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Abstract: Accurately estimating project duration is critical for the successful delivery of construction projects, 
particularly in the dynamic and resource-constrained environment of South Africa. This study aims to assess 
the key factors influencing construction project duration in the South African context through the development 
of a regression model. By analyzing data from a diverse range of construction projects, the research identifies 
significant variables such as project size, complexity, location, resource availability, and stakeholder 
involvement that contribute to delays or expedited completion. The regression model is designed to quantify 
the impact of these factors, offering a predictive tool that can enhance project planning and scheduling accuracy. 
The findings provide valuable insights for project managers, contractors, and policymakers, enabling them to 
make informed decisions that optimize project timelines and improve the overall efficiency of the construction 
industry in South Africa. 

Keywords: construction; project duration; regression model; project planning; project scheduling; key factors; 
construction delays; project management 

 

1. Introduction 
The construction industry is crucial to South Africaʹs economic development, significantly 

impacting infrastructure expansion and job creation. Nonetheless, one of the sectorʹs ongoing 
challenges is accurately estimating project durations [1,2]. Timely project completion is vital for 
managing costs, allocating resources, and ensuring stakeholder satisfaction [3]. Unfortunately, delays 
are common, leading to increased costs, wasted resources, and strained stakeholder relationships [4]. 
Despite the need for precise completion timelines, accurate estimation of contract completion remains 
elusive [5]. As mentioned by Vandervoode et al [6] success in construction is often measured by 
completing projects within the specified time frame, budget, and quality standards, while avoiding 
accidents. This success reflects the level of project management control and competence. However, 
persistent project management issues indicate ongoing difficulties. Effective project control involves 
detailed planning of activities, labor, materials, and equipment, as well as supervision and task 
allocation [7]. These elements require stringent management to ensure the project meets its design 
specifications. Various stakeholders, including clients, contractors, designers, and external influences, 
play a role in project delivery. In South Africa, the challenge of estimating project duration is 
exacerbated by several contextual factors such as fluctuating economic conditions, varying resource 
availability, regulatory complexities, and diverse geographical and environmental factors [8,9]. The 
industryʹs dynamic nature, characterized by multiple stakeholders, diverse project scales, and 
varying levels of technological adoption, further complicates duration estimation [10]. 

Construction projects are unique in their durations and associated costs, which are crucial for 
evaluating project efficiency and quality, and consequently, broader societal development [11]. The 
inherent unpredictability of these projects creates significant challenges in adhering to schedules and 
budgets. This unpredictability arises from the unique nature of construction operations, making 
construction management complex and multifaceted. Each project’s distinctiveness often leads to 
temporal and financial unpredictability, hindering progress and complicating the management of 
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construction activities [12]. Unanticipated instability challenges the successful execution and timely 
delivery of projects within budgetary constraints [4,7]. Variability in construction operations is driven 
by factors such as project site, clientele, regulatory environment, workforce, machinery, technology, 
subcontractors, expertise, and project team dynamics, making project analysis and management 
complex [3,11]. Achieving project completion within budget remains a significant challenge, with cost 
overruns increasing proportionally with project complexity [13]. To address this issue, this study 
aims to examine the key factors affecting construction project duration in South Africa by developing 
a regression model. By analyzing a detailed dataset of construction projects, the research intends to 
pinpoint the most influential variables impacting project timelines. These variables will be 
incorporated into a regression model to create a robust tool for more accurate duration predictions. 

This is vital because accurate forecasting of construction costs and timelines at the project’s 
outset is crucial[4]. Inaccurate predictions, whether too high or too low, can lead to budget overruns 
and suboptimal outcomes, such as failure to meet quality standards and delays [1,14]. Soft computing 
techniques are particularly suited for modeling time-cost constraints in construction projects due to 
the non-specific patterns caused by environmental and logistical factors, as well as non-linear and 
discrete dependencies [15]. As construction projects become increasingly complex and time-
consuming, traditional supervision methods may fall short. In these scenarios, computer simulation 
techniques can be beneficial for addressing such challenges. It is advisable to use historical or current 
data when there is no expectation of significant changes to the fundamental assumptions of the 
modeling process [14]. Additionally, leveraging professional expertise is a practical approach for 
adjusting inputs that may fluctuate due to unforeseen changes in underlying factors. The results of 
this study are expected to offer valuable insights into the factors that drive construction timelines in 
the South African context. Moreover, the regression model developed through this research could 
serve as a practical tool for project managers, contractors, and policymakers, helping them make 
informed decisions that optimize project duration and improve the overall efficiency and 
effectiveness of the construction industry in South Africa. Section 1 introduces the study, providing 
context for its background and highlighting its significance and potential benefits in addressing 
current infrastructure challenges. Section 2 presents a literature review, contextualizing existing 
studies and critically examining key issues that inform and guide this research. Section 3 details the 
methodological approach employed to address the research questions and issues identified. Section 
4 presents the studyʹs results, which are further discussed and analyzed in Section 5. Finally, Section 
6 concludes the study by offering recommendations and discussing its limitations. 

