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Labor productivity is a critical factor that directly affects project performance in terms of 
time, cost, and quality. However, accurately predicting this productivity is challenging 
due to variability in construction site conditions, individual characteristics of the 
workforce, and environmental factors. In this study, a total of 18 different regression 
algorithms, including ensemble methods, tree-based structures, linear regression 
models, support vector regressions, and artificial neural networks, were systematically 
evaluated to predict productivity. In the modeling process, a multi-source dataset from 
large-scale energy infrastructure projects was utilized. The data includes attributes such 
as environmental conditions, team experience, task complexity, and daily production 
output for six different activity types. All models are trained within a robust framework, 
featuring a 70% training and 30% testing separation, 10-fold cross-validation, and 
hyperparameter optimization using GridSearchCV. Performance evaluation is based on 
metrics such as R², RMSE, and MAE. The results of the comparative analysis revealed 
that the ensemble models, particularly CatBoost, XGBoost, and Bagging, outperformed 
the others in almost all activity types, achieving higher generalization accuracy and lower 
prediction error. Beyond model accuracy, attribute importance analyses also provided 
estimates of the determinants of productivity. Variables such as task complexity, 
temperature, and team experience were among the prominent factors. These findings 
demonstrate that data-driven models can also be applied to identify variables that 
influence productivity, thereby supporting planning processes. The study contributes to 
the literature by providing a comprehensive model comparison framework and offering 
practical implications for productivity management in construction projects. 
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1. Introduction 

1.1. Labor Productivity: Definition and 
challenges 

Construction projects usually demand significant 
time and effort for completion, the utilization of 
multiple resources, and substantial capital 
investment [1]. However, most projects are 

completed later than planned, with higher costs, and 
often fail to meet quality standards or customer 
expectations. Although companies cannot 
completely eliminate these challenges, they aim to 
improve project performance by enhancing 
productivity [2]. Because when labor productivity 
is low, both cost and schedule performance are 
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adversely affected. If the project is accelerated, the 
duration may be shortened but costs increase; if 
costs are reduced, schedule performance tends to 
decline. Therefore, the fundamental condition for 
achieving satisfactory results in both dimensions is 
high labor productivity [3]. 
 Consequently, the ability to accurately estimate 
labor productivity and develop strategies to 
improve it has become a critical necessity. In this 
context, the labor-intensive nature of the 
construction industry, in which labor costs typically 
represent between 30% and 50% of total project 
expenditures, highlights the practical importance of 
improving labor productivity to enhance both 
project competitiveness and long-term 
sustainability [4]. While construction project 
success has traditionally been evaluated within the 
triangle of time, cost, and quality, in recent years, 
factors such as occupational health and safety, 
environmental sustainability, and customer 
satisfaction have also been incorporated into this 
evaluation framework. These indicators are not 
independent of one another; they often interact [5]. 
Therefore, labor productivity plays a critical role 
not only in production output but also in all 
performance indicators that determine project 
success. Increasing productivity can enhance both 
the quality of work and production volume. 

1.2. Need for accurate forecasting in project 
management 

Although labor productivity is universally regarded 
as a key determinant of project success, ongoing 
challenges remain in precisely defining, reliably 
quantifying, and effectively optimizing it [6, 7]. 
This challenge is primarily because productivity is 
not a directly observable metric; rather, it is derived 
from a set of interrelated performance variables, 
each influenced by contextual, temporal, and 
behavioral factors on-site. In this regard, recent 
conceptual frameworks define labor productivity as 
the ratio of output to labor input, encompassing 
both physical and value-based measures [7, 8]. 
However, in practice, capturing both physical 
outputs (e.g., m³ of concrete poured) and intangible 
value-based outputs (e.g., quality or client 

satisfaction) within a unified model remains a major 
challenge in construction productivity research. 
 Timely forecasts enable early adjustments in 
workforce allocation, equipment usage, and 
scheduling, thereby reducing delays and cost 
overruns. However, numerous factors affecting 
productivity make this estimation process quite 
complex [9]. As construction projects often operate 
on tight budgets and strict timelines, labor 
productivity plays a vital role in achieving cost-
efficiency and client satisfaction [10]. Therefore, 
accurate productivity estimation is essential for 
successful project management throughout the 
planning and construction processes. 
 It is widely recognized that human performance 
naturally varies based on several factors, making it 
unrealistic to expect uniform output across a 
workforce. The purpose of labor productivity 
forecasting is not to assume consistency but to 
anticipate these variations and utilize the results 
into project planning. By forecasting productivity, 
managers can estimate expected performance 
ranges under different site conditions. This 
approach helps identifying potential delays or 
opportunities for improvements, enabling timely 
schedule adjustments and robust risk management 
strategies. 

1.3. Data-driven approaches in construction 
In response to this challenge, data-driven decision-
making approaches have become an essential 
element in engineering and construction projects 
[11-13]. Such approaches are efficient in high-
variability environments, where rule-based systems 
struggle to adapt to dynamic inputs and complex 
variable interactions. The complex and dynamic 
nature of projects requires systems with advanced 
analytical capabilities. Indeed, comparative 
analyses show that expert opinions often fail to 
align with the actual parameters observed in the 
field. This finding highlights the need for future 
labor productivity research to support expert 
judgments with field data [14]. Therefore, machine 
learning models stand out as powerful tools that 
improve performance in project management 
processes through predictive analysis [15]. In 
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particular, ensemble-based models have shown 
superior ability to generalize across varied 
construction contexts while maintaining robustness 
against outliers and missing data [16]. The growing 
interest in these models, particularly in construction 
management, has led to studies focusing on 
predicting labor productivity [17]. 

1.4. Research objectives and contributions 
The primary objective of this study is to evaluate 
the potential of machine learning algorithms in 
predicting labor productivity in construction 
projects. Unlike prior studies that focus on isolated 
tasks or limited algorithms, this research employs a 
comprehensive approach by benchmarking 18 
regression models across six distinct activity types 
using multi-source, real-world data. The study 
compares the performance of different algorithms 
not only to determine the most accurate model but 
also to analyze the strengths and limitations of each, 
thereby guiding model selection for different 
project contexts and data structures. 
 In doing so, the study makes several 
contributions to the literature. First, it extends 
beyond the single-country focus that dominates 
most prior research by integrating project data from 
Senegal, Uzbekistan, and Iraq, thereby enhancing 
the external validity and generalizability of 
findings. Second, it advances the scope of analysis 
by covering multiple activity types—including 
formwork, rebar, concrete, steel structure 
installation, prefabrication, and 
alignment/welding—which allows for the 
evaluation of task-specific variations in algorithm 
performance. Third, it provides one of the most 
extensive comparative assessments to date by 
systematically testing 18 regression algorithms 
with rigorous procedures such as GridSearchCV-
based hyperparameter tuning, 10-fold cross-
validation, and multiple error metrics. Finally, it 
demonstrates the advantages of ensemble methods 
and complements them with cross-model feature 
importance analyses, offering both theoretical 
insights and practical guidance for workforce 
planning, resource allocation, and risk 
management. 

 By presenting these contributions upfront, the 
study clarifies its novelty and practical relevance 
early in the paper, while later sections provide 
detailed methodological, empirical, and 
comparative evidence. 
 
2. Labor Productivity and Affecting 

Factors 
Labor productivity is directly related to project 
outcomes, including time, cost, and quality, and is 
influenced by numerous factors [18]. The types of 
operations in construction projects (e.g., on-site or 
off-site applications) and the construction methods 
employed are among the key factors that shape 
labor productivity in different ways. Therefore, 
project managers have the opportunity to enhance 
labor productivity by selecting the most appropriate 
method in alignment with the available technology, 
materials, and equipment [19]. In this context, a 
comprehensive and systematic examination of the 
complex interactions among these factors is 
essential for developing effective strategies to 
improve productivity [20]. 

2.1. Individual factors 
At the individual scale, factors such as educational 
background, professional experience, skillset, age, 
motivation, and personal outlook are among the key 
determinants that shape labor performance and 
ultimately influence construction productivity. 
These attributes, which develop uniquely in each 
worker, have been consistently highlighted in the 
literature as critical to workforce efficiency [18, 
21]. Regarding age, evidence suggests that 
cognitive abilities such as problem-solving, 
learning speed, and mental flexibility gradually 
decline throughout adulthood, with meta-analytic 
findings indicating particularly noticeable 
reductions after the age of 50 [22]. Complementary 
research also shows a more continuous, linear 
decrease in processing speed from early adulthood, 
with sharper declines in executive functions and 
mental flexibility observed after the age of 70 [23]. 
Conversely, it has been reported that older 
employees can exhibit higher performance in jobs 
that require experience and verbal skills [24]. 
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Furthermore, a strong relationship has been 
demonstrated between employees’ professional 
competence and productivity. It has been 
emphasized that experienced employees complete 
tasks faster and with fewer errors [25-27]. 

2.2. Environmental factors 
It is frequently stated in the literature that morale 
and motivation are determinants of employee 
commitment and project outcomes, and that there is 
even a bidirectional relationship between them [28-
30]. Construction activities are dependent on 
environmental conditions. Physical space 
constraints and logistical barriers can lead to delays 
and increased costs during the project process [27]. 
Evidence from the wall construction case study 
demonstrates that while increasing the number of 
workers initially enhances labor productivity, this 
effect reverses beyond a certain threshold due to 
workspace congestion and movement restrictions 
[31]. 
 Additionally, weather conditions such as 
temperature, precipitation, and wind have been 
reported to affect labor productivity. Harsh weather 
conditions not only jeopardize worker safety but 
also reduce productivity by creating difficulties in 
material handling or production [18, 32, 33]. Sevim 
and Kuruoğlu [34] showed that the impact of 
weather conditions on productivity can vary 
depending on the type of work performed. This 
finding suggests that not only weather conditions 
but also the nature of the work should be considered 
when assessing environmental factors. 

2.3. Managerial factors 
Each construction project has its unique dynamics, 
and achieving the required project performance 
requires a balance among project dimensions such 
as time, cost, and quality. The involvement of 
numerous factors and stakeholders throughout the 
project lifecycle makes the fulfillment and control 
of key objectives more challenging [35]. Effective 
management and supervision are crucial 
components of workforce productivity. They play a 
critical role in predicting potential problems, 
adapting to time transfers, and maintaining quality 

[36, 37]. Managerial factors show that adopting a 
comprehensive approach to scheduling and 
planning enhances labor productivity, thereby 
reducing the need for rework and revisions [38]. 
 On the other hand, issues such as poor planning, 
payment delays, frequent change orders, and the 
necessity of rework negatively affect workforce 
motivation and continuity, leading to project delays 
and productivity losses [25, 39, 40]. In addition, 
delays in material delivery and resource shortages 
disrupt production processes and further increase 
rework rates, thereby exacerbating productivity 
decline [40]. 

