysis of 42 potential variables led to the selection of 20 
primary factors that most strongly impact the productivity of column formwork.  

• Data Collection and Analysis: Two-hourly productivity data were systematically collected from 
projects executed between 2022 and 2023. Process control charts were applied to detect 
inefficiencies, quantify time and cost losses, and establish baseline productivity for each 
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location.  

• High-Accuracy Predictive Models: Statistical analysis using SPSS was conducted to formulate 
predictive equations for each site, achieving high performance. R² scores were 93.1% for 
Smouha, 95.7% for Beheira, and 96.6% for Moharam-Bek.  

• Ensemble Model Development: A deep learning ensemble model was constructed in Visual 
Studio. The model included an input layer with 23 neurons and two hidden layers of six and four 
neurons, respectively. Encoded datasets were used to train individual models, which were later 
combined using a stacking technique.  

• Enhanced Prediction and Generalization: The ensemble model combines the outputs of the 
three individual models, reducing weaknesses while leveraging their strengths. This strategy 
enhances predictive reliability, adaptability, and generalisation across multiple sites, providing a 
dependable tool for labour management in multi-site construction projects.  
The successful application of this methodology demonstrates its potential to improve labour 

productivity forecasting, contributing to better project planning, optimised allocation of resources, 
and heightened operational efficiency in the construction sector.  

 
6. Limitation 

This study has several limitations. The predictive performance of the model depends heavily on 
the quality and representativeness of the collected site data, which may restrict the generalisability 
of the findings due to the limited number of construction sites examined. Furthermore, certain 
qualitative factors influencing labour productivity are challenging to quantify and were not 
comprehensively incorporated into the analysis. Although the ensemble machine learning model 
exhibits strong predictive capability, it remains sensitive to small datasets and may be susceptible to 
overfitting, limiting its applicability to smaller-scale or atypical construction sites. Lastly, the model 
does not explicitly consider dynamic changes in site conditions over time, which could affect 
productivity and levels of operational waste.  
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