2. Literature Review 
Project Duration/Time Delays in the Construction Industry 
Project duration refers to the estimated end date of a project, given a specific start date, and 

represents when the project is expected to be completed [16,17]. It is important to distinguish project 
duration from total project effort, as these are not interchangeable metrics[14,18]. There is no direct 
correlation between time and effort; simply adding more team members may only reduce the project 
duration up to a point, after which it could lead to increased duration and costs. Many construction 
projects fail to meet their original completion dates, a common issue across various types of 
construction work worldwide [19,20]. 

Late project delivery has significant repercussions for all stakeholders involved. For project 
owners, delays mean a postponed start for asset operations, which can result in missed business 
opportunities, a loss of competitive advantage, delayed returns on investment, and reduced profits 
[21–23]. For contractors, late completion can lead to contractual penalties, prolonged resource 
allocation, decreased productive capacity, and increased indirect and overhead costs [24]. 
Subcontractors face challenges in resource planning, as delays can lead to inaccurate projections and 
potential overlaps with other projects. End users, particularly those living nearby or directly affected 
by construction, often experience discomfort and disappointment due to delayed project delivery 
[25–27]. While academic research has proposed various risk and uncertainty management theories 
for construction projects, these are often conceptual and based on analytical models that are rarely 
implemented in practice. Construction is an information-intensive industry, and complete project 
definitions are not always available at the start, leading to uncertainty [28,29]. Effective management 
of this uncertainty is crucial, especially in fast-track projects where design and production processes 
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are integrated. Fast-tracking involves overlapping sequential activities to compress the project 
schedule, allowing construction to begin on phases even before the overall project design is complete 
[30,31]. This method aims to shorten the construction time by starting work on designed portions as 
soon as they are ready. 

Although delays can sometimes have positive effects, such as reducing activity costs through 
more efficient resource allocation, these benefits typically accrue to contractors, while other 
stakeholders suffer the negative impacts [32,33]. Weather is consistently cited as a frequent and 
detrimental cause of project delays. Unresolved claims due to weather-related issues can escalate into 
legal disputes and prolonged work stoppages, extending beyond the initial weather disruption 
[33,34]. The primary goal of fast-tracking in construction projects is to achieve earlier project 
completion, making it essential to structure an appropriate contracting strategy that supports this 
objective. Several models have been developed to optimize the use of construction crews, thereby 
minimizing project duration and/or cost, particularly in repetitive construction projects [35,36]. 

The total project duration is a crucial indicator of how effectively resources are managed to 
deliver project outcomes within the required quality standards [37]. In practice, baseline project 
schedules are vulnerable due to uncertainties in activity durations and costs [30]. Therefore, accurate 
duration prediction is vital both in the initial baseline scheduling and when updating interim baseline 
schedules during project execution [38]. Effective risk management, which includes identifying, 
analyzing, mitigating, and monitoring risks, plays a key role in ensuring that a project is completed 
on time and within budget [39]. Managing risks associated with project schedules and costs is an 
integral part of efficient project management [40]. Delays, often recurring and complex, remain a 
significant challenge in construction projects and are a common issue in construction claims, arising 
from a wide range of causes. 

Analytical Methods in Construction Project Duration Estimation 
In both developing and industrialized countries, deviations from planned time schedules are a 

common issue in construction projects [41,42]. Various factors during the construction period disrupt 
the systematic flow of work, leading to time-based anomalies and ultimately impacting project 
timelines [43]. Given the construction industryʹs significant role in a countryʹs macro-economic 
structure, understanding the impact of timely project completion on the allocated budget is crucial 
[28]. Project duration serves as a key metric for measuring the efficiency of project implementation. 
Traditionally, construction managers have relied on deterministic scheduling techniques to plan and 
estimate project durations [44]. However, these techniques are known to consistently underestimate 
project durations. While deterministic methods offer advantages such as ease of learning, 
straightforward output interpretation, and lower computational demands, they also have notable 
limitations [44]. They often fail to account for variability in activity durations, which can lead to 
inaccuracies in duration estimates. 