2.4. Task-specific factors 
Construction projects differ in terms of scope, 
contract type, specifications, applied methods, and 
environmental conditions. This diversity increases 
the complexity of projects and makes each project 
inherently subject to uncertainty and risk. As a 
result, variations and deviations often occur in 
construction budgets and schedules [41]. In 
addition, task-specific factors, such as job 
complexity, level of standardization, and 
specialized skill requirements, can also influence 
labor productivity. Cheng et al. [32] and Karataş & 
Budak [16] have shown that complex jobs slow 
down the production process, while repetitive and 
standardized tasks increase productivity. These 
findings emphasize the importance of considering 
task characteristics in productivity analyses. 
 Table 1 compiles the key factors influencing 
labor productivity in the construction industry 
within a four-dimensional classification 
framework: Individual, Task-Specific, Managerial, 
and Environmental. Commonly cited elements 
across various studies—such as supervision quality, 
experience level, rework, weather conditions, and 
material supply—are systematically grouped, and 
each factor is associated with its corresponding 
references in the literature. In doing so, the table 
reveals which variables have been most frequently 
addressed in prior research. It aims to reduce 
conceptual ambiguity in the literature and provide a 
structured basis for comparative analysis.  
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Table 1. Frequently reported factors affecting labor productivity in the literature 
Category Factor References 

En
vi

ro
nm

en
ta

l Congestion [27, 31, 33] 
Weather [16, 28, 32, 33, 34, 36, 37, 43, 44, 45, 46, 47, 48, 49, 50] 
Working Conditions [33, 37, 44, 45, 49, 51] 
Safety [26, 46, 49, 51, 52] 

In
di

vi
du

al
 Experience/Skill/Age [16, 21, 24, 25, 26, 27, 28, 29, 32, 36, 37, 42, 45, 46, 47, 

48, 49, 50, 51, 52, 53] 
Labor Morale [21, 28, 29, 30] 
Compatibility of Workers [21, 26, 29, 33, 43, 50] 

M
an

ag
er

ia
l 

Supervision [26, 36, 37, 44, 45, 46, 47, 48, 50, 51, 53] 
Overtime [26, 36, 52] 
Planning [36, 44, 46, 51, 53] 
Logistics/Material Availability [26, 27, 28, 29, 36, 47, 49, 52, 53] 
Management/Coordination [36, 44, 46, 47, 51, 53] 
Payment [29, 36, 45, 53] 
Rework [25, 26, 27, 28, 37, 44, 46, 47, 51, 52, 53] 

Ta
sk

-
Sp

ec
ifi

c Task Type [16, 32, 33, 48, 53] 
Structural Element Characteristics [32, 33, 37, 42, 48, 49] 
Gang Size [16, 32, 48, 50] 

 
The selected features in this study were derived 
from the four most commonly cited categories in 
the literature: individual, environmental, 
managerial, and task-specific factors. Each variable 
was chosen based on its measurability in the field, 
data reliability, and modeling relevance. Among the 
hundreds of factors identified in the literature, the 
attributes were selected by balancing data 
availability with analytical impact. 
 
3. Traditional and Machine Learning 

Methods in Construction Labor 
Productivity Estimation 

Traditional methods such as regression analysis and 
expert surveys have long been used to study labor 
productivity, but in recent years machine learning 
has been increasingly applied to better capture 
complex relationships and improve prediction 
accuracy. Logistic regression, SVM, and RF have 
shown effectiveness in supervised learning [42, 43], 
while workforce profiling with data science 
methods has also been explored [54]. Daily work 
report data—covering factors like weather, number 

of managers, and day of the week—have been 
modeled with logistic regression, kNN, decision 
trees, and SVM [50]. Other studies compared kNN, 
ANN, RF, and ANFIS using attributes such as task 
complexity and crew compatibility [33], while 
Gradient Boosting, RF, SVR, and kNN were tested 
with variables including temperature, floor height, 
work method, and crew size [16]. SVM models 
optimized with feature selection and metaheuristic 
search further reduced error rates [32]. ANN-based 
models also achieved high accuracy using factors 
such as experience, health, weather, and material 
availability [36, 37, 46, 49] and were extended to 
generate prediction intervals that account for 
uncertainty [48]. More recent approaches include 
XGBoost-based probabilistic time series models for 
short- and long-term forecasting [55] and Bayesian 
structural models incorporating external factors 
such as inflation, unemployment, and management 
practices [56], both of which provide uncertainty 
ranges to support decision-making. 
 Despite these advances, important gaps remain. 
Traditional statistical methods continue to 
dominate exploratory studies, survey-based 
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approaches are still widely used for managerial and 
organizational aspects, and there is little 
standardization across ML-based research. 
Moreover, contextual limitations such as single-
country focus, small datasets, or narrow task-
specific scopes constrain the generalizability of 
findings. 
 Table 2 presents a comparative summary of the 
most representative works across traditional and 

ML-based approaches, helping to situate the present 
study within this evolving landscape. This 
condensed overview highlights the methodological 
diversity, key findings, and remaining limitations in 
the literature. The extended version of Table 2, 
including all reviewed studies, is provided in 
Appendix A for reference. 
 

 
Table 2. Comparative summary of studies on construction labor productivity: factors, methods, and key findings 
Ref. Activity Types ML Models Used Key Findings / Notes 
58 Concrete 

Pouring, 
Formwork, 
Finishing 

Neural Networks 
(ANN) 

ANN-based models were developed for three activity types. Most 
influential factor was completed quantity. ANN outperformed 
regression in some tasks. Weekly data were collected from 8 
construction sites. 

49 Marble Finishing 
(Floors) 

BPNN A simple ANN model predicted marble flooring productivity with 
90.9% accuracy. Main factors: labor age, experience, and assist 
workers. R² = 80.19%, MAPE = 9.1%. A rare case study from Iraq. 

64 Residential 
Masonry 

Linear 
Regression 

35 factors evaluated in masonry work. Top three: material shortage 
(RII = 0.780), tool/equipment shortage (0.760), and poor site 
conditions (0.751). Regression yielded R² = 0.94. 

72 Formwork EPR, GRNN, 
Linear 
Regression 

EPR was applied to formwork productivity using 221 observations. 
Top predictors: temperature and crew size. EPR outperformed GRNN 
and regression (R² = 52.69%). Managerial aspects were excluded. 

43 Masonry Tasks KNN, DNN, 
Logistic 
Regression, 
SVM, ResNet18 

KNN (K=10) achieved 97.7% accuracy with feature selection. Top 
variables: temperature, task difficulty, experience, team size, 
personality fit. Deep models (e.g. ResNet18) supported fine-grained 
classification. 

16 Formwork 
Installation 

ET + GBM + 
LightGBM + 
CatBoost + MLP 

A stacking meta-ensemble model achieved the best results (R² = 
0.7967, RMSE = 0.0658). Top factors: floor height and weather. 
Ensemble methods outperformed single models in formwork tasks. 

75 Reinforcement 
(Rebar) 

Multivariate 
Linear 
Regression 

VSM-based redesign guided by ML regression improved 
reinforcement productivity by 13.7%. Sub-processes like cutting and 
bending were modeled independently. Lean principles enhanced cycle 
efficiency. 

84 Multiple trades 
(e.g., concreting, 
masonry, HVAC) 

XGBoost, 
compared with 
ANN, RF, 
GBDT, DT 

SHAP-based inefficiency analysis across 10 trades. Key factors: direct 
work loss, skill gaps, rework, high turnover. Strategy proposals 
grouped under 5 themes: labor, safety, training, communication, and 
site logistics. 

85 Bricklaying, 
Rebar Work, 
Carpentry 

Random Forest + 
8 others incl. 
XGBoost, 
CatBoost 

SHAP-based fatigue prediction model highlighted top predictors: 
work duration, shift (AM/PM), WBGT, and worker age. Model aids 
safety and task optimization. 

86 Rebar-Fixing 
Works 

RF, XGBoost, 
KNN, SVR 

RF achieved best performance (R²=0.874, RMSE≈22.3). SHAP 
analysis showed temperature (negative) and large-diameter rebars 
(positive) as key drivers. Demonstrated value of explainable ML for 
construction productivity forecasting. 
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4. Research Objectives and Questions 
The primary objective of this study is to 
systematically compare and evaluate the predictive 
performance of various machine learning 
algorithms, taking into account the numerous 
factors that influence labor productivity across 
different task types. 
 Hyperparameter optimization is performed 
using the GridSearchCV method to maximize the 
performance of each algorithm. This method 
systematically tries all combinations within the 
specified parameter ranges, aiming to determine the 
configuration that provides the best performance. 
Predefined hyperparameter values for each model 
are provided to this function in the form of a 
dictionary, and GridSearchCV evaluates all 
possible combinations of these values. The system 
tests each hyperparameter combination using cross-
validation to achieve robust overall performance 
[87]. Cross-validation is a widely used method for 
evaluating and comparing the performance of 
machine learning algorithms. In its most well-
known application, k-fold cross-validation, the 
dataset is divided into k equal parts; at each 
iteration, one part is reserved for validation, while 
the remaining k−1 parts are used for training the 
model. This process is repeated k times, ensuring 
that each data point is included in the validation 
process at least once. The generalizability of the 
model is evaluated by averaging the performance 
metrics obtained from each iteration [88]. 
 In this study, the dataset was first split into two 
parts: 70% for training and 30% for testing. Model 
training was performed solely on the training data, 
and 10-fold cross-validation was applied to this 
training set. This enables reliable model accuracy 
measurements and mitigates the risk of overfitting. 
This approach ensures that each model is internally 
optimized and fairly compared with the others. 
 Another objective of the study was to analyze 
the impact of features on the learning process of the 
models used. To this end, feature importance levels 
derived from tree-based models were examined, 
and the relative contributions of factors affecting 
labor productivity were assessed. This aimed to 

provide decision support for project managers and 
planners to interpret field data more meaningfully. 
 This study seeks to answer the following 
research questions: 
• To what extent can labor productivity be 
predicted using machine learning using data from 
different activity types in construction projects? 
• Among different machine learning algorithms, 
which methods have the highest accuracy and 
generalization success in predicting labor 
productivity? 
• Among environmental, managerial, task-
specific, and individual attribute groups, which 
factors are more influential on labor productivity? 
 
