International Journal of Construction Engineering and Management 2025, 14(1): 24-39
DOI: 10.5923/j.ijcem.20251401.03

Regression and Validation Modelling for Predicting
Constraining Factors in Design-Bid-Build Project
Delivery

Uswege Jacob Mwaipungu”, Kimata Malekela, Rehema Monko

School of Architecture and Construction Economics (SACEM), Department of Building Economics, ARDHI University (ARU),
Dar es Salaam, Tanzania

Abstract This study develops a multiple regression model to examine factors influencing Design-Bid-Build (DBB)
project delivery, analyzing the effects of owner, contractor, designer, and external project-related factors on project
collaboration-related outcomes. The regression model demonstrates a high explanatory power, with an R-squared value of
0.783, indicating that 78.3% of the variance in project collaboration factors (PCRF) can be explained by the predictor
variables. The model shows a strong correlation (R = 0.885) and a low standard error of 0.366, highlighting its predictive
accuracy. ANOVA results validate the model's robustness, with a significant F-ratio (85.312, p < 0.001), confirming that the
predictors significantly contribute to explaining variability in PCRF. An analysis of coefficients indicates that owner-related
factors have the highest positive impact, followed by external project and contractor-related factors, each statistically
significant (p < 0.05). To enhance reliability, an out-of-sample validation was conducted, yielding improved R-squared
(0.881) and adjusted R-squared (0.869) values, and a reduced standard error (0.3205). The Durbin-Watson statistic (1.975)
indicates no autocorrelation in the residuals, affirming model stability. These findings demonstrate the model’s strong
predictive power, confirming its applicability and utility for enhancing DBB project delivery. The validated model
underscores the critical influence of owner, contractor, and external project factors, offering a reliable framework for
stakeholders in the construction industry to anticipate and address factors impacting DBB project outcomes. The model
serves as a reliable decision-making tool for construction stakeholders, offering several practical implications, including
improved collaboration, proactive risk management, and data-driven policy formulation to enhance DBB project
performance.
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1. Introduction

The Tanzanian construction industry relies on the Design-
Bid-Build (DBB) system to deliver various building and civil
engineering projects. These projects contribute significantly
to the country's socio-economic progress by creating jobs,
providing housing, and increasing GDP, which reached 14.1%
in 2022 compared to 14.0% in 2021 [102].

Developing nations often struggle with inadequate
infrastructure, including roads, prompting the United Nations

fostering growth, it often fails to meet project and business
goals. While global underperformance is common, developing
nations experience worse outcomes, such as time overruns.
Similar challenges have been observed in countries like
Kenya, South Africa, and Sri Lanka, where DBB projects
face issues like cost and time overruns, low productivity, and
stakeholder dissatisfaction [34] & [19].

The DBB method comprises three phases: design, bidding,

(2020) to advocate for sustainable infrastructure development
under its ninth Sustainable Development Goal. Achieving
this goal requires projects, especially those using the DBB
approach, to align with the outlined objectives.

Despite the Tanzanian construction industry's role in
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and construction, with projects typically awarded to the
lowest bidder. This approach results in separate contracts for
the owner-consultant and owner-contractor relationships.
Though widely adopted, concerns persist about its efficiency
and performance [92] & [113].

Global construction industries widely adopt the DBB
system, including in the USA, UK, Germany, and South Africa.
Studies show that it remains the predominant procurement
method, often due to various constraints that prevent the
adoption of alternative systems, such as integrated project
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delivery [77] & [68].

Research highlights that DBB is still the preferred
procurement system worldwide, accounting for 60% of
construction projects globally. Its use dominates in countries
like Ghana, Nigeria, Malaysia, and Saudi Arabia, driven by
economic, technological, and legal factors that hinder
alternative systems [52] & [20].

Tanzania's construction industry also predominantly uses
the DBB system, where design and construction roles are
distinct. This method accounts for over 95% of projects annually,
yet it faces challenges like cost overruns, delays, and subpar
quality due to the inherent separation of responsibilities [81]
& [109].

The frequent criticism of DBB for its inability to meet
performance expectations in cost, time, and quality is supported
by studies identifying the separation of design and construction
as a major factor behind poor outcome. Addressing these
constraints could enhance public project delivery in Tanzania,
benefiting government agencies, consultants, and contractors
[95] & [71].

This paper can serve as a valuable reference for the
Government and its agencies, consultant firms, and contractors
regarding the constraining factors affecting DBB project
delivery, aiming to improve the performance of public
construction projects in the country.

Therefore, the objective of this study is to develop a
model for predicting the constraining factors impacting the
DBB project delivery in the Tanzanian construction industry.