Alternative methods, like Stochastic Network Analysis, have been explored as potential 
solutions [45]. These methods can provide more accurate duration estimates by considering 
variability and uncertainties. However, they are less frequently adopted due to their computer-
intensive nature, the need for extensive historical data, limited contextual applicability, and the 
requirement for specialized skills that many practitioners lack [36]. The construction industry 
frequently experiences projects that end later and cost more than initially planned [46]. The literature 
identifies several causes for these issues, with poor planning and project control practices being a 
recurring factor in late projects. Deterministic scheduling techniques, despite their advantages, often 
fall short due to their failure to address variability in activity durations [47]. This variability, defined 
as the difference between the actual and planned durations of a project activity, is a major source of 
inaccuracy in these traditional techniques. Thus, addressing this limitation is essential for improving 
project duration estimates and overall project management [48]. Deterministic scheduling techniques, 
which assume constant activity durations, often rely on average duration estimates to create project 
schedules. While these methods are straightforward and require less computational effort, they tend 
to underestimate project durations, especially when activities are performed in parallel. This 
underestimation arises from the merge event bias, where the maximum completion time of parallel 
activities is generally higher than the average of the individual activity durations. This phenomenon 
is analogous to the challenge of calculating the maximum of multiple random variables, a problem 
extensively studied in stochastic network analysis (SNA) [49]. 
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SNA addresses this by modeling activity durations with various statistical distributions and 
generating numerous duration values through simulations to compute a representative project 
duration. This approach allows for the creation of a statistical distribution of project durations, from 
which the average and standard deviation can be derived [50]. Delays and cost overruns are severe 
and persistent problems in construction projects. Late completions lead to budget overruns and 
missed potential income, while early completions may result in cost extensions due to overstaffing. 
The definition of a ʺsuccessfulʺ project often hinges on completing it within the planned schedule, 
budget, and quality standards [14]. One of the main reasons for the lack of an analytical solution in 
schedule networks is the absence of statistical distributions that are both sum-stable and max-stable 
[51]. In series, activity durations are added, while in parallel, the maximum of several path durations 
needs to be calculated. Because no distribution fits both criteria, approximate methods are required 
[35]. To address these challenges and enable probabilistic inferences about project durations, the 
Project Evaluation and Review Technique (PERT) was introduced over 60 years ago [15]. PERT uses 
three-point estimates (optimistic, most likely, and pessimistic) to calculate the average project 
duration and standard deviation based on the longest critical path [49]. However, PERT has been 
criticized for underestimating average project duration and overestimating standard deviation due 
to its assumptions about the existence of a single critical path [13]. 

Despite these limitations, PERT remains popular in project management. Researchers have 
extensively analyzed and refined PERTʹs assumptions and procedures, including the accuracy of 
estimates and the incorporation of time-cost trade-offs [22,49]. Notably, the Graphical Evaluation and 
Review Technique (GERT) developed by Pritsker in 1966 aimed to address PERTʹs fundamental 
issues, such as merge event bias, but required Monte Carlo simulation due to its complexity [5,15]. 
More recently, M-PERT, a technique proposed by Ballesteros-Pérez et al., integrates some of GERT’s 
principles and allows for manual calculation of project duration averages and standard deviations, 
though it can be time-consuming for large networks [52]. Overall, while various extensions of PERT 
and other methods address specific limitations, they often do so by increasing complexity and 
calculation time. 

3. Research Method 
This study employs a quantitative research approach to analyze project duration data using 

regression models to optimize duration estimation and reduce delays in South African infrastructure 
projects. The primary goal is to identify patterns and relationships between project characteristics 
(such as project type, sector, and the extension indicator) and the resulting project durations. The 
analysis is based on historical project data, which includes a variety of project types, sectors 
(government and private), and whether or not project durations were extended [53]. The data was 
then subjected to regression analysis to assess the significance and predictive power of these variables 
in estimating project timelines [54,55]. This approach is well adopted in previous studies [56]. Other 
studies have also utilized linear regression and multiple regression [28,44]. Data for this study was 
sourced from a construction management database, which contains records of completed 
infrastructure projects across different sectors in South Africa. The dataset includes 61 projects, each 
with the following key variables: 
• Project Type (e.g., schools, hostels, industrial buildings) 
• Number of Projects (for each type) 
• Average Project Duration (in months) 
• Sector (Government or Private) 
• Extension Indicator (whether the project required an extension or not) 

The data were extracted and prepared for analysis by categorizing the projects according to the 
variables and calculating average durations. The projects in the database spanned a range of types, 
including school buildings, hostels, industrial facilities, offices, and residential buildings. This 
diversity of project types provides a robust foundation for identifying generalizable trends. Variables 
such as the average duration by project type and sector, and the presence of an extension were used 
to provide an initial understanding of the variability in project durations [57,58]. A linear regression 
model was applied to determine the impact of the independent variable (e.g., project type, sector, and 
extension) on project duration. The dependent variable is the average project duration in months [59]. 
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The regression output was evaluated using, Multiple R, R Square, Adjusted R Square, Standard 
Error, ANOVA as done in other studies [60]. The regression analysis also included an ANOVA 
(Analysis of Variance) test to examine the overall significance of the model [61]. The F-statistic was 
used to evaluate whether the independent variables significantly contributed to explaining the 
variation in project duration [62]. A p-value of less than 0.05 was considered statistically significant, 
indicating that at least one predictor variable had a meaningful impact on project duration [63]. The 
coefficient estimates from the regression model were interpreted to determine the specific effect of 
each independent variable on project duration [64,65]. A positive coefficient suggests that the 
predictor variable is associated with longer project durations, while a negative coefficient would 
indicate a shorter duration [66]. The t-statistic and p-values were examined to assess whether the 
coefficients were statistically significant at the 5% level [66]. Although this study provides valuable 
insights into the relationship between project characteristics and duration, it is limited by the 
relatively small sample size of 61 projects. Additionally, the dataset only includes completed projects, 
which may introduce survivorship bias, as incomplete or delayed projects were not accounted for 
[53]. Furthermore, other important predictors of project duration, such as contractor experience, 
project funding, and weather-related delays, were not included in this analysis but could be 
considered in future research to improve the predictive power of the regression model [67]. This 
research was conducted using secondary data, and no personal or sensitive information was included 
in the dataset. All data were anonymized and used in compliance with data protection regulations to 
ensure confidentiality and ethical handling of project information. The statistical analysis was 
conducted using Microsoft Excel and SPSS, with Excel used to manage and organize the data and 
SPSS for regression analysis. These tools facilitated the calculation of descriptive statistics, ANOVA, 
and regression outputs necessary for the studyʹs findings. 