5. Methodology 
In this study, machine learning models developed 
to predict labor productivity were tested on a multi-
source, field-based dataset. The dataset was created 
by integrating data from various sources related to 
large-scale power plant projects in four different 
countries. This provides a more realistic forecasting 
environment that incorporates both environmental 
and operational factors. The goal is to develop a 
machine learning model that can predict labor 
productivity (in Unit Person-Hours) daily across 
different activity types. 

5.1. Data sources 
The dataset used in the modeling process was 
compiled from the following four primary sources: 
• Daily Construction Site Reports: These contain 
daily production quantities, task types, date, project 
name, and country information for each activity 
difficulty. This data directly reflects field 
performance and forms the basis for productivity 
analyses. 
• SAP Database [89]: The SAP enterprise system 
used by the company provides weekly updates on 
each construction activity. It includes critical 
project-related data such as labor hours, overtime, 
resource allocation, material usage, and progress 
tracking. The accuracy of data entries was verified 
using SAP timesheet logs. 
• Oracle Primavera P6 EPPM [90]: Oracle 
Primavera P6 Enterprise Project Portfolio 
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Management (EPPM) was used to extract project 
schedules, timelines, and planned workloads. This 
data helped validate actual versus planned progress 
and ensured consistency in productivity modeling. 
• Meteorological Data: Daily weather conditions 
such as temperature, humidity, precipitation, and 
wind speed, based on the geographic location of the 
project sites. 
• Difficulty Scores: Difficulty ratings assigned by 
field engineers to each activity type from 1 to 10 
reflect the complexity of production conditions. 

5.2. Datasets 
The dataset utilized in this study was compiled from 
four large-scale energy infrastructure projects 
carried out in three different countries—Senegal, 
Uzbekistan, and Iraq. While much of the existing 
literature on construction labor productivity tends 
to focus on single-country case studies or broad 
global overviews, this study provides a distinctive 
contribution by integrating field-based, real-world 
data across diverse geographical, environmental, 
and managerial contexts. The dataset comprises a 
total of 46,962 records, encompassing six core 
activity types: formwork installation (formwork), 
rebar installation (rebar), concrete pouring 
(concrete), steel structure installation (steel), 
prefabrication of pipes (prefabrication), and 
alignment/welding of pipes (alignment) (Table 3). 
This comprehensive distribution enables a detailed, 
work-item-specific evaluation of model 
performance. In addition to quantitative variables 
such as daily output, person-hours, overtime, and 
weather conditions, the dataset includes contextual 
attributes such as crew experience, supervisor-to-

worker ratio, and task complexity. All data were 
aggregated and anonymized from enterprise 
resource planning (ERP) and scheduling systems, 
verified through weekly updates across all projects 
to ensure consistency and reliability. Given that the 
volume and distribution of data vary across activity 
types, observed differences in model performance 
are interpreted as a natural outcome of this 
structural diversity. This not only allows the study 
to assess predictive accuracy across different 
production scenarios but also underscores the 
critical role of data quantity and quality in the 
success of machine learning–based modeling 
approaches. 
 The dataset consists of 14 attributes in total and 
covers six different activity types: 
 As shown in Table 4, one of the key attributes is 
task complexity. Complexity ratings were obtained 
through a structured evaluation process involving 
site engineers with direct project experience. 
Activities were first categorized into broader work 
groups (e.g., formwork, reinforcement) and then 
subdivided into specific activity types, such as 
“formwork for columns” or “formwork for 
foundations”. For each activity type, engineers 
assigned a complexity score between 1 and 10, 
reflecting the relative level of technical difficulty, 
resource demand, and degree of coordination 
required. In some cases, the assigned complexity 
also accounted for contextual factors such as 
whether the work was located in a hard-to-reach 
area, required more detailed workmanship, or 
formed part of a critical system where precision and 
reliability were essential.  

 
Table 3. Activity types in the dataset 

Activity Type Unit Data Records 

Formwork Installation m² 10,827 

Rebar Installation ton 9,245 

Concrete Pouring m³ 10,349 

Steel Structure Installation ton 1,760 

Prefabrication of Pipes weld diameter inch 6,296 

Alignment/Welding of Pipes weld diameter inch 8,485 
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Table 4. Selected input features and descriptions 

Attribute Explanation 

Characteristics Job-specific conditions 

Complexity Task complexity (1–10) 

Crew Experience Workforce experience level (1–10) 

Resource Name Activity Type 

Unit PH Person-hour ratio per unit of production 

Overtime Average daily overtime 

Temperature Daily temperature (°C) 

Humidity Relative humidity (%) 

Precipitation Rainfall (mm) 

Windspeed Wind speed (km/h) 

Project Project name 

Country The country where the project is carried out 

SV Ratio Supervisor/worker ratio 

Local Personnel Ratio Local worker/Total worker ratio 

 
Ratings were discussed among engineers within 
each project to reduce individual bias, and the final 
scores represent a consensus judgment. This 
procedure ensured that the dataset captured both the 
complexity of different activity types and the 
situational challenges arising from project 
conditions. 

5.3. Preprocessing 
For machine learning models to make accurate 
predictions, raw data must be transformed into a 
format that is analyzable and consistent. In this 
study, we conducted a comprehensive 
preprocessing process on the data, which included 
the following steps: 
• Completion of Missing Data: Missing days 
were filled in using weekly production data 
obtained from the SAP system as a reference. For 
single missing values, the weekly value was 
directly assigned; for consecutive missing values, 
weekly production was distributed equally among 
the remaining weeks. 
• Outlier Removal: The target variable “Unit PH” 
values were analyzed according to the µ + 3σ 
criterion, and outliers were removed from the 
dataset. 

• Encoding the Categorical Variables: 
Categorical variables such as Resource Name, 
Project, and Country were converted to binary 
columns using One-Hot Encoding and made 
suitable for the modeling process. 
• Feature Scaling: For scale-sensitive algorithms, 
numerical variables were normalized using the 
MinMaxScaler or StandardScaler methods. 
• Data Split: Across different domains, the 70–30 
train–test split has consistently emerged as a 
reliable benchmark. For instance, Candaş and 
Tokdemir [91] evaluated both 70–30 and 80–20 
ratios in text classification, finding that each was 
effective depending on the model, while Bichri et 
al. [92] demonstrated in image classification tasks 
that allocating more than 70% of the data to training 
improved accuracy, sensitivity, and specificity. 
Similarly, a study on soil shear strength prediction 
confirmed the 70/30 division as the most 
dependable option [93]. Reflecting this consensus 
in the literature, the present study adopts a random 
70% training and 30% test split, complemented by 
10-fold cross-validation within the training set. 
• Defining the Target Variable: The target 
variable, “Unit PH,” represents the ratio of total 
daily person-hours to produce one unit of quantity 
for an activity type. 
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 The entire process is summarized in Fig. 1, with 
a flow that includes data collection, preprocessing, 
modeling, and evaluation steps. 

5.4. Model selection and classification 
This study evaluates 18 regression algorithms with 
different structural characteristics to estimate labor 
productivity. The selected models comprise 
methods widely used in the machine learning 
literature and are capable of working with both 
linear and nonlinear data structures. Each algorithm 
was evaluated based on criteria such as predictive 
power and interpretability, and was classified into 
five main model groups (Fig. 2): 

5.4.1. Ensemble learning methods 
Ensemble methods aim to increase prediction 
accuracy by combining multiple weak learners. The 
core principle is to combine multiple variations of 
the same method rather than rely on a single model 
[94]. Mostofi et al. [95], in their study on rework 
cost, emphasized that the accumulation of project 
experiences throughout the construction lifecycle 
enriches the knowledge base of ensemble models, 
which in turn enhances the accuracy of predictions 
and strengthens strategic planning. 
• CatBoost: This is a gradient boosting decision 
tree algorithm that can directly process categorical 
variables [96].  

 

 
Fig. 1. Methodology 
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Fig. 2. Machine learning models used 

 
Thanks to its ability to automatically process 
categorical variables, the CatBoost algorithm 
stands out as a powerful alternative for researchers, 
especially in cases where categorical variables are 
dense and the data structure exhibits heterogeneity 
[97]. It is robust against overfitting and can achieve 
high accuracy even with small datasets. However, 
the complex structure of the model and the ordered 
boosting approach can complicate hyperparameter 
tuning and increase computational overhead [98]. 
• XGBoost: This is a GBDT-based algorithm that 
provides high speed and accuracy. A weighted 
quantile sketch algorithm that quickly determines 
the split point by taking sample weights into 
account allows meaningful distinctions to be made 
even in cases with missing or sparse data. It 
operates with a sparsity-aware split method and 
cache-aware memory access, enabling more 
efficient processing of large datasets. Additionally, 
it can perform out-of-memory processing with out-
of-core computation support [99]. 

• LightGBM: This is a histogram-based GBDT 
algorithm developed for large, high-dimensional 
datasets. Thanks to GOSS (Gradient-based One-
Side Sampling) and EFB (Exclusive Feature 
Bundling) techniques, it reduces both training time 
and memory usage. This allows the model to 
produce fast and effective results in data-intensive 
applications [100]. 
• RandomForest: This method works by 
combining multiple independent decision trees and 
is robust against overfitting. It can also be used for 
feature importance analysis [101].  While RF is 
valued for its strong predictive accuracy, flexibility, 
and ease of use, the ensemble of many deep trees is 
often seen as a 'black box,' since the overall 
decision-making process is difficult to interpret 
[102]. 
• ExtraTrees: This method, with a high level of 
randomness, is computationally faster and less 
sensitive to hyperparameter tuning. It can produce 
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successful results even on noisy datasets with a 
large number of variables [103]. 
• Bagging: Each base learner is trained on subsets 
generated by sampling with replacement from the 
original dataset. The final prediction is the average 
of these models [104]. 