2. Literature Review

2.1. General Overview of Design Bid Build

The DBB procurement method remains the most widely
used system in the construction industry, with predictions of
its dominance continuing for years [8] & [37]. In Tanzania,
DBB contracts involve engaging a design team to create
detailed project designs, prepare bills of quantities, and
oversee tendering for contractors to compete [69]. The client
selects the contractor offering the lowest bid that meets
requirements, resulting in separate contracts between the
client, the designer, and the contractor, but no direct
contractual relationship between the designer and contractor
[94] & [68].

2.2. Theoretical Underpinning

This study draws on the Theory of Constraints (TOC) and
Contingency Theory to explore challenges in DBB project
delivery. The TOC, introduced by Goldratt in 1984, posits
that every process has bottlenecks that limit performance,
emphasizing the need to identify and address these constraints
[76]. Meanwhile, the Contingency Theory, developed by
Fiedler in the 1960s, suggests there is no universal approach
to managing projects. Instead, management strategies should

adapt to project-specific circumstances, requiring flexibility
to navigate construction complexities effectively [26].

2.3. Empirical Review

In the UK and many other countries, design-bid-build
(DBB) is still the most common way to deliver construction
services [73]. Low-bid procurement is the most common
way to choose construction companies [35]; [57] & [99].

In Malaysia, the owner (client) of both the public and
private sectors employed the DBB more frequently than
other methods of procurement [114]. In both the public and
commercial sectors, DBB was identified as the primary
procurement method, followed by DB and CM [115].

The traditional system of procurement, design-bid-build
(DBB) has been the dominant method of procurement for
building contracts in Ghana since the inception of architectural
practices [17]. [16] state that, the system dominates the
Ghanaian construction industry largely because it is well
established with wide applicability and simple procedures.
This popularity in the Ghanaian construction sector makes
it difficult to introduce new and contemporary procurement
systems. In the Nigerian construction industry, more project
delivery problems have been reported on the projects
delivered through the traditional system than others. Delays
are a significant problem in Nigerian building execution,
according to [88]. In a similar vein, [9] claims that among
other things, construction projects in Nigeria frequently
experience budget slippage, productivity losses, revenue
shortfalls, conflicts and litigation, contract cancellation, and
delivery delays. The majority of the problems associated
with this DBB method, especially during the construction
phase develop from unseen and hidden problems and
inefficiencies at the design stages [86].

The traditional system of procurement "remains mainly
because most contractors and clients are familiar with it and
so it often becomes a default approach,” according to [100],
who support this viewpoint. This argument is thought to be
valid in Tanzania, where traditional procurement methods
are frequently employed. Several African researchers,
including [109]; [70]; [49b]; [69] & [62], have criticized the
construction industry in Africa for its "detachment"” from the
extensive use of the traditional procurement method, despite
its association with substandard projects, delays in project
completion, cost overruns, and poor value for money.

Incomplete designs in DBB projects lead to rework, delays,
and cost escalations [56] & [101]. Financial difficulties
among owners and contractors further jeopardize project
success, with risks like halted progress and reduced viability
[27] & [10]. Labor shortages, delays in client decision-making,
and payment processing issues also significantly hinder
project timelines and productivity [49] & [51]. Addressing
these issues requires strategies to enhance labor utilization,
financial management, and decision-making efficiency [31]
& [49].
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Table 1. Summary of the factors limiting the successful delivery of Design-Bid-Build (DBB) projects

Constraining factors impacting DBB project delivery

References

Incomplete designs.

Client’s delay in processing designer’s and contractor payments.

Negligence of the Professional.
Inadequate and insufficient documentation.

Change in project requirements by the client at later stages.

Incorrect drawings.

Lack of experience on similar projects
Shortage of materials, plants and equipment
Owner’s financial difficulties.

Inadequate or frequent breakdowns of construction plant and equipment

Adversarial weather

Changes to specifications

Inadequate or ineffective use of new technology
Designer’s failure to clearly understand the client’s brief.
Client slow decision making

Mistake during construction

Inadequate and poor communication between client, consultants and contractor

Contractors financial difficulties

Provision of wrong or Insufficient information by the client.

Poor site management

Poor communication among design team members
Shortage of workforce

Frequent design and construction changes by the client.

Limited time available for checking and coordinating all design documentation

Unexpected/Fluctuation in price of raw materials
Shortage of skilled and unskilled labours.

Transfer of knowledge and experience between designers.
Late delivery of materials and equipments.

Lack of continuous and effective communication between parties.

Disparities between BOQ drawings and specifications.