4. Results and Discussion 
When it comes to the execution of a building project, success can be defined as the buildingʹs 

completion within the allotted time frame, staying under budget, meeting quality requirements, and 
experiencing no accidents. This shows the degree of project management control as well as a gauge 
of competency [68]. The studyʹs findings, aimed at developing a model to optimize project duration 
estimation and reduce delays in South African infrastructure development, are based on an analysis 
of 65 infrastructure projects across the country. The projects were categorized according to several 
key variables, including provincial location, type of contract used, original contract sum, construction 
duration in months, approved extensions of time (in months), extensions granted with associated 
costs, approved variation orders, final contract sum, project size (band), project type, and type of 
client (public or private). 

The breadth of this dataset provides a powerful way to build a complex regression model that 
takes many project timeline drivers into account. The study provides useful information about 
understanding the relationships between these variables and their implications to identify the reasons 
for time overruns and likely cost escalation. The model is designed not only to enhance the accuracy 
of project duration estimates, but also to predict possible submission delays that might take place, 
thus providing predictive findings which in turn could be employed to plan accurately and carry out 
infrastructure projects in a more proactive manner. The inclusion of both contract-related variables 
(such as variation orders and extensions of time) and external factors (such as provincial differences 
and client type) ensures a holistic approach to understanding project inefficiencies. The ultimate goal 
is to provide stakeholders with actionable recommendations to streamline project management 
processes, reduce delays, and enhance the overall efficiency of South African infrastructure 
development. 
4.1 Province-Based Duration Variability 
As shown in Figure 1 below, the figure illustrates considerable variability in average project durations 
across different provinces. For instance, Free State has the highest average project duration of 20 
months, while Mpumalanga has the lowest at 12 months based on the project information gathered. 
This suggests that project timelines vary significantly across regions in South Africa were the study 
was conducted. Regression models could help in identifying the factors responsible for these 
variations—whether due to resource availability, logistical challenges, or governance factors—and in 
forecasting more accurate project durations for future developments. Provinces with a higher number 
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of projects, such as Free State (35 projects) and Northern Cape (13 projects), show relatively higher or 
moderate average durations. However, Gauteng, despite having only 2 projects, has a relatively long 
average duration of 18 months. This indicates that project volume alone doesnʹt explain duration, 
suggesting the need for more sophisticated indicators in a regression model, such as project type 
which is discussed in subsequent sections and also suggested in other studies [69,70]. Regression 
models can be used to analyze the relationship between the number of projects and their average 
durations. The variability in project durations despite a lower number of projects (as seen in Gauteng 
and North West) could point to other influencing factors beyond the number of projects, which 
regression can model (e.g., project management strategies, regulatory issues, labor productivity, etc.). 

 
Figure 1. Province-Based Duration Variability. 

4.2 Correlation Between Project Value and Duration 
There appears to be a general trend where larger project values correspond to longer average 

durations. For instance, projects in the 30,000,000 to 40,000,000 range have an average duration of 
26.08 months, the longest in the dataset, while smaller projects in the 0 to 10,000,000 range have the 
shortest average duration of 9.60 months. This is expected since higher project value often indicates 
a bigger scope and thus indicating greater time required. This suggests that higher-value projects 
tend to be more complex and require more time to complete, likely due to larger scopes, more 
sophisticated engineering challenges, or extended approval processes. However, this relationship 
isnʹt strictly linear. For instance, projects in the 40,000,000 to 50,000,000 range have a slightly shorter 
average duration (24.18 months) than those in the 30,000,000 to 40,000,000 range, despite their higher 
value. Additionally, projects valued between 50,000,000 and 100,000,000 have a shorter average 
duration of 16.50 months. This highlights potential inefficiencies or factors not directly tied to project 
value, suggesting the need for more nuanced models to understand the drivers of delays. From the 
data, we can observe that while increasing project value often leads to longer project durations, the 
marginal increase in duration becomes less significant at higher values. For example, the jump from 
0 to 10,000,000 projects to 10,000,000 to 20,000,000 only results in a 0.9-month increase in average 
duration, while the increase from 20,000,000 to 30,000,000 sees a much larger difference of 3.63 months. 
However, at higher values, such as between 40,000,000 and 50,000,000, the increase in duration is 
more modest. This may indicate that once certain economies of scale or project management 
efficiencies are achieved, the time-to-value ratio improves, a useful insight for optimizing project 
timelines [71]. This is vital for government and private entities involved in infrastructure 
development, helping them understand the relationship between investment and time to completion 
[72]. This can also guide budget allocation and resource management, ensuring that projects are 
completed on time and within budget, thereby minimizing costly delays [73]. This is shown 
diagrammatically in Figure 2 below. 
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Figure 2. Correlation Between Project Value and Duration. 