5.4.2. Decision tree-based models 
Single-decision trees have the advantage of 
modeling nonlinear relationships with their 
interpretable and straightforward structures. 
However, their generalization capabilities are 
limited compared to ensemble models. 
• DecisionTree:  Decision trees classify data 
through branching structures, forming an inverted 
tree composed of a root node, internal nodes, and 
leaf nodes. Each path, starting from the root and 
moving through internal nodes until reaching a leaf, 
represents a specific decision rule, typically 
expressed in an “if-then” format. The main steps in 
building a decision tree include splitting, stopping, 
and pruning. The process usually begins with 
growing a large tree, which is then optimized by 
pruning nodes that provide little or no additional 
information. The key advantages of decision trees 
are their ability to simplify complex relationships, 
their ease of interpretation, and their robustness 
against outliers [105]. 
• ExtraTree: ExtraTree is a single-decision tree 
and an algorithm that performs the learning process 
by randomly assigning split points. However, 
because it only contains a single tree, its variance is 
high and its generalization ability is limited. The 
results obtained in this study confirm this. The 
ExtraTree model achieved lower R² values and 
higher RMSE-MAE error levels compared to its 
ensemble-based counterpart, the ExtraTrees 
algorithm. This difference demonstrates the 
capacity of ensemble learning methods to reduce 
variance and increase overall performance. 

5.4.3. Linear regressions 
It is preferred for analyzing the interactions 
between variables in datasets containing linear 
relationships, revealing the direction and strength of 
these relationships, and making future predictions 
[106]. 

• RidgeCV: This version of the Ridge regression 
algorithm automatically determines the 
regularization parameter (alpha) through cross-
validation. It was primarily developed to improve 
the generalization performance of the model in 
datasets with high dimensions and multiple linear 
relationships [107]. 
• LassoLarsCV: This regression method 
combines Lasso (Least Absolute Shrinkage and 
Selection Operator) regression with the LARS 
(Least Angle Regression) algorithm and 
automatically determines the optimal regularization 
coefficient (alpha) through cross-validation. This 
model stands out with its feature selection and 
model simplification capabilities in high-
dimensional datasets containing numerous 
explanatory variables [108]. 
• Huber: This is a generalization of the classical 
linear regression method. It exhibits different 
behaviors depending on the magnitude of the error 
term using the Huber loss function. This approach 
increases the stability and reliability of estimations, 
especially in datasets with outliers [109]. 
• Bayesian Ridge: Provides an alternative 
solution to the ordinary least squares (OLS) method 
by making probabilistic inferences about the 
distribution of regression coefficients and the error 
term [110]. 
• ARDRegression: Increases interpretability by 
keeping only significant features in the model, 
thanks to automatic relevant variable determination 
(ARD) [111]. 

5.4.4. Support vector regression 
SVR models use an ε-insensitive loss function that 
only considers deviations exceeding a certain error 
threshold. This structure strengthens generalization 
ability by ignoring small errors [112]. Furthermore, 
thanks to its kernel functions, it can model 
nonlinear relationships. This flexibility allows it to 
produce stable and accurate predictions even with 
complex data structures [113]. 
• SVR (RBF): Using a Radial Basis Function 
(RBF) kernel, SVR effectively captures nonlinear 
relationships by transforming the data into a high-
dimensional space. 
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• SVR (Poly): Using a Polynomial kernel, this 
method models the relationships between data 
points to a specified polynomial degree. 
• NuSVR: Model complexity is controlled 
directly by the “nu” parameter instead of the “C” 
parameter. This parameter simultaneously 
determines both the ratio of support vectors and the 
model’s error tolerance. 

5.4.5. KNN and ANN 
• KNN: Each new sample is predicted by 
averaging the outputs of its nearest neighbors [114]. 
It performs well on small and low-noise datasets, 
but noisy data and poorly selected k values can 
significantly reduce prediction accuracy.  
• MLPRegressor: With its multi-layered artificial 
neural network architecture, this model effectively 
learns complex patterns and captures nonlinear 
relationships. [115]. 

5.5. Evaluation metrics 
To evaluate the performance of machine learning 
models comprehensively and in a multidimensional 
manner, this study employed multiple statistical 
metrics. Each metric assesses model performance 
from a different perspective, enabling a more 
balanced and reliable comparison. The key 
evaluation metrics used are summarized below: 
• R² (Determination Coefficient): R² is a measure 
of fit that indicates how much of the total variance 
in the dependent variable is explained by the 
independent variables. It ranges between 0 and 1; 
the closer it is to 1, the greater the model’s 
explanatory power. 
 R² = 1: All variance is explained by the model. 
 R² = 0: The model offers no explanatory power. 
 R² < 0: The model performs worse than simply 
predicting the mean. 
 This metric is one of the fundamental statistical 
measures for assessing the overall explanatory 
power of a model [116]. 

R2 = 1 −
SSR
TSS

   (1) 

SSR: Sum of Squared Residuals = ∑(yᵢ − ŷᵢ)² 
TSS: Total Sum of Squares = ∑(yᵢ − ȳ)² 
• RMSE (Root Mean Squared Error): It is the 
square root of the average squared difference 

between the predicted and actual values. Because it 
is sensitive to arithmetical values, the model has a 
high ability to reflect high deviations. As the RMSE 
value decreases, the model’s accuracy increases 
[117]. 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �
1
𝑛𝑛
�(𝑦𝑦𝑖𝑖 − 𝑦𝑦𝚤𝚤�)2
𝑛𝑛

𝑖𝑖=1

  (2) 

 𝑦𝑦𝑖𝑖: the true value of the observation, 
 𝑦𝑦𝚤𝚤� : estimated value, 
 𝑛𝑛: total number of observations 
• MAE (Mean Absolute Error): It represents the 
average of the absolute values of the differences 
between the predictions and the actual values. 
Because it weights all errors equally, it is less 
sensitive to outliers than RMSE. It is easy to 
interpret and intuitively reflects the model’s mean 
error. It is a reliable performance indicator, 
especially in datasets with limited outliers [118]. It 
is calculated with the following formula: 

𝑀𝑀𝑀𝑀𝑀𝑀 =
1
𝑛𝑛
�(𝑦𝑦𝑖𝑖 − 𝑦𝑦𝚤𝚤�)2
𝑛𝑛

𝑖𝑖=1

  (3) 

 Where the symbols represent the same as 
defined above. 
 Evaluating these metrics together reveals not 
only the average accuracy of the models but also 
their sensitivity to outliers and their contextual 
reliability. 
 
6. Model Performance Comparisons 
As part of the study, the R², RMSE, and MAE 
performances of 18 different models were analyzed 
using error metric tables created for each activity 
type. These analyses reveal not only the overall 
accuracy of the models but also their sensitivity to 
various types of errors. 
• Alignment: The analysis results for the 
Alignment activity type show that ensemble and 
gradient boosting-based models stand out for this 
activity type (Fig. 3). When examining the R² 
metric, the CatBoost model achieved the highest 
accuracy with a value of 0.73. This was followed by 
XGBoost (0.69), LightGBM (0.64), and Bagging 
(0.64).  
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Fig. 3. Comparative heatmaps of model performances for the alignment task 

 
A common feature of these models is their 
structural reliance on multiple decision trees and 
ensemble learning. These structures provide 
advantages in capturing nonlinear relationships. In 
contrast, models such as SVR_RBF, NuSVR, and 
Huber have relatively low R² values. This indicates 
that these models cannot adequately represent the 
patterns in the Alignment data. 
 A similar pattern was observed in terms of error 
metrics. The CatBoost model produced not only the 
most accurate but also the most stable and low-
variance predictions, with RMSE (3.83) and MAE 
(1.99) values. This result demonstrates that the 
model avoids large errors and generally maintains 
prediction values close to the target. The XGBoost 
and LightGBM models also stood out with their low 
RMSE and MAE values. In contrast, both the error 
and variance were relatively high in the SVR and 
linear-based models. 
 Consequently, for the Alignment activity type, 
gradient boosting models, particularly CatBoost, 
yielded the most successful results, with both high 
accuracy (R²) and low error (RMSE, MAE) values. 
This can be explained by CatBoost’s ability to 
compensate for model complexity and its ability to 
learn relationships in the data effectively. On the 
other hand, SVR and classical linear regression 
models were insufficient for this task type, thus 

demonstrating limited performance in datasets with 
complex and variable inputs, such as field 
conditions. 
• Concrete: Model comparisons for the concrete 
activities demonstrate that tree-based ensemble and 
boosting algorithms stand out (Fig. 4). The 
ExtraTrees models and CatBoost successfully 
explained a significant portion of the variance in the 
target variable with R² values of 0.68. These models 
were followed by other ensemble-based algorithms 
such as Bagging, XGBoost, and LightGBM. A 
common feature of these models is their ability to 
capture nonlinear relationships in the data with high 
precision. 
 When evaluated in terms of prediction errors, 
the RMSE and MAE values reveal a similar picture. 
The CatBoost, ExtraTrees, and Bagging models 
achieved the lowest error values, producing 
predictions that were both stable and closer to the 
target. This result is significant for activity types 
like concrete, which are sensitive to production 
quality, environmental conditions, and labor 
variability. On the other hand, linear regression 
models and SVR derivatives performed poorly in 
both accuracy and error metrics. This supports the 
conclusion that the Concrete data contains 
multidimensional, nonlinear patterns and is 
therefore not suitable for simple models. 
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Fig. 4. Comparative heatmaps of model performances for the concrete task 

 
Overall, ensemble methods for the Concrete 
activity type yielded the most successful modeling 
results in terms of both accuracy and error levels.  
• Formwork: For the formwork activities, 
boosting and ensemble-based models were 
observed to provide significant superiority (Fig. 5). 
The XGBoost model achieved the highest accuracy, 
as indicated by R² (0.63), and led in error metrics, 
with the lowest RMSE (11.89) and MAE (5.04) 
values. Bagging, CatBoost, and LightGBM models 
also shared this success closely. A common 

characteristic of these models is their ability to 
create a strong predictive capacity by combining 
multiple weak learners. 
 On the other hand, linear models (Ridge, 
LassoLars, ARDRegression) and support vector 
regression-based methods performed poorly, with 
high error values and low R² scores. This result 
demonstrates that classical models are unable to 
adequately capture the complexity of patterns in 
formwork activities. 