Re use of design documents and details from previous project without effective review

by the designer
Contractors design capability
Social and cultural impacts

[25]; [65]; [101]; [97] & [7]
[43]; [50] & [63]
[106]

[6] & [106]

[59]; [38] & [44]

[7] & [106]

[1] &[75]

[49] & [31]

[27] & [75]

[58] & [49]

[49] & [31]

[106] & [64]

[67]

[18]; [4]; [5] & [27]
[30] & [75]

[49] & [75]

[67]; [106] & [64]
[10]; [58] & [49]

(31 [4); [3] & [27]
[58]; [63]; [49]; [75] & [13]
[67]; [43] & [65]

[49]; [31]

[43]; [75] & [50]

[11]; [4] & [3]

[49]; [13]; [31] & [63]
[50]; [19]; [67] & [49]
[11]; [28]

[49]; [13]; [31] & [63]
[67] & [75]

(31 [41; [5] & [27]

[67] & [97]

[55] & [75]
[49] & [75]

Source: Adapted from [75]

2.4. Model

A model is a simple representation of a complex
phenomenon. Since it is an abstraction, not every
characteristic of the actual system is present. A model does,
however, include every characteristic—those necessary to
define or solve the problem—in its whole. Engineers and
physicians have always relied heavily on mathematical
models, and modeling has long been an element of their
scientific methodology [110].

The model's notion is most briefly explained by [105],
who claim that the model is a useful tool for defining time-
structured relationships between variables and for exploiting
those ties to predict future occurrences. This study used
regression modeling as a method to predict the performance
of DBB project delivery.

2.4.1. Multiple Regression Model

According to the preexisting relationship, regression
modeling examines how the values of independent variables
might be utilized to forecast the values of dependent variables
[14]. Regression analysis operated under the given sets of
assumptions, as demonstrated below. A distorted relationship
between the variables results from not respecting these
presumptions [111].

i. The dependent variable should be measured on a
continuous scale (i.e. it should either be an interval or
ratio variable) and we can test this assumption by
direct data inspection.

ii. Data mustinclude two or more independent variables,
which can be either continuous or categorical. We can
test this assumption by direct data inspection too.
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iii. Data should be independent of observations. There
should be no autocorrelation between the values of
the dependent variables. We can test this assumption
by using the Durbin-Watson test.

iv. There should be a linear relationship between the
dependent variable and each of your independent
variables. The relationship between variables can be
represented in a linear model [90]. We can test this
assumption by using partial regression plots.

v. Data should exhibit homoscedasticity which means
the variances in our data should remain similar,
constant, and elliptical [90] & [111]. We can test this
assumption by using a partial regression plot or by
making a scatter plot of regression standardized residual
against regression standardized predicted value.

vi. There should be no multi-collinearity among
independent variables. Multicollinearity is a statistical
concept which occurs when two or more independent
variables are highly correlated. Multicollinearity
influence variance and cause type Il error. There are
several methods of testing multicollinearity among
them are tolerance and variance of inflation factor —
VIF [111].

vii. There should be no significant outliers to protect the
residual and make the prediction outcome valid. We
can test this assumption by using case-wise
diagnostics.

viii. The residuals (errors) of the regression line should
be approximately normally distributed. We can
test this assumption by using a Histogram with a
superimposed normal curve and the normal P-P plot.

To test assumptions number 1 and 2 can be determined by
mere inspection of the raw dataset while assumptions
number 3 up to 8 are performed simultaneously with the
regression analysis.

The equation represents the relationship between project
collaboration-related factors and other constraining factors
impacting DBB project delivery, whereby the change in the
dependent variable (project collaboration-related factors) is
influenced by the shift independent variable (other constraining
factors impacting DBB project delivery). In the equation above,
"Y" is the dependent variable, which is project collaboration-
related factors. "f," represents population intercept; it is
the term of construction project performance when all other
factors in the equation are kept constant. "B; — By," are
the slope parameters; they determine the strength of influence
of each constraining factor on the dependent variable
(project collaboration related factors)."X1-X10" are the
terms representing independent variables (explanatory/
control variables). Finally, "&" expresses model error terms
because changes in the independent variables cannot fully
explain changes in the dependent variables. As a result,
the disturbance reflects any other factors that affect the
dependent variable but are not accounted for in this model.

2.5. Model Validation

Model validation is the process of evaluating the
performance of a trained model to ensure it works well on
new or unseen data [23]. It confirms that the model achieves
its intended purpose and is typically conducted after
model training using a testing dataset, which may or may
not overlap with the training data. There are two main
approaches to model validation based on how the data is used
for testing.

2.5.1. In-Sample Validation

This approach uses data from the same dataset that was
used to develop the model. The dataset is divided into a
training set and a holdout set. The training set is used to train
the model, and the holdout set is used to test the model's
performance.

2.5.2. Out-of-Sample Validation

This approach uses entirely different data from the data
used for training the model. It provides a more reliable
prediction of the model's accuracy on new inputs, making it
a better measure of the model's performance in real-world
scenarios.

3. Methodology

3.1. Research Design, Approach

This study is a quantitative in nature; a questionnaire
survey was administered to 156 contractors, civil consulting
firms and project client in Dar es salaam part of Tanzania.
The region comprises of 5 districts. A total of 124 questionnaires
were returned and analyzed. This represented 79.49% response
rate against researches of [83] with 52% and [112] with
54%. The analysis, conducted with IBM SPSS Statistics for
Windows, Version 27.0, includes descriptive and inferential
statistics, starting with insights from a pilot study to ensure
the robustness of the instrument.