4.3 Variation in Project Types and Durations 
The nature of a project can have a considerable impact on the estimated completion time. For 

example, schools, despite being numerous, have relatively long durations, indicating that the 
complexity or the scale of the school projects may contribute to delays. As shown in Figure 3 below, 
significant variations in the average duration across different project types. For example, Schools (the 
most frequently undertaken projects, with 51 instances) have an average duration of 18.33 months, 
while Security Cluster projects, though fewer in number (2), exhibit a much shorter average duration 
of 7 months. Industrial projects (1 instance) and Student residences (1 instance) exhibit relatively 
longer average durations at 17 months and 19 months, respectively, which may be due to their 
complex infrastructure needs or longer approval and construction timelines. It’s notable that Schools 
constitute the largest number of projects (51), yet their average duration (18.33 months) is higher than 
projects with fewer instances, like Hostels (11.33 months). This could indicate that a higher number 
of similar projects doesn’t necessarily lead to time efficiencies, possibly due to factors such as 
bureaucracy, resource limitations, or variability in project specifications. The complexity of a project 
type appears to correlate with longer project durations as seen in previous studies [18]. For instance, 
Student residences and Industrial projects, which tend to involve specialized infrastructure and strict 
building regulations, exhibit longer durations (19 and 17 months, respectively). Meanwhile, Security 
clusters, which likely involve simpler structures or smaller scopes, are completed more quickly (7 
months). 

 
Figure 3. Variation in Project Types and Durations. 
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4.4 Project Extension Impact on Duration 
The presence of an extension signifies elongated project duration from estimated timelines, 

indicating time and cost overrun. Projects that do not require extensions exhibit a more predictable 
and efficient timeline, while those that experience delays, reflected by the need for an extension, suffer 
from significant time overruns. By incorporating this variable, the model can help predict whether a 
project is at risk of needing an extension, based on factors such as project type, location, initial 
contract sum, and other relevant indicators. This will allow project managers to implement mitigation 
strategies proactively, reducing the likelihood of delays. The general project extension impact on 
duration is shown below in Figure 4. The large difference in duration between projects with and 
without extensions suggests that the factors leading to project extensions—such as scope changes, 
unforeseen challenges, resource constraints, or contractor inefficiencies—should be examined more 
closely. Identifying patterns in the projects that require extensions could enhance the accuracy of 
predictive models. For example, if certain project types or sizes are more likely to experience 
extensions, these projects could be flagged for closer monitoring from the outset. The stark difference 
in project durations points to significant opportunities to reduce delays. Projects that do not require 
extensions have a considerably lower average duration, suggesting that effective project planning, 
risk management, and resource allocation at the initial stages can prevent the need for extensions [74]. 

 
Figure 4. Project Extension Impact on Duration. 

4.5 Sector-Wise Duration Comparison 
Figure 5 shows that government projects have an average duration of 18 months, while private 

projects have a shorter average duration of 12 months. This indicates a significant difference in how 
long projects take to complete depending on the sector. The fact that government projects take longer 
on average suggests the presence of specific challenges within the public sector that may contribute 
to delays, such as bureaucratic processes, extended approval times, or more complex stakeholder 
management [75,76]. The fact that government projects take longer on average suggests the presence 
of specific challenges within the public sector that may contribute to delays, such as bureaucratic 
processes, extended approval times, or more complex stakeholder management [77–79]. Public 
procurement is often subject to complex tendering procedures that can introduce delays in the start 
or continuation of a project. Government projects may involve multiple layers of decision-makers 
and stakeholders, leading to delays in approvals and the execution of changes [80,81]. 
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Figure 5. Sector-Wise Duration Comparison. 