 

 
Fig. 5. Comparative heatmaps of model performances for the formwork task 
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 Consequently, the XGBoost, Bagging, and 
CatBoost models are the top three candidates for 
formwork predictions, both in terms of accuracy 
and error. 
• Prefabrication: In terms of the R² metric, 
CatBoost achieved the highest score (R² = 0.75). 
CatBoost was followed by XGBoost (0.72), 
Bagging, LightGBM, and RandomForest (0.71), 
respectively (Fig. 6). All these models are ensemble 
or boosting-based structures. They stand out 
particularly for their ability to handle 
multidimensional, nonlinear data relationships. 
 A similar superiority is also observed in terms 
of error metrics. CatBoost not only delivered the 
most accurate predictions with RMSE (5.80) and 
MAE (2.94) values, but also a stable prediction 
profile. Other boosting models, such as XGBoost 
(RMSE = 6.16, MAE = 2.98) and Bagging (RMSE 
= 6.29, MAE = 2.91), also performed well in this 
regard. 
 In contrast, linear and kernel-based models, 
particularly RidgeCV, ARDRegression, SVR 
variants, and Huber regression, exhibited poor 
performance, with low R² values (generally below 
0.30) and high RMSE and MAE scores. The poor 
performance of these models can largely be 
attributed to their inability to adequately address the 

multifaceted, nonlinear, and interactive nature of 
prefabrication activities. These results suggest that 
boosting-based models are much more effective in 
activity types with high process complexity and 
operational interactions, such as prefabrication. 
• Rebar: According to the modeling results 
obtained within the Rebar activity type, tree-based 
ensemble models (Bagging, Random Forest, Extra 
Trees, XGBoost, LightGBM, and CatBoost) 
generally demonstrated consistent and high 
performance (Fig. 7). 
 In terms of R² scores, the Bagging and Random 
Forest models achieved the highest accuracy 
compared to other models, with a performance of 
70%, followed by Catboost, XGBoost, and 
LightGBM, all with a performance of 69%. These 
five models stand out as the algorithms that best 
explain the variance of the target variable in the 
Rebar activity type. 
 A similar ranking was maintained for the RMSE 
and MAE metrics. Bagging achieved the lowest 
error levels with RMSE value of 120.98 and MAE 
value of 56.21, optimizing both prediction accuracy 
and error tolerance. The relatively high RMSE and 
MAE values observed in the Rebar activities are 
due not only to low model performance but also to 
the distributional properties of the target variable.  

 

 
Fig. 6. Comparative heatmaps of model performances for the prefabrication task
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Fig. 7. Comparative heatmaps of model performances for the rebar task 

 
The very wide range of the target variable in the 
dataset for this activity type makes it difficult for 
models to produce consistent predictions, 
especially at high values. Therefore, the high error 
metrics obtained in the Rebar data should be 
explained by the structural complexity of the data 
rather than model failure. 
 On the other hand, linear regression-based 
models, SVR variants, and MLPRegressor models 
produced both low R² and high RMSE-MAE error 
values. Error levels in models such as SVR_RBF 
and NuSVR were observed to approach 200 units. 
 The performance of single models such as 
decision trees (DecisionTree, ExtraTree) remained 
at a moderate level. This demonstrates that the 
model alone cannot adequately learn complex 
patterns, but when used in an ensemble format (e.g., 
Bagging or RandomForest), it provides a 
significant performance boost. 
 In conclusion, the modeling study conducted for 
the Rebar activity type demonstrated that ensemble 
learning techniques can provide more accurate and 
reliable predictions than other models on such 
datasets. 
• Steel: R² scores for the Steel activities range 
between 0.60 and 0.50 in most models, with the 
highest value of 0.64 observed in the ExtraTrees 

model (Fig. 8). A detailed evaluation of the 
underlying reasons for this situation reveals the 
structural characteristics of the dataset. 
 Firstly, the Steel activity type dataset contains 
approximately one-quarter of the data compared to 
other activity types. This limits the model’s 
learning capacity, reducing its generalization 
ability. Furthermore, there is a significant 
difference between the minimum and maximum 
values of the target variable, similar to the Rebar 
activity type. This wide distribution range makes it 
difficult for the model to achieve consistent 
learning, increasing the standard deviation and 
causing predictions to deviate. 
 Despite containing enough observations, the 
Rebar dataset had a negative impact on model 
performance due to the extreme difference in the 
target variable. This observation illustrates how 
outliers and unbalanced distributions within the 
dataset can impact model accuracy. 
 Consequently, the relatively low model 
performance in the Steel activity type is primarily 
due to the insufficient dataset size and differences 
in the distribution of the target variable. This 
demonstrates that not only the algorithm selection 
but also the data quality and distribution structure 
play a critical role in model construction.  
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Fig. 8. Comparative heatmaps of model performances for the steel task 

 
This point has been frequently addressed in the 
literature, emphasizing that model performance 
largely depends on the quality and size of the 
datasets used [119-121]. 
 Despite the limitations of the dataset, 
specifically for the steel task type, ensemble-based 
models produced better results than other 
algorithms. In particular, ExtraTrees (R² = 0.64), 
XGBoost (R² = 0.63), Bagging, and Random Forest 
(R² = 0.62) achieved high accuracy in terms of R² 
and relatively low error levels in MAE and RMSE. 
Therefore, despite the extreme value distribution in 
the dataset, relatively satisfactory results were 
achieved thanks to the robust structure of these 
models. 

6.1. Performance evaluation of model groups 
The regression models tested in this study 
demonstrated varying levels of accuracy due to the 
influence of their algorithmic structures and the 
characteristics of the dataset. The findings revealed 
significant performance differences among the 
model groups. The models were generally 
examined in five main groups, and the strengths and 
weaknesses of each group were evaluated in 
consideration of the findings. 
• Superior Performance of Ensemble Models: 
Ensemble learning methods have consistently 
demonstrated the highest performance. Models in 

this group, such as CatBoost, XGBoost, 
LightGBM, Random Forest, Extra Trees, and 
Bagging, stand out with their high R² values and 
low RMSE-MAE scores due to their inclusion of 
nonlinear and multivariate patterns in the activity 
types. 
 This success stems from the ensemble models’ 
ability to balance variance and bias by combining 
multiple learners. Furthermore, the boosting 
algorithms’ ability to sequentially improve 
erroneous predictions has yielded highly effective 
results in complex data structures. The CatBoost 
and XGBoost models maintained their 
generalization power, even on unbalanced or small 
datasets, providing the most consistent solutions for 
estimating labor productivity. 
• Poor Performance of SVR Models: SVR models 
generally performed incompetently. Models such as 
SVR_RBF, SVR_Poly, and NuSVR exhibited low 
accuracy and high error metrics. This can be 
attributed to the SVR software’s high simplicity in 
parameter adjustments and its poor performance 
with unscaled or heterogeneous data. The high 
variance and dispersion of data obtained from 
construction projects limit the predictive power of 
these models. 
• Limited Effectiveness of Tree-Based Models: 
Decision Trees and Extra Trees, on the other hand, 
have achieved more limited success compared to 
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their ensemble versions. Their singular structure 
reduces their accuracy. Furthermore, small changes 
in decision rules can significantly impact the model 
structure, negatively affecting the predictive 
stability of these methods. However, significant 
performance gains have been observed when the 
same structures are used in ensemble form. 
• Moderate Performance of Linear Regression 
Derivatives: Linear regression variants, on the other 
hand, performed at an average level. RidgeCV, 
LassoLarsCV, Huber, Bayesian Ridge, and 
ARDRegression models generally achieved R² 
values between 0.25 and 0.37. While 
computationally fast and interpretable, linear 
regression models fail to adequately capture 
multifactorial and nonlinear processes such as labor 
productivity, as expected. This highlights the 
limitations of linear models, particularly in 
complex structures where environmental and 
organizational variables interact. 
• Performance of KNN and ANN Models: Finally, 
the KNN and MLPRegressor models were also 
noted for their low and inconsistent performance. 
Because the KNN algorithm used the entire dataset 
as a reference during prediction, it performed 
particularly poorly on high-dimensional and 
unscaled data. While MLPRegressor produced 
acceptable results in some tasks, due to the limited 
and irregular dataset, it generally produced high 
errors, and its learning behavior remained unstable. 
 In light of these evaluations, it is evident that 
ensemble models yield consistent results across a 
wide range of accuracies for various activity types. 
In contrast, other model groups demonstrate limited 
success with specific data structures. This finding 
demonstrates that in machine learning-based 
prediction models, not only the algorithm selection 
but also the data structure and the degree to which 
the model adapts to this structure are decisive. 

6.2. Comparative analysis of the top three 
models by activity type 

The top three models with the highest R² values 
were identified for the six different activity types 
and considered in this study. As summarized in 

Table 5, CatBoost, XGBoost, and Bagging models 
ranked among the top three across various activity 
types, demonstrating that these models provide 
robust and stable solutions for estimating labor 
productivity. This clearly demonstrates that tree-
based ensemble structures can produce 
generalizable and reliable results across diverse 
data structures. Furthermore, the consistent 
performance of these models across both large and 
limited datasets makes them strong candidates for 
productivity estimation applications based on field 
data. 

6.3. Feature importance analysis 
Feature importance quantifies the contribution of 
each variable to the prediction process in a machine 
learning model. This concept helps us understand 
the extent to which variables the model relies on 
and the information it uses to make its decisions. 
Variables with high importance play a particularly 
decisive role in model output [122]. 
 Fig. 9 shows the relative importance of feature 
groups used in machine learning models designed 
for construction labor productivity prediction. The 
graph is generated by averaging the feature 
importance values of the RandomForest, 
ExtraTrees, DecisionTree, ExtraTree, XGBoost, 
LightGBM, and CatBoost algorithms. This allows 
for direct comparison of the relative impact of 
feature groups on the overall modeling process. 
 All 14 feature groups in the image were 
analyzed. The results show that Complexity and 
Temperature stand out as the features with the 
highest average impact on the models. These two 
variables are followed by Crew Experience, 
Precipitation, and Humidity, respectively. On the 
other hand, the contribution of feature groups such 
as Local Ratio and Country is relatively low. 
 This analysis provides a model-independent 
overall assessment that can guide decision-makers 
in prioritizing the factors affecting construction 
labor productivity. Furthermore, these results can 
serve as a basis for improving model explainability 
and revising field data collection strategies. 