3.2. Population

The target population size studied for quantitative research
is known, as established from the Contractor's Registration
Board (2023) website by selecting civil contractors’ class
one "N" =75 and from the Engineers Registration Board
(2023) website by selecting civil consultant’s "N" =100
located in Dar es Salaam Region. The entities were selected
using [53] formula.

72pq.N
e2 (N-1)+Z2P.q @

Where N = size of population; n = size of sample; z =
standard variate at a given confidence level worked out from
table under normal curve (1.96 at 95%); e = margin/sampling
error or precision rate (5%); p = sample proportion (0.5) and
q = 1-p, the formula also used by studies like [60] & [66].
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3.3. Questionnaire Survey Administration

The data were collected through questionnaires survey.
The quantitative approach was preferred because results
are consistent and replicable when the study is repeated
under similar conditions, Surveys, experiments, and other
guantitative tools can collect large amounts of data in a
relatively short period [21] & [45]. The questionnaires were
distributed by hand as well as online using Google Forms
between January 2024 and June 2024. The questionnaire
comprised close-ended questions and was in 4 sections.
Section 1 comprised preliminaries information, section 2
demographic information, section 3 awareness and practice
of DBB, and section 4 constraining factors impacting DBB
project delivery, using a 5-point Likert scale were applied to
increase reliability and validity of research, increase response
rate and response quality along with reducing respondents’
frustration level ([61]. Where by 1 = No impact, 2 = Low
Impact, 3 = Moderate impact, 4 = High impact, and 5 = Very
high impact. Out of the 156 questionnaires dispersed, only
124 questionnaires were returned, and 124 were deemed
legitimate, representing a 75% response rate.

3.4. Data Analysis

Using the aid of IBM SPSS Statistics for Windows,
Version 27.0 and Microsoft Excel software, the quantitative
data acquired for this study were analysed using descriptive
statistics from which measures of central tendency, specifically
mean values and standard deviation and inferential statistics
from which measures reliability, validity, factor analysis,
pearson correlation, multiple linear regression analysis.

3.4.1. Model Development

Regression analysis is a statistical technique used to
develop models that examine relationships between multiple
variables, particularly focusing on the interaction between
dependent and independent variables in DBB project delivery.
Among various regression methods, multiple regression was
selected for this research as it effectively models the impact
of multiple independent variables on a dependent variable,
allowing for the assessment of overall model fit and the
contribution of each predictor to total variance. This study
conducted various regression analyses, including descriptive
statistics to summarize data distribution, a model summary to
evaluate regression fit, ANOVA to determine model significance,
and regression coefficients to estimate the influence of each
independent variable. A multiple regression equation (refer
equation 1 above) was formulated to model the relationship
between constraining factors affecting DBB project delivery,
with project collaboration-related factors as the dependent
variable and various independent variables influencing
its outcome. The model also incorporates an error term
to account for unexplained variations. By employing this
regression model, the study aims to quantify the impact of
different constraints on DBB project performance, enhancing
understanding and decision-making in construction project
management.

3.4.2. Model Validation

In this study, model validation employed a quantitative
approach using an out-of-sample validation method. This
approach ensures the accuracy of the model by using data
from a new sample of respondents who have not been involved
in the original model's development, thereby avoiding bias
and repetition. To assess the model's performance, the
out-of-sample validation method was preferred.

The study employed an out-of-sample validation strategy,
using a fresh dataset to validate the model. To ensure
the information obtained was free from bias and repetition,
50 respondents were selected from the 156 construction
professionals in the general sample using the train/test split
method of model validation (68%-32%). Split off 32% of
the data which was 50 respondents from the original data
respondents of 156. The remaining 106 respondents formed
the targeted validation population. According to [53] sample
formula below, 83 respondents were determined to be the
appropriate size for the model validation sample.

Z2P.q.N

n= e2.(N-1)+22P.q ®)
Validation Sample Size
(1.960)%(0.5).(1—0.5).(106) 4)

= (0.05)2.(106—1)+(1.960)2.(0.5).(1-0.5)
n=283

3.4.3. Reliability in Quantitative Research

Reliability refers to the consistency or stability of data.
Questionnaires were distributed to project professionals,
project managers, consultants (engineers and quantity
surveyors), and contractors. Cronbach's Alpha was used to
evaluate reliability. Alpha values (coefficients) range from
zero (0), indicating no internal consistency, to one (1). A
higher coefficient indicates a more reliable measurement
scale, with an alpha coefficient above 0.7 considered reliable
[54]. In this study, a score above 0.7 is generally considered
acceptable, but values between 0.90 and 0.95 are preferred.