4.6 Regression Models 
The regression statistics as seen in Table 1 provides critical insights into the strength and 

reliability of the regression model in explaining the variability of project durations. Multiple R, also 
known as the correlation coefficient, measures the strength and direction of the linear relationship 
between the independent variables (project characteristics, contract type, value) and the dependent 
variable (project duration). Multiple R: The correlation coefficient between the observed and 
predicted values. It ranges in value from 0 to 1. A value of 0.315949 indicates a weak positive 
correlation between the predictors and project duration. This suggests that while there is a positive 
relationship between the variables, the predictors only explain a small proportion of the variation in 
project durations. there are potentially many other unconsidered factors affecting project duration 
that could be considered such as unforeseen delays, project complexity, contractor performance, or 
external influences like political or economic conditions. Adjusted R Square adjusts the R Square 
value for the number of predictors in the model, giving a more accurate picture of the modelʹs 
explanatory power, especially when multiple variables are used. The Standard Error measures the 
average distance that the observed values fall from the regression line. A value of 11.62519 indicates 
a relatively high level of error or variability in the project duration predictions. Given the standard 
error, we can infer that the model’s predictions for project duration have a typical error of about 11 
months, which is substantial, particularly in the context of construction projects where timelines are 
critical. This suggests the need for further refinement to increase precision. The model is based on 61 
observations (projects), which is a reasonable sample size for exploratory analysis. 
ANOVA Results 

In table 2, the data reveals that the total degrees of freedom are 60, corresponding to the total 
number of observations minus 1. There are 59 degrees of freedom for the residuals, showing the 
number of data points minus the number of predictors (60 total data points - 1 predictor). The total 
variability in the project durations combining the explained and unexplained variation reveals that it 
is well explained by the independent variables. the ANOVA (Analysis of Variance) table provides key 
insights into the overall fit and significance of the regression model. The F-statistic and p-value (1.31%) 
suggest that the regression model provides statistically significant insights into project duration. Even 
though the model explains only a small portion of the total variance (as indicated by the R-squared 
in the earlier analysis), it is nonetheless a meaningful model for predicting project duration based on 
the included variable. This significance implies that regression models can be a useful tool for 
predicting project duration, helping to identify patterns that might reduce delays in South African 
infrastructure projects [82]. 
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Table 1. Regression Statistics. 

Regression Statistics 
Multiple R 0.315949 
R Square 0.099824 
Adjusted R Square 0.084566 
Standard Error 11.62519 
Observations 61 

The table of coefficients as shown in Table 3 provides crucial insights into how well the 
independent variable (represented as X Variable 1) influences the dependent variable (project 
duration). The coefficient 10.86 intercept represents the estimated project duration when the 
independent variable (X Variable 1) is zero. In this case, the intercept suggests that, on average, the 
baseline project duration is 10.86 units (months or another relevant time frame) when no changes are 
introduced by the predictor variable. The standard error of 2.94 indicates the level of variability or 
uncertainty in the estimate of the intercept. This implies that the predicted baseline duration can 
fluctuate by about 2.94 units around the estimated 10.86. 

Table 2. ANOVA. 

ANOVA      
  df SS MS F Significance F 

Regression 1 884.2156 884.2156 6.542718177 1.31% 
Residual 59 7973.555 135.145   
Total 60 8857.77       

T-statistic = 3.69 and P-value = 0.00049: The t-statistic of 3.69 and the corresponding p-value of 
0.00049 (less than 0.05) indicate that the intercept is statistically significant. This means that the 
baseline project duration is not occurring by random chance but is a meaningful value in the context 
of your model. Confidence Interval (Lower 95% = 4.9753, Upper 95% = 16.7419): The 95% confidence 
interval shows that the true intercept is likely to lie between 4.98 and 16.74 units. This range 
represents the degree of uncertainty in the baseline project duration estimate. Standard Error = 
8.21226E-08: The small standard error shows a very low degree of variability in the coefficient 
estimate, indicating high precision in this particular estimate. t-statistic = 2.5579 and P-value = 0.0131: 
The t-statistic of 2.56 and the corresponding p-value of 0.0131 suggest that the relationship between 
the independent variable and project duration is statistically significant at the 5% level. Although the 
coefficient is very small, the p-value indicates that the variable still has some meaningful effect on 
project duration. Confidence Interval (Lower 95% = 4.57323E-08, Upper 95% = 3.74386E-07): The 
confidence interval indicates that the true value of the coefficient for the independent variable likely 
lies between 4.57E-08 and 3.74E-07. This very small range reflects the low magnitude of the predictorʹs 
effect on project duration. 

While the coefficient of X Variable 1 is extremely small (close to zero), the p-value of 0.0131 
indicates that the independent variable has a statistically significant relationship with project 
duration. This could imply that the independent variable has an influence, albeit a very minor one, 
on predicting project timelines. In practice, this means that even small adjustments related to the 
predictor could have a slight impact on project duration, though not dramatically. The intercept 
shows that the baseline duration of projects, assuming no other factors are involved, is approximately 
10.86 units (e.g., months). Understanding the baseline gives infrastructure developers a starting point 
for estimating project timelines, which could help in better scheduling and resource allocation to 
prevent delays. The small coefficient and significant p-value suggest that regression models can help 
in fine-tuning project duration estimates, even when the variables seem to have minor effects. The 
significance of the variable means that regression models could still be useful in forecasting durations 
by capturing even small, yet consistent, patterns. However, to optimize project duration estimation 
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more effectively, it would be beneficial to explore additional or alternative predictor variables. The 
nearly negligible impact of the current variable on project duration indicates that there may be more 
influential factors (such as project complexity, contractor experience, or regulatory delays) that 
should be incorporated into the model. The confidence intervals for both the intercept and the 
independent variable show a range of values that could provide useful benchmarks for infrastructure 
projects. The narrow interval for the predictor variable, while very small in magnitude, reflects the 
precision in estimating its effect. This precision could be helpful when scaling the model to more 
complex datasets or adding more predictors to enhance the regressionʹs predictive power. Since the 
regression model has highlighted that even very small predictors can have statistically significant 
effects on project duration, this suggests that tracking and monitoring minor project factors (such as 
slight adjustments in materials, workforce efficiency, or daily productivity) could lead to incremental 
improvements in project timelines. In the broader context of South African infrastructure 
development, this kind of data-driven insight could be leveraged to make cumulative adjustments 
that ultimately reduce delays. 