 
 



457 A.E. Keser et al.  

 

Table 5. Comparative evaluation of the three most successful models by activity types 

Activity Type 1. Model 2. Model 3. Model 

Formwork XGBoost 
R²=0.63 
RMSE=11.89 
MAE=5.04 

Bagging 
R²=0.62 
RMSE=12.08 
MAE=4.65 

CatBoost 
R²=0.62 
RMSE=12.11 
MAE=5.05 

Rebar Bagging 
R²=0.70 
RMSE=120.98 
MAE=56.21 

RandomForest 
R²=0.70 
RMSE=121.19 
MAE=59.01 

CatBoost 
R²=0.69 
RMSE=122.64 
MAE=58.97 

Concrete ExtraTrees 
R²=0.68 
RMSE=5.84 
MAE=2.61 

CatBoost 
R²=0.68 
RMSE=5.86 
MAE=2.63 

Bagging 
R²=0.63 
RMSE=6.34 
MAE=2.57 

Steel ExtraTrees 
R²=0.64 
RMSE=30.12 
MAE=13.97 

XGBoost 
R²=0.63 
RMSE=30.76 
MAE=16.10 

Bagging 
R²=0.62 
RMSE=30.93 
MAE=14.68 

Prefabrication CatBoost 
R²=0.73 
RMSE=5.80 
MAE=2.94 

XGBoost 
R²=0.72 
RMSE=6.16  
MAE=2.98 

Bagging 
R²=0.71 
RMSE=6.29 
MAE=2.91 

Alignment CatBoost 
R²=0.73 
RMSE=3.83 
MAE=1.99 

XGBoost 
R²=0.69 
RMSE=4.10 
MAE=2.07 

LightGBM 
R²=0.64 
RMSE=4.40 
MAE=2.29 

 
Fig. 9. Relative impact of attribute groups in labor productivity estimation 

 
7. Contribition to the Body of Knowledge 
This study makes four main contributions to the 
literature on construction labor productivity by 
explicitly positioning its findings against prior 
research. 
 First, while most empirical studies rely on 
single-country datasets (e.g., studies conducted in 

Egypt [18], New Zealand [19], Middle East [25], 
China [28, 29], Turkey [35], India [40], Iran [44], 
Uganda [47]), this research integrates data from 
multi-project sites in Senegal, Uzbekistan, and Iraq. 
Although a few cross-regional studies exist, they 
remain limited in scope. By combining 
heterogeneous site conditions and managerial 
contexts, this study enhances the external validity 
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of model results and broadens their generalizability 
to diverse construction settings. 
 Second, prior studies often focus on a single 
activity type, which restricts insights to task-
specific patterns. For example, research has 
investigated formwork productivity [16, 32, 68, 
72], masonry tasks [43, 57], or rebar works [75]. In 
addition, several studies have addressed specific 
scopes such as marble finishing [49], concrete 
pouring (pumped and skipped) [62], steel drafting 
and fabrication [59], or combined tasks like 
concrete pouring, formwork, and finishing [58]. 
While these studies provide valuable findings, they 
remain limited in their scope. Some works have 
considered multiple tasks simultaneously, such as 
formwork and rebar [36], or multiple trades 
including concreting, masonry, and HVAC [84], as 
well as bricklaying, rebar, and carpentry [85]. More 
generally, survey-based studies have analyzed a 
broad range of construction activities without 
distinguishing specific trades [18, 26, 60, 61, 65-67, 
70, 71, 73, 74, 76, 79, 80, 82]. In contrast, this study 
covers six distinct activity types—formwork, rebar, 
concrete, steel structure installation, prefabrication, 
and alignment—allowing performance comparison 
across a wider spectrum of construction processes. 
This design helps uncover task-specific differences 
in algorithmic behavior that are often overlooked in 
single-activity or survey-based studies. 
 Third, most machine learning applications in 
this domain test only a narrow set of algorithms 
(typically ANN, regression, or SVM [18, 36, 37, 43, 
58, 59, 64, 68, 72, 74, 75, 78]). By systematically 
benchmarking 18 regression models with robust 
procedures (GridSearchCV, 10-fold CV, multiple 
error metrics), this research provides one of the 
most comprehensive comparative analyses to date. 
The results confirm findings from earlier works that 
ensembles often outperform single learners, but 
they also highlight nuances—such as the unstable 
performance of SVR and the dataset sensitivity of 
linear models—that are rarely reported in detail. 
 Finally, some prior studies have examined the 
relative importance of factors influencing labor 
productivity, often within the scope of a single 
model or limited activity type—for example, ANN 

sensitivity analyses for formwork and rebar [36], 
ensemble-based comparisons for formwork [16], or 
explainable ML techniques such as SHAP applied 
to multi-trade and task-level datasets [78, 84, 85]. 
While these studies provide valuable insights, 
comprehensive cross-model evaluations of feature 
importance remain limited. By aggregating 
importance scores across multiple ensemble 
methods, the present study highlights consistently 
dominant predictors (e.g., task complexity, 
temperature, crew experience) and demonstrates 
their practical implications for workforce planning 
and risk management. This approach complements 
earlier efforts and extends them by offering a 
broader and more systematic perspective on feature 
importance. 
 Taken together, these contributions extend 
existing research by moving beyond narrow case 
studies and limited methodological scopes, and 
instead providing a multi-country, multi-activity, 
and multi-model framework that is both data-driven 
and comparative. This broader approach not only 
advances theoretical understanding but also 
strengthens the practical applicability of 
productivity estimation in construction 
management. 
 
8. Conclusion 
This study aimed to analyze the multidimensional 
factors affecting labor productivity in the 
construction industry using machine learning 
algorithms. Comparatively, it evaluated the 
performance of different model groups on various 
activity types. Ensemble-based algorithms such as 
CatBoost, XGBoost, and Bagging stood out for 
their high generalization capabilities for the 
nonlinear and complex data structures, producing 
consistent and successful results across activity 
types. The performance of these models in terms of 
accuracy and error metrics proves them to be 
reliable tools for labor productivity estimation. 
 Model outputs revealed that labor productivity 
is directly related to multidimensional variables, 
including activity complexity, team experience, 
climatic conditions, and resource-load balance. 
This demonstrates the effectiveness of data-driven 



459 A.E. Keser et al.  

 

decision support systems not only in predicting 
historical data but also in identifying critical factors 
that drive the process. The findings also indicate 
that model selection in planning processes should 
be based not only on technical accuracy criteria but 
also on practical criteria such as interpretability, 
flexibility, and ease of implementation. In this 
context, CatBoost stands out for its ability to 
directly utilize categorical variables without 
preprocessing and its resistance to overfitting, 
while algorithms such as XGBoost and Bagging 
offer alternatives suitable for different production 
types, boasting high predictive accuracy. 
 However, the study also has some limitations. 
The limited dataset, particularly in the Steel dataset, 
resulted in limited model performance. 
Furthermore, the sensitivity of some algorithms to 
hyperparameter structures prevented them from 
achieving similar performance across cases. 
However, this directly aligns with the primary 
objective of the study, as its aim is not only to 
compare absolute accuracy values but also to reveal 
the behavior of different model types across various 
contextual situations. 
 In this respect, these limitations also provided 
valuable ground for observing the context-sensitive 
nature of model performance. 
 Future studies should focus on developing more 
dynamic and context-sensitive modeling 
approaches. Working with datasets that include a 
time dimension is critical for monitoring changes in 
labor productivity throughout the process. In this 
regard, it is recommended that time-series-based 
data collected within the context of construction site 
conditions, project schedules, and work packages 

be integrated into the model. This will enable early 
detection of productivity fluctuations and the 
development of preventative planning scenarios. 
Moreover, the use of model-independent 
explainability techniques such as SHAP (SHapley 
Additive Explanations) will contribute to greater 
transparency in model decision-making 
mechanisms. This method not only reveals which 
variables are influential but also the direction of the 
effects and their impact on a case-by-case basis, 
enabling a more robust analytical interpretation. 
 Furthermore, it is recommended that future 
research evaluate model success not only through 
accuracy metrics but also through its impact on 
project performance. Performance indicators such 
as planning accuracy, resource allocation 
efficiency, workforce balancing, and time-cost 
variance reduction will be crucial in demonstrating 
the practical benefits of machine learning-based 
systems. 
 Testing model performance across different 
project types (e.g., infrastructure, industrial 
facilities, residential buildings) and construction 
sites of varying sizes will contribute to improving 
overall validity. Furthermore, model robustness can 
be tested using data collected from different 
geographic regions and climatic conditions. 
 In conclusion, this study presents a data-driven, 
systematic, and interpretable model evaluation for 
estimating labor productivity in the construction 
industry. The presented framework makes an 
original contribution to the literature at both 
theoretical and practical levels, providing not only 
technical accuracy but also a strong foundation that 
supports planning and management decisions. 
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Appendix A 
Comparative summary of studies on construction labor productivity: Factors, methods, and key findings. 
Ref Activity Types Factors (classified by our 4-category framework) Methodology ML Models 

Used 
Key Findings / Notes 

  
Individual Task-Specific Environmental Managerial 

   

57 Masonry 
Works 

crew 
composition, 
absenteeism, 
labor source 

wall type, cutting 
complexity 

temperature, 
humidity, 
weather 

material/tool 
availability, 
storage, 
interference, 
incentive 
schemes, 
scheduling 

Field study across 
13 international 
projects, Factor 
Model validation, 
separation of 
normal/disrupted 
days 

None Cross-country comparison (286 
days) revealed minimal variation. 
Main loss drivers were 
management-related: storage, 
interference, and tool delays. 

58 Concrete 
Pouring, 
Formwork, 
Finishing 

crew size, % 
laborer 

quantity, job 
type, concrete 
pump 

temperature, 
humidity, 
precipitation 

% overtime Regression + ANN 
+ Cross-validation 

Neural 
Networks 
(ANN) 

ANN-based models were developed 
for three activity types. Most 
influential factor was completed 
quantity. ANN outperformed 
regression in some tasks. Weekly 
data were collected from 8 
construction sites. 

59 Steel Drafting 
and Fabrication 

fitter skill 
level, 
draftsperson 
qualification, 
crew size 

project type, 
scope, piece 
complexity, 
number of 
cutouts/fittings 

dynamic 
structure, 
fireproofing, 
shift type 

client index, 
engineer firm 
index, admin 
%, overtime 
%, 
subcontract 
% 

Historical data 
modeling + ANN + 
Discrete-Event 
Simulation 

ANN 
(PINN), 
Simulation 
(Simphony) 

PINN predicted drafting 
productivity with 75% accuracy (17 
factors). ANN-based simulation 
modeled fabrication (120 parts, 95% 
CI). The study pioneered a variable 
selection framework for steel works. 