4. Findings and Discussion

Table 2 provides a demographic overview of the study
participants, highlighting gender, experience, education,
profession, and firm type. The sample is predominantly
male, with 89 males (71.8%) and 35 females (28.2%),
reflecting the male-dominated nature of the construction
industry. Participants have varied experience levels, with
26.6% having 16-20 years, 23.4% having 11-15 years, and
25.0% having over 20 years, indicating a seasoned and
knowledgeable workforce. In terms of education, most
participants hold a Bachelor’s degree (63.7%), while 26.6%
have a Master’s degree, showcasing a well-educated sample
with a significant proportion of advanced qualifications.

The largest professional groups include Engineers (45.2%),
Quantity Surveyors (37.9%), and Project Managers (10.5%),
representing a diverse mix of roles essential to the construction
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sector. Participants are also nearly evenly distributed between
Contractor firms (46.0%) and Consultancy firms (44.4%),
with 9.7% from Client/Financier organizations, offering
a broad perspective on industry dynamics. As emphasized
by [12], these demographic attributes suggest that the
participants possess the necessary qualifications, experience,
and expertise to provide accurate and reliable insights for
the study.

Table 2. Background details of the participants

Demographic characteristics Frequency Percent
Gender
Male 89 71.8%
Female 35 28.2%
Experience
Less than 5 years 11 8.9%
5-10 years 20 16.1%
11-15 years 29 23.4%
16-20 years 33 26.6%
Over 20 years 31 25.0%
Education level
Advance Diploma 9 7.3%
Bachelor’s degree 79 63.7%
Master’s degree 33 26.6%
PhD degree 3 2.4%
Professions
Project manager 13 10.5%
Engineer 56 45.2%
Quantity surveyor 47 37.9%
Architect 2.4%
Procurement manager 1.6%
Others 2.4%
Firm
Consultancy 57 46.0%
Contractor 57 43.5%
Client/Financier 13 10.5%

4.1. Understanding and Implementation of
Design-Bid-Build (DBB) Project Delivery
in Tanzania's Construction Industry

The findings reveal that while a significant portion of
stakeholders (59.7%) are familiar with the Design-Bid-Build
(DBB) method, only 9.7% possess an in-depth understanding,
indicating a general awareness but limited expertise among
most industry professionals. DBB is widely used in the
construction sector, with 46.0% of stakeholders employing it
occasionally and 42.7% using it frequently. Only a small
fraction (2.4%) rarely uses DBB, and 3.2% never adopt it,
reaffirming its dominance as a preferred project delivery
method. In terms of direct experience, stakeholders exhibit
a range of involvement, with 26.6% having participated in
11-15 DBB projects, 16.9% in 15-20 projects, and 23.4% in
more than 20 projects. This distribution reflects a mix of
moderately and highly experienced professionals, suggesting

that while many stakeholders have practical exposure to
DBB, the depth of knowledge varies significantly.

Stakeholder satisfaction with DBB project performance
presents a mixed perspective. Only 3.2% of respondents are
very satisfied, while 38.7% express satisfaction, indicating
that a notable proportion finds DBB effective. However, a
significant portion (43.5%) remains neutral, possibly reflecting
uncertainty about the method’s efficiency or a lack of strong
positive or negative experiences. Additionally, 14.5% of
stakeholders report dissatisfaction, pointing to existing
challenges that need to be addressed. These findings highlight
the widespread use of DBB in Tanzania's construction
industry but also reveal gaps in stakeholder familiarity, varying
levels of experience, and a considerable proportion of neutral
or dissatisfied respondents. This suggests opportunities for
improvement in DBB processes, such as enhanced stakeholder
education, better project management strategies, and refinements
in implementation to optimize its effectiveness and overall
performance.

Table 3. Understanding and Implementation of Design-Bid-Build (DBB)
Project Delivery in Tanzania's Construction Industry

Frequency Percent
Familiar with the Design-Bid-Build
(DBB) project delivery method
Very Familiar 12 9.70%
Familiar 74 59.70%
Somewhat Familiar 37 29.80%
Not very Familiar 0.80%

Not Familiar at all 0 0%

Frequent utilization of the DBB
project delivery method

Always 7 5.60%
Frequently 53 42.70%
Occasionally 57 46.00%
Rarely 2.40%
Never 3.20%
DBB Project construction
involvement
Less than 5 21 16.90%
5t0 10 19 15.30%
15-20 33 26.60%
15-20 21 16.90%
Over 20 29 23.40%
Satisfaction of Performance of
the DBB project delivery method
Very Satisfied 4 3.20%
Satisfied 48 38.70%
Neutral 54 43.50%
Dissatisfied 18 14.50%
Very Dissatisfied 0 0%

4.2. Reliability Test

A Reliability test was performed using Cronbach's Alpha
test where values ranging from 0.7 and above are considered



30 Uswege Jacob Mwaipungu et al.:

Regression and Validation Modelling for

Predicting Constraining Factors in Design-Bid-Build Project Delivery

reliable [32] & [15]. The Cronbach's Alpha test for this study
ranged from 0.867 to 0.918 (i.e. above the recommended
threshold value of 0.7), indicating that the data obtained by
the research instrument was internally consistent.