Table 3. Coefficients. 

  
Coefficie

nts 
Standard 

Error t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95,0% 

Upper 
95,0% 

Intercept 
10.8585

8 2.940175 
3.6931

76 
0.000486

005 
4.975306

335 
16.7418

6 4.975306 
16.74185

974 
X 
Variable 
1 

0.0000
% 8.21E-08 

2.5578
74 

0.013120
283 

4.57323E
-08 

3.74E-
07 4.57E-08 

3.74386E
-07 

This residual plot shown in Figure 6 below is related to the performance of a regression model, 
specifically focusing on the fit between the predicted values (based on ʺX Variable 1ʺ) and the actual 
observed values. In terms of the residual distribution and model accuracy, the residuals represent the 
difference between observed and predicted values. Ideally, for a well-fitted regression model, 
residuals should be randomly scattered around zero without any clear pattern. In this graph, most 
residuals are close to zero, but a few are significantly far from zero, especially between R5,000.00 and 
R6,000.00, where we see large positive residuals. This suggests that the model is generally capturing 
the relationship between the independent variable and the project duration but fails to capture certain 
trends, potentially at higher values of ʺX Variable 1.ʺ For infrastructure project estimation, this may 
indicate underperformance or miscalculation for larger or more expensive projects. This is identified 
as a limitation in the study. Unaccounted factors influencing project delays or cost discrepancies in 
South African infrastructure development is shown in unaccounted factors influencing project delays 
or cost discrepancies in South African infrastructure development. To reduce delays, it might be 
important to address these uncertainties by including these variables. 

 
Figure 6. Residual Plot. 
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As seen in Figure 7 below, the Normal Probability Plot, is typically used to assess whether a 
dataset follows a normal distribution. This plot provides insight into the distribution of residuals 
(errors) or actual vs. predicted project durations. The plot exhibits a sharp upward deviation towards 
the right side, indicating that the data does not follow a perfect straight line. This suggests non-
normality in the dataset. The extreme deviation at higher percentiles (around the 90th percentile and 
above) indicates the presence of outliers or potentially skewed data, meaning certain projects 
experience much longer delays than others. In the context of South African infrastructure 
development, this graph reflects irregular delays in certain projects (extreme outliers), perhaps due 
to unpredictable factors like administrative bottlenecks, environmental conditions, or political issues. 

 
Figure 7. Normal Probability Plot. 

Figure 8 showcases the line fit plot showing the relationship between an independent variable, 
project-related factors and Y (the project duration or delay) in a regression model. The orange line 
represents the predicted values of Y from the regression model. The line is relatively flat, indicating 
that the regression model predicts relatively constant values of Y across different levels of X Variable 
1. This suggests that X Variable 1 has a limited or weak influence on the predicted Y values in the 
current regression model. In other words, this variable alone does not significantly explain the 
variability in project duration or delays but can integrate other variables. The blue diamonds 
represent the actual observed Y values. There is considerable scatter around the predicted Y values, 
especially at higher levels of X Variable 1. This indicates that the actual project durations or delays 
vary much more than the regression model predicts. There are significant deviations from the 
predicted values, particularly at higher ranges of X Variable 1 (e.g., at R400,000 and above). This 
suggests that the regression model may be underestimating the actual values, particularly for higher 
project costs or other factors represented by X Variable 1. 

 
Figure 8. Line Fit Plot. 