60 General Works craft worker 
qualification, 
training 

tool & 
consumables, 
construction 
equipment, 
engineering 
drawing 
management 

material 
availability 

project 
management, 
direction & 
coordination, 
foreman/supe
rintendent 
competency 

Focus groups + 
National survey 
(n=1996) + Factor 
Analysis + 
Regression 

None 83 factors were grouped into 10 
latent variables. Most negative 
impact came from equipment 
inadequacy, poor management, and 
low worker qualification. 
Regression analysis tested their 
effect on productivity. 
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61 Not Specified 
(General 
Onsite 
Construction) 

workforce skill 
& experience, 
motivation, 
absenteeism 

buildability, 
method of 
construction, 
equipment 
adequacy 

weather, 
ground 
conditions, 
market 
fluctuations 

coordination, 
supervision, 
project team 
competency, 
rework, 
client 
interference, 
planning 

Descriptive survey 
+ statistical 
analysis 

None 56 sub-factors were identified. 
Internal factors (e.g., rework, 
worker skill, planning) had a 
significantly higher impact on 
productivity than external factors 
such as weather or market 
conditions. 

49 Marble 
Finishing 
(Floors) 

age, 
experience, 
health status 

number of assist 
labor, height of 
floor, tile size 

weather 
condition, site 
condition, 
material 
availability, 
security 
condition 

— Field observation + 
work sampling 
across 10 projects 
(150 obs.) 

BPNN A simple ANN model predicted 
marble flooring productivity with 
90.9% accuracy. Main factors: labor 
age, experience, and assist workers. 
R² = 80.19%, MAPE = 9.1%. A rare 
case study from Iraq. 

62 Concrete 
Works 
(Pumped & 
Skipped) 

— concrete 
workability, steel 
congestion ratio 

height above 
ground level 

volume of 
pour 

Field observation 
on 39 sites (19 
months), 
Categorical 
Regression 
(PHStat) 

None Labor productivity increased by up 
to 125%. Volume of pour was the 
strongest positive factor. Steel 
congestion and height reduced 
efficiency. Site design 
recommendations provided. 

18 General 
Building 
Construction 

craftsmen 
absenteeism, 
lack of 
experience, 
turnover, poor 
pay, low 
motivation, 
safety neglect 

material delays, 
drawing errors, 
unavailable tools 

political strikes 
(hartals), harsh 
weather, site 
congestion 

project 
coordination, 
rework, poor 
planning, 
scheduling, 
lack of 
drawings, 
frequent 
design 
changes 

Survey (RII 
analysis, 489 
responses) 

ANN Management-related factors were 
found to be most critical. Top 5 
factors: labor skill, incentive 
schemes, material availability, 
construction management 
competency, and supervision. 
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40 General High-
Rise 
Construction 

craftsmen 
absenteeism, 
lack of 
experience, 
turnover, poor 
pay, low 
motivation, 
safety neglect 

material delays, 
drawing errors, 
unavailable tools 

political strikes 
(hartals), harsh 
weather, site 
congestion 

project 
coordination, 
poor 
planning, 
scheduling, 
lack of 
drawings, 
frequent 
design 
changes, 
rework 

Questionnaire 
(Severity Index on 
44 factors) 

None Key issues: material shortages, 
delayed deliveries, political 
disruptions (hartals), frequent design 
changes, and drawing delays. 
Highlights region-specific factors. 

36 Formwork, 
Rebar 
(Foundations) 

xperience, age, 
education, rest 
time, incentive 

constructability, 
method & 
materials, 
planning, work 
interruptions, 
available 
workload, 
overtime, work at 
height 

weather, site 
access, 
material 
availability, 
site distance, 
surrounding 
events 

leadership, 
labor 
supervision, 
clarity of 
instructions, 
management 
type 

ANN with 640 data 
points from 8 real 
projects + 
sensitivity analysis 

ANN (Tanh) An ANN model predicted labor 
productivity with 91.6–96.4% 
accuracy. Top factors: experience, 
incentives, material access, 
leadership, and supervision. 
Sensitivity analysis showed that 
ANN significantly outperformed 
traditional models. 

63 Mechanical 
piping 

— pipe size, 
schedule, 
connection type, 
floor, fitting vs. 
spool installation 

installation 
location, 
prefabrication 
vs. field 
conditions 

(not 
explicitly 
defined but 
indirectly 
related to 
scope 
definitions 
and code 
structures) 

Data mining on 
2.5M+ estimating 
records (MCAA, 
RICH, RS Means); 
CART-based post 
hoc classification 
to develop 
productivity data 
collection codes 

CART 
(Classificatio
n and 
Regression 
Tree) 

A data-driven productivity metric 
was developed using industry 
estimating catalogs. CART-based 
feature selection identified 22 data 
codes, with five variables explaining 
77.9% of the variance. The study 
demonstrated that machine 
learning–based post hoc 
classification can outperform 
traditional productivity models. 

64 Residential 
Masonry 

experience, 
absenteeism, 
personal 
problems, age 

design 
complexity, 
equipment/tools, 
storage location, 
site layout 

weather, 
material 
shortage, site 
access 

payment 
delays, 
overtime, 
insufficient 
supervision, 
lighting, 
safety 
violations 

RII + SPSS + 
Regression 
analysis 

Linear 
Regression 

35 factors evaluated in masonry 
work. Top three: material shortage 
(RII = 0.780), tool/equipment 
shortage (0.760), and poor site 
conditions (0.751). Regression 
yielded R² = 0.94. 
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65 Building 
Works 

poor labor 
experience, 
poor 
workmanship, 
lack of 
inspiration 

material 
shortages, 
equipment 
shortages, 
change orders 

site accidents delays in 
decision 
making, 
payment 
delays, 
shortage of 
meetings 

Questionnaire 
survey + RII 
analysis 

None RII analysis identified 10 key issues. 
Top-ranked was “decision delays” 
(RII = 0.899), followed by material 
shortages, payment issues, change 
orders, and poor labor performance. 

66 Building 
Works 

employee 
motivation, 
training/skills, 
welfare, human 
factors 

equipment 
management, 
access issues 

temperature/hum
idity, 
materials/tools 
management 

management 
skills, safety 
management, 
communicati
on, schedule 
management 

Expert survey 
(Delphi) + 
weighted scoring 

None 12 factors were scored by experts. 
Most influential were management 
skills (17.39%), schedule control 
(13.22%), and safety oversight 
(10.35%). 

67 Building 
Works 

lack of 
motivation, 
trait of labor, 
fatigue, 
shortage of 
skilled labor 

clarity of 
technical specs, 
congestion, 
access, 
inspection 
delay, design 
complexity 

tool/material 
unavailability, 
procurement 
delay, unsafe 
conditions 

lack of 
leadership, 
lack of 
supervision, 
no monetary 
incentive, no 
periodic 
meetings, 
salary delays, 
rework 

FAHP + Factor 
Analysis + SD 
Modeling 

None 30 factors were evaluated using 
FAHP. Leading factors: 
tool/material shortages and lack of 
incentive. A system dynamics model 
was built to visualize CLP 
improvement pathways in Nepal. 

68 Formwork crew size, labor 
percentage 

work type 
(slab, wall, 
column), work 
method (BIP, 
flying form), 
floor level 

temperature, 
humidity, wind 
speed, 
precipitation 

— AI-based modeling 
(BNN, RBFNN, 
GRNN, ANFIS); 
221 data points; 
ANN evaluation 
with MAE, RMSE, 
R² 

BNN, 
RBFNN, 
GRNN, 
ANFIS  (no 
classical 
regression 
model used) 

BNN-based AI model predicted 
formwork productivity using 221 
data points. Achieved 83% 
accuracy. Key drivers: floor level 
and temperature. BNN 
outperformed other AI models. 

69 Block Work skill level, 
experience, age 

construction 
method, 
availability of 
materials/tools 

electricity 
availability 
(indirect), site 
layout 

leadership, 
labor 
supervision, 
communicati
on, 
scheduling 

Questionnaire (RII) 
+ Site 
Observations 

None 10 productivity factors in block 
work were ranked. Top issues: 
skilled labor, equipment/material 
access, and leadership. Productivity 
rose 41% post-intervention; delays 
dropped by 25%. 
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26 Not Specified 
(General 
Construction) 

labor skill and 
experience 

construction tech, 
design errors, 
RFI delays 

— lack of 
supervision, 
coordination, 
incentive 
scheme, 
rework,  
manager’s 
leadership 

Literature review + 
expert opinion 

None 30 labor productivity factors were 
identified. Most influential factors 
include poor supervision, low-
skilled labor, and obsolete 
construction technologies. 
Emphasized the need for training 
and strategic policy interventions in 
Libya. 

70 Building 
Projects 

skill level, 
motivation, 
communication
, technical 
understanding 

construction 
method, 
material/equipme
nt shortages 

none explicitly 
discussed 

decision 
delays, 
clarity of 
specifications
, payment 
delays 

Questionnaire 
survey + RII 
analysis 

None 72 factors were grouped into 8 
categories. Top-ranked were: skill-
to-unskilled labor ratio (RII: 0.81), 
payment delays, and communication 
problems. 

71 Building 
Projects 

Individual: lack 
of experience, 
absenteeism, 
age, accidents, 
motivation 

site access, 
tool/equipment 
shortages, 
stacking, late 
crew buildup 

weather, 
daylight hours, 
holidays 

planning 
delays, safety 
enforcement, 
miscommuni
cation, 
reassignment
s 

Questionnaire 
survey + RII 
analysis 

None 30 factors were analyzed. Most 
critical ones were: worker 
inexperience, safety violations, 
material shortages, and poor site 
conditions. 

72 Formwork floor level 
(learning 
curve), labor 
percentage 

work type, work 
method, gang 
size 

temperature, 
humidity, wind 
speed, 
precipitation 

— EPR (Evolutionary 
Polynomial 
Regression) vs. 
GRNN, Best 
Subset, Stepwise 
Regression 

EPR, GRNN, 
Linear 
Regression 

EPR was applied to formwork 
productivity using 221 observations. 
Top predictors: temperature and 
crew size. EPR outperformed 
GRNN and regression (R² = 
52.69%). Managerial aspects were 
excluded. 
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73 General Works fatigue, lack of 
motivation, 
skill gaps, 
unfamiliarity 
with techniques 

improper 
feasibility study, 
design errors, use 
of new methods, 
execution errors 

extreme 
weather 
conditions 

schedule 
pressure, 
poor project 
management, 
payment 
delays, 
overtime, 
contractor 
financing, 
rework 

System Dynamics 
(SD) + DEMATEL 

None 60 CLP factors were ranked using 
DEMATEL and expert judgment. 
Top influencers were fatigue, lack 
of motivation, schedule stress, and 
skill shortages. Cause-effect loops 
were constructed. 