Table 4. Reliability Analysis

Cronbach’s No. of Items
Variable Aloha (Observed Remark
P Variables)

Design documentation- 0.871 6 Reliable
related factors
Designer related factors 0.867 6 Reliable
Owner related factors 0.907 6 Reliable
Contractor related factors 0.869 6 Reliable
Project collaboration- 0.909 5 Reliable
related factors
Project external related 0.918 6 Reliable

factors

Sources: Researcher Field Data (2024)

4.3. Model Develop for Predicting the Constraining
Factors Impacting the DBB Project Delivery

Model Summary

Table 5, the Model Summary, presents the statistical
summary of the regression model used in the analysis. The
model aims to predict the relationship between the predictor
variables and the outcome variable. Here's what each
parameter in the Model Summary means:

R: The correlation coefficient (also known as the Pearson
correlation coefficient) measures the strength and direction
of the linear relationship between the predictor variables and
the outcome variable [104]. The correlation coefficient
(R=0.885) indicates a strong positive linear relationship
between the predictor variables and the outcome variable.

R Square (R3: It assesses the model's goodness of fit.
This value represents the proportion of the variance in the
outcome variable that is predictable from the predictor
variables [58]. In this model, R2is 0.783, shows that 78.3%
of the variation in the outcome variable is explained by the
predictor variables. The remaining 21.7% is attributable to
factors not included in the model. In bivariate linear
regressions, the R-square is calculated by squaring the
correlation coefficient (.885*.885=.783).

Adjusted R Square; This is a modified version of R2that
adjusts for the number of predictor variables in the model. It
penalizes the addition of unnecessary predictor variables that
do not significantly improve the model's explanatory power.
In this model, the Adjusted R Square is 0.774.

Std. Error of the Estimate; It indicates the accuracy of the
regression model in predicting the outcome variable. In this
model, the standard error of the estimate is 0.36600.

Durbin Watson Test; Linear regression analysis assumes
minimal or no autocorrelation in the data, which occurs when
residuals are not independent [89]. To check for autocorrelation,
the Durbin-Watson test was applied. A Durbin-Watson value

between 1.5 and 2.5 typically indicates no autocorrelation.
As shown in Table 5, the Durbin-Watson statistic was 2.231,
confirming the absence of autocorrelation in the data. This
outcome is consistent with the results reported by [91], which
showed that the predictor variables—government policies
(X1), procurement resources (X2), and levels of planning (X3)
—explain 60.3% of the variations in the dependent variable
(R2=0.603) and the Durbin-Watson statistic was 1.604.

Analysis of Variance (ANOVA)

Table 6 presents the results of ANOVA for the regression
model used in the analysis. ANOVA results are presented
here to tell us whether the model works or not by indicating
whether the predictors put together are significant or not
significant. ANOVA assesses the significance of the overall
regression model by comparing the variance explained by
the model (regression) to the variance not explained by the
model (residual) and the total variance. The F-ratio tests
whether the overall regression model is a good fit for the data.
The F-test will test the joint effects of all the variables
together. An F-ratio of 85.312 in this case which is greater
than 1 yields an efficient and acceptable model. A 95%
confidence interval which represents a 5% or 0.05 level of
significance was set for the analysis therefore, a signed value
of 0.001 in this case which is less than 0.05 is acceptable (p <
0.001). In a similar vein, [45] examined how leadership
strategies impact the performance of construction projects in
Dar-es-Salaam, Tanzania, and reached conclusions consistent
with these findings. This suggests that the regression model
effectively explains a significant amount of the variability in
the outcome variable. This means the predictors are significant
and the model works.

Coefficients for Regression Model.

The coefficients will test the unique effect of each
independent variable. Table 7 provides insights into the
strength of the relationship among various constraining
factors impacting Design-Bid-Build (DBB) project delivery.
The unstandardized coefficients (B) represent the change in
the outcome variable for a one-unit change in the predictor
variable, while the standardized coefficients (Beta) allow for
comparison of the relative importance of different predictors.
In any circumstance, tolerance should not be < 0.1 VIF should
not be >10. The collinearity statistics show a tolerance of
0.280 and a VIF (Variance Inflation Factor) of 3.574, indicating
that multicollinearity is not a concern.