According to the study, the regression model performed well and consistently in predicting the 
length of projects while accounting for a number of variables as seen in other studies [56,62]. The 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 October 2024 doi:10.20944/preprints202410.0227.v1

https://doi.org/10.20944/preprints202410.0227.v1


 13 

 

research investigationʹs conclusions will be of great use in helping to make decisions that will ensure 
the project outputs meet the necessary quality standards [83,84].The studyʹs conclusions will offer 
project managers, customers, and other construction stakeholders advice on how to successfully 
manage and carry out projects within the allocated spending limit and time frame [83,85]. It is advised 
that more study be done, especially in the area of using soft computing methods to fully assess the 
multicollinearity amongst factor variables [86]. This is essential in fostering an inclusive approach in 
how we conceptualise and deliver infrastructure in developing countries [87,88]. One common issue 
with construction investments is divergence from a predetermined time schedule, which arises in 
both industrialised and developing nations. In building projects, time extensions are a very important 
and persistent issue. A projectʹs late completion causes it to go over its construction budget, which 
was set aside at the beginning of the project, and it also delays the potential revenue that the created 
facility could generate. Construction projects are deemed ʺsuccessfulʺ provided they are finished 
within the allotted time, budgeted cost, and defined quality standards, even though some 
adjustments to the time schedule can typically be made in response to client demands. In actuality, 
the owner, contractor, subcontractors, or certain technical, legal, and natural issues may lead the 
overall project duration to exceed the estimated bounds of the scheduled time. Since public 
institutions (i.e., owners) fund the majority of large-scale, high-budget construction projects, it is 
likely that they will struggle to make progress payments on time. As a result, main contractors may 
fail to pay their suppliers, in-house employees, and subcontractors on time [45,89]. Poor productivity, 
shoddy craftsmanship, and inadequate human resource planning appear to be concerning indicators 
of the domestic construction industry in terms of labor-based variables [90,91]. One way to gauge 
how well a project is being implemented is to look at its duration. Projects carried out through top-
down institutional arrangements were more likely to take a lengthy time than those carried out 
through bottom-up institutional arrangements, according to a comparable study conducted in China 
[92]. The results provide knowledge that clients and their delivery managers can use to effectively 
manage a sizable amount of uncertainty in projects where the client prefers a collaborative delivery-
management approach and project information is not sufficiently available for the contractor to price 
the project meaningfully at the beginning of construction [37]. It can be difficult to schedule repetitive 
construction projects in a way that maximises the use of several concurrent workers and strategically 
arranges their work to reduce project duration and expense. 

Government-funded projects with a top-down approach proved to be more efficient than those 
with a top-down approach that involved village funding. on bottom-up projects, no conclusion was 
reached on which source of funding—village or private developer—was responsible for the shorter 
project duration [49,93]. 

The length of the project was also determined by other factors, such as the city, the characteristics 
of the project, the year it started, the number of families engaged, the size of the temporary relocation 
fee, and the procedures used to choose moved housing, calculate the temporary relocation cost, and 
determine the relocation area [94,95]. Several studies have highlighted the need for sustainable 
infrastructure to address societal impact [88] [96,97]. However, this remains a challenge when 
buildings are not delivered within time and cost and therefore calls for the imperative of considering 
digital technologies in delivery of infrastructure to aid prompt delivery[98,99]. 

5. Conclusions, Implications and Recommendations 
The analysis demonstrates that the regression model is statistically significant in explaining the 

relationship between the independent variable and project duration, though there is still much 
unexplained variability. The coefficients table reveals that while the independent variable (X Variable 
1) has a minimal effect on project duration, it is still statistically significant, suggesting that regression 
models can be useful for capturing small but meaningful relationships in predicting project timelines. 
The baseline duration estimate and the narrow confidence intervals for the predictor variables 
suggest that even minor adjustments can have practical implications in improving project duration 
estimation. To optimize regression models for reducing delays in South African infrastructure 
development, the inclusion of more impactful variables will be crucial for better precision and 
stronger predictive power. 
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6. Limitations and Areas for Future Studies 
While the model is significant, the large residual sum of squares (7973.55) and high mean square 

error (135.14) suggest that a substantial amount of variability in project duration is still unexplained. 
This points to a need for additional variables that could better capture the complexities of 
infrastructure project timelines. Variables such as contractor experience, material availability, 
weather patterns, and regulatory delays may improve the model’s predictive power. 
Notwithstanding this, since the model shows a statistically significant relationship between the 
independent variable and project duration, it can be used to forecast project durations with some 
degree of confidence. This could be beneficial for project managers in mitigating delays by adjusting 
timelines and resources based on early predictions. To fully harness regression models for optimizing 
project duration estimation and reducing delays in South African infrastructure development, future 
research should focus on incorporating more variables that reflect the diverse and complex factors 
affecting construction timelines. With improvements, this model can become a valuable tool for 
infrastructure project managers to predict and prevent delays. The residual plot reveals both the 
strengths and weaknesses of the current regression model used to predict project durations. While 
the model performs reasonably well for smaller-scale projects, it struggles with larger projects, 
leading to inaccuracies in prediction. For South African infrastructure development, improving the 
model by addressing outliers, heteroscedasticity, and including more relevant variables could lead 
to better project duration estimates and, subsequently, fewer delays. The skewness and outliers in 
this study serves as an areas for future studies to utilize alternative regression methods like robust 
regression or quantile regression to better handle the dataʹs characteristics. This would involve 
investigating the causes of the most extreme delays and refining model by incorporating additional 
predictors that may explain the observed non-normality (such as regulatory delays or supply chain 
issues). 
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