32 Formwork 
Installation 

direct work 
(%), delay 
work (%) 

floor level, work 
type, work 
method 

temperature, 
precipitation 

crew size, 
work type, 
work method 

10-fold CV + 
feature selection + 
SOS optimization 

SOS-
LSSVM-FS 

SOS-LSSVM-FS model was applied 
to 220 observations. 8 out of 12 
variables were auto-selected. Key 
factors: temperature, precipitation, 
crew size, method, and direct/delay 
work ratios. 

74 Building 
Projects 

motivation, 
physical 
fatigue, skill of 
labor, 
absenteeism 

construction 
method, site 
layout 

rain, 
temperature, 
humidity, site 
access, wind 

supervision, 
payment 
delay, 
coordination, 
unrealistic 
scheduling, 
rework 

Questionnaire + 
AHP + RII + 
Regression 

Linear 
Regression 

27 factors were assessed via AHP 
and RII. Key factors: skill level, 
payment delays, and accidents. 
Regression for plastering tasks 
showed high accuracy (R² = 0.972). 

27 Offsite 
Construction 

unskilled labor, 
fatigue, 
absenteeism 

alternating work 
shifts, 
overcrowding 

rain/weather 
disruptions, 
ripple effects 

insufficient 
coordination, 
poor 
logistics, out-
of-sequence 
work, 
inadequate 
supervision, 
rework 

Survey (n=100), 
Risk Rating (L×I), 
Hierarchical 
Clustering, 
Kendall's 
Concordance, ICC, 
Cronbach’s α, 
statistical tests 

None 20 risk factors in offsite construction 
were ranked. Top 5: unskilled labor, 
poor logistics, rework/errors, out-of-
sequence work, and lack of 
coordination. Based on surveys and 
statistical tests. 
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43 Masonry Tasks experience, 
age, 
personality 
compatibility 

task difficulty min/max 
temperature, 
humidity 

crew size Supervised ML 
with 
standardization, 
balanced dataset, 
1977 data points, 
feature selection 
(permutation) 

KNN, DNN, 
Logistic 
Regression, 
SVM, 
ResNet18 

KNN (K=10) achieved 97.7% 
accuracy with feature selection. Top 
variables: temperature, task 
difficulty, experience, team size, 
personality fit. Deep models (e.g. 
ResNet18) supported fine-grained 
classification. 

16 Formwork 
Installation 

gang size, labor 
percentage 

floor level, work 
type 

temperature, 
humidity, wind 
speed, 
precipitation 

work method 10-fold CV + 
GridSearchCV + 
meta-ensemble 
modeling (Voting 
+ Stacking) 

Voting: ET + 
GBM + 
LightGBM + 
CatBoost + 
MLPStacking
ET (meta-
learner) + 
GBM + 
XGBoost + 
CatBoost + 
MLP 

A stacking meta-ensemble model 
achieved the best results (R² = 
0.7967, RMSE = 0.0658). Top 
factors: floor height and weather. 
Ensemble methods outperformed 
single models in formwork tasks. 

75 Reinforcement 
(Rebar) 

crew size, % 
skilled worker 

rebar diameter, 
weight, cuts, 
bends, time per 
activity 

crane path, 
height, 
inventory 
buffer use 

lean 
principles 
(Kanban, 5S, 
JIT), idle 
time 
minimization 

Work sampling + 
regression + VSM 

Multivariate 
Linear 
Regression 

VSM-based redesign guided by ML 
regression improved reinforcement 
productivity by 13.7%. Sub-
processes like cutting and bending 
were modeled independently. Lean 
principles enhanced cycle 
efficiency. 

76 General Site 
Works 

labor 
experience, 
skill, behavior, 
fatigue 

equipment/tools, 
buildability, 
method selection 

weather, site 
layout, safety, 
amenities, 
regulations 

supervision, 
planning & 
scheduling, 
rework, 
communicati
on, payment 
delays 

Questionnaire 
(n=204) + RII + 
ANOVA 

None 28 factors across 7 themes analyzed. 
Most impactful were 
equipment/material planning, 
realistic scheduling, communication, 
and supervision. 
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77 Road 
Maintenance 

motivation, 
training, skill, 
health, 
experience 

construction 
method, 
execution flow 

site access, 
field 
conditions, 
temperature, 
resources 

time 
scheduling, 
payment 

Questionnaire + 
SEM (SmartPLS) 
+ Field 
Observation 

SEM In SEM models across 3 regions, 
four key drivers were found: internal 
labor (most dominant), time 
management, site conditions, and 
finances. Internal labor alone 
explained over 90% of variation. 

78 Bricklaying absenteeism, 
behavior, PPE 
use, 
expectations, 
incentives, skill 

drawing 
complexity, 
changes, 
congestive 
workspace, 
material storage 

social 
conditions, 
access, strikes, 
floor 
layout/height 

planning, 
coordination, 
leadership, 
supervisor-
inspector 
relations 

RII + MRA + 
SPSS + 
Observation + 
ANN (MLP) 

ANN RII and ANN consistently 
highlighted material factors (100%), 
leadership (84.4%), and manpower 
(84%) as top predictors. ANN 
model achieved RMSE of 0.035 on 
test data; α = 0.976. 

79 Not Specified 
(Global Scope) 

labor skill, 
training, 
attitude, 
motivation, 
absenteeism 

availability of 
materials/tools, 
technical 
complexity, 
construction 
method 

weather, 
political 
conditions 

planning, 
scheduling, 
resource 
coordination, 
supervision, 
rework, 
payment 

Systematic 
literature review 
(97 docs) + IVI + 
clustering + 
statistical 
preprocessing 
(outlier removal, 
imputation) 

None From 97 studies, 267 factors were 
extracted and reduced to 30 using 
IVI. 83.3% of impactful factors 
were internal. Top issues: 
material/tool availability, worker 
skill, supervision, and scheduling. 

80 General 
Building 
Construction 

worker skill, 
age, 
motivation, 
absenteeism, 
communication 
issues 

tools/materials 
access, training 
gaps, overtime, 
BIM, lean 
principles 

weather, 
regulatory 
delays, 
transport 
access 

planning, 
unclear 
objectives, 
supervision, 
inspection 
delays, 
rework 

Survey (473 
responses), RII 
analysis 

None 45+ productivity-related factors 
were grouped into 5 domains. Key 
challenges include communication 
gaps, unclear goals, poor logistics, 
outdated methods, and material 
shortages. 

81 Auxiliary 
window frame 
installation 

worker 
situational 
awareness 
(SA), 
participation 
motivation 

VSM 
simplification, 
flow efficiency 

on-site 
workflow and 
layout 
adjustments 

lean training, 
incentives 

Case study + time-
motion study + 
improved VSM 
with SA 
framework 

None A VSM-enhanced flow system 
improved labor productivity by 
24.07%. Flow efficiency accounted 
for 88.46% of the gains. Study 
demonstrates usability of lean tools 
(VSM + SA) for task-level 
optimization. 
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82 Building 
Works 

clear 
instructions, 
repeating crews 

equipment/tools, 
constructability 

industrializatio
n, supply chain 
management 

communicati
on, 
leadership, 
site meetings, 
BIM, lean 
construction, 
clear 
roles/respons
ibility 

Questionnaire 
survey + RII 
analysis 

None 25 factors were evaluated. Top 
factors were: clear instructions (RII: 
75.58%), lean construction, BIM 
integration, well-defined roles, and 
effective communication. 

83 General Works fatigue, morale, 
worker 
competency 

interruptions, 
work complexity 

adverse work 
environment 

supervision 
quality, 
overtime, 
rework, work 
pressure, 
organizationa
l 
management 

Fuzzy Cognitive 
Maps (FCM) from 
experts 

FCM (neuro-
fuzzy) 

A fuzzy cognitive model based on 
12 concepts simulated productivity 
under scenarios like low skill and 
harsh weather. Useful for decision 
testing and predictive planning. 

84 Multiple trades 
(e.g., 
concreting, 
masonry, 
HVAC) 

absenteeism, 
skill gaps, crew 
mismatch 

poor instructions, 
tool/material 
quality 

weather, 
jobsite 
congestion, 
project 
location 

lack of 
communicati
on, poor 
planning, 
lack of 
employment 
system, 
rework 

Expert survey 
(n=106) + SHAP 
interpretation 
Analysis across 10 
trades 

XGBoost 
(per trade), 
compared 
with ANN, 
RF, GBDT, 
DT 

SHAP-based inefficiency analysis 
across 10 trades. Key factors: direct 
work loss, skill gaps, rework, high 
turnover. Strategy proposals 
grouped under 5 themes: labor, 
safety, training, communication, and 
site logistics. 

85 Bricklaying, 
Rebar Work, 
Carpentry 

age, BMI, 
sleep time, 
alcohol/smokin
g habits 

job nature, work 
duration, work 
session 

WBGT, 
temperature, 
humidity, 
radiation, wind 
velocity 

— Field study + 
Wearable sensors + 
SHAP analysis 

Random 
Forest +  8 
others incl. 
XGBoost, 
CatBoost 

SHAP-based fatigue prediction 
model highlighted top predictors: 
work duration, shift (AM/PM), 
WBGT, and worker age. Model aids 
safety and task optimization. 
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86 Rebar-Fixing 
Works 

crew skill/size rebar diameter 
and quantity 
(M16–M40, hoop 
rebars), work 
type 

temperature, 
humidity, wind 
speed, 
precipitation 

— Field study in 
Hong Kong public 
housing projects 
(326 samples); 
work sampling, 
stratified train-test 
split, 
GridSearchCV 
with 5-fold CV 

RF, 
XGBoost, 
KNN, SVR 

RF achieved best performance 
(R²=0.874, RMSE≈22.3). SHAP 
analysis showed temperature 
(negative) and large-diameter rebars 
(positive) as key drivers. 
Demonstrated value of explainable 
ML for construction productivity 
forecasting. 
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