Owners Related Factors (ORF) exhibit a more
substantial positive effect with an unstandardized coefficient
(B) is 0.340, indicating that for every one-unit increase in
owners-related factors, the outcome variable increases by
0.340 units. With a standardized coefficient (Beta) of 0.304,
the Beta value here tells us ORF has the highest contribution
to the model, and the relationship is statistically significant
(Sig. < 0.001). The collinearity statistics show a tolerance
of 0.258 and a VIF of 3.875, indicating no significant
multicollinearity issues.
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Table 5. Model summary

Model R R Square Adjusted R Square Std. Error of the Estimate Sig. F Change  Durbin-Watson
1 .885° 783 q74 .36600 <.001 2.231

a. Predictors: (Constant), PERF, DDRF, ORF, CRF, DRF

b. Dependent Variable: PCRF

Table 6. Analysis of Variance (ANOVA)

Sum of Squares df Mean Square F Sig.
Regression 57.141 5 11.428 85.312 <.001°
Residual 15.807 118 0.134
Total 72.948 123

a Dependent Variable: PCRF
b Predictors: (Constant), PERF, DDRF, ORF, CRF, DRF

Table 7. Coefficient for Regression Model

Unstandardized Coefficients  Standardized Coefficients t Sig. Collinearity Statistics
B Std. Error Beta Tolerance VIF
(Constant) -0.016 0.234 -.067 0.947

DDRF -0.023 0.099 -0.019 -231 0.818 0.280 3.574
DRF 0.200 0.111 0.179 1.808 0.073 0.188 5.309
ORF 0.340 0.094 0.304 3.603 <.001 0.258 3.875
CRF 0.215 0.098 0.208 2196 0.03 0.205 4.877
PERF 0.277 0.079 0.298 3.493 <.001 0.253 3.952
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a Dependent Variable: PCRF b Predictors: (Constant), PERF, DDRF, ORF, CRF, DRF

Contractors Related Factors (CRF) show a positive
effect, with an unstandardized coefficient (B) of 0.215. This
implies an increase in the outcome variable by 0.215 units
for every one-unit increase in CRF. The standardized
coefficient (Beta) is 0.208, the Beta value here tells us CRF
has a third contributor to the model. The relationship is
statistically significant (Sig. = 0.030). The collinearity
statistics show a tolerance of 0.205 and a VIF of 4.877,
indicating no significant multicollinearity issues.

Project External Related Factors (PERF) has a strong
positive effect on the outcome variable with a standardized
coefficient (Beta) of 0.298, the Beta value here tells us PERF
has a second contribution to the model and the relationship is
statistically significant ((Sig. < 0.001). For every one-unit
increase in the project external related factors (PERF), the
outcome variable increases by 0.277 units. The collinearity
statistics show a tolerance of 0.253 and a VIF of 3.952,
indicating no significant multicollinearity issues.

From Table 7, when examining the significance (sig.)
values, only three variables significantly contribute to the
prediction when other predictors are considered. These
variables, with p-values less than 0.05, are owner-related
factors, contractor-related factors, and project external-
related factors. However, all predictors must be included
to achieve this result, as the overall F value is calculated
with all the variables. Removing any predictor deemed
insignificant could affect the significance levels of the remaining
predictors.

The standardized coefficients (Beta) used to compare the
contribution of each predictor in the model indicate that the
owner-related factors have a greater contribution with the
standardized Beta value of 0.304, followed by the project
external related factor with the standardized Beta value of
0.298 and the last contractor related factors with the
standardized Beta value of 0.208, but all variables are highly
statistically significant with p-values less than 0.05.
Multiple Linear Regression Equation Model

Inputs to the model Y = Sy + 51 X1 + X2 + B3X3 + ¢
presented in Table 7 are 5, =-0.016, f; = 0.340, B, =
0.215 B3 = 0.277 as constant/intercept and coefficients
for owner-related factors, contractor-related factors, and
project external-related factors respectively. The regression
equation based on the inputs from Table 7 will be Y =
—0.016 + 0.340X1 + 0.215X2 + 0.277X3 + ¢.

Whereby: Y = Project collaborated related factors, X1 =
Owner related factors, X2 = Contractor related factors, X3 =
Project external related factors.

Now that we have our coefficients, let's use the regression
equation model Y =-—0.016 4+ 0.340X1 + 0.215X2 +
0.277X3 + ¢ to make predictions as required. We will
predict the impact of PCRF for the following cases:

1. ORF(X1) =15%, CRF(X2) =22% and PERF(X3) =20%

2. ORF(X1) =22%, CRF(X2) =18% and PERF(X3) =33%

To apply the regression model, we substitute the values for
ORF, CRF, and PERF into the equation. The results are
presented in the table below:
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Table 8. Model for predicting the constraining factors impact DBB project delivery

SIN ORF% CRF% PERF% MODEL (EQUATION) IMPACT OF PCRF %
1 15 22 20 PCRF=-0.016+0.340X15+0.215x22+0.277X20 15.354
2 22 18 33 PCRF=-0.016+0.340X22+0.215x18+0.277X33 20.475

Therefore, when ORF (X1) is 15%, CRF (X2) is 22%, and
PERF (X3) is 20%, the impact of PCRF is 15.35%. When
ORF (X1) is 22%, CRF (X2) is 18%, and PERF (X3) is 33%,
the impact of PCRF is 20.48%. This demonstrates how to
perform multiple linear regression analysis using SPSS and
predict the constraining factors impacting DBB.

These findings suggest that the regression model provides
a comprehensive and statistically sound representation of the
factors influencing the topic under investigation, effectively
capturing the underlying patterns and relationships within
the data.

4.4. Model Validation

Out of the 83 structured questionnaires that were administered
to seek opinions on the applicability, effectiveness, and
adaptability of the multiple regression model from experts/
practitioners, 54 were returned, resulting in a 65% response
rate. The influence of R? which affects model fitness, was
examined by comparing the validated model (Model 2) to the
original model (Model 1). The results are detailed in Tables 5
above and 9 below.

This comparison helps in understanding how well the
validated model performs relative to the original model and
provides insights into the model's accuracy and generalizability.
The R?value is a key metric in this comparison as it indicates
the proportion of variance in the dependent variable that is
predictable from the independent variables.

4.4.1. Validation Results

The results of the validation on the new dataset show
significant improvements in the model's predictive power.
Key metrics from the comparison between the original model
(Model 1) and the validated model (Model 2) are as follows:

i. R-squared value: Increased from 0.783 to 0.881. This
indicates that the five predictors in the model can now
explain 88.1% of the variance in Project collaboration
-related factors, up from 78.3%.

ii. Adjusted R-squared value: Increased from 0.774 to
0.869. This suggests that the inclusion of multiple
predictors has indeed improved the model's predictive
power.

iii. Standard error of the estimate: Decreased from
0.36600 to 0.3205. A lower standard error indicates
that the model's predictions are more precise and
closer to the actual values.

iv. Significance F Change (Sig. F Change): A value of
0.001 indicates that the predictors collectively contribute
significantly to predicting Project collaboration-related
factors.

v. Durbin-Watson value: The value of 1.975 falls
within the acceptable range of 1.5 to 2.5, suggesting
no significant autocorrelation in the residuals.

These results demonstrate that the validated model
(Model 2) has improved in terms of predictive accuracy
and reliability compared to the original model (Model 1).
The higher R-squared and adjusted R-squared values, along
with a lower standard error of the estimate and an acceptable
Durbin-Watson value, all indicate that the model is better at
explaining and predicting project outcomes based on the
given predictors. Similarly, [82] highlights that a key indicator
of a strong model is its ability to make accurate predictions.
The predictive power of multiple regression models can be
evaluated using R2and adjusted R2values, which quantify
the proportion of variance explained or the reduction in error
achieved by the model [82]. Upon rechecking the coefficients
and significance of the two models as shown in Table 10,
several key findings are evident:

Model One:

i. Predictors: Owners, contractors, and project external
related factors have statistically significant coefficients
at the 95% confidence level, with p-values less than
0.05.

ii. Intercept Coefficient: -0.016, indicating that when all
the independent variables are zero, the predicted value
of the dependent variable is close to zero.

Model Two:

i. Predictors: Designers and contractors-related factors
have statistically significant coefficients at the 95%
confidence level, with p-values less than 0.05.

ii. Intercept Coefficient: -0.129, similarly indicating that
when all the independent variables are zero, the predicted
value of the dependent variable is close to zero.

Common Predictor:

i. The contractor-related factors have statistically
significant coefficients at the 95% confidence level,
with p-values less than 0.05 in both models.

Overall, these validation results suggest several important
points:

i. Improvement in Predictive Power: The model has
improved in its predictive power as evidenced by the
higher R-squared and adjusted R-squared values.

ii. Significance of Predictors: Specific predictors (owners,
contractors, project external related in Model One;
designer and contractors related factors in Model
Two) are significant, highlighting their importance in
predicting project outcomes.
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Table 9. The Established Validation Model Summary

Model R R Square Adjusted R Square

Std. Error of the Estimate

Sig. F Change  Durbin-Watson

2 939" 881 .869

.3205 <.001 1.975

a. Predictors: (Constant), PERF, DDRF, ORF, CRF, DRF
b. Dependent Variable: PCRF

Table 10. The Coefficient for Regression Model of Original and Validation Model

Unstandardized Coefficients  Standardized Coefficients t Sig.  Collinearity Statistics
B Std. Error Beta Tolerance VIF
(Constant) -0.016 0.234 -.067 0947
DDRF -0.023 0.099 -0.019 -231 0.818 0.280 3.574
DRF 0.200 0.111 0.179 1.808 0.073 0.188 5.309
ORF 0.340 0.094 0.304 3.603 <.001 0.258 3.875
CRF 0.215 0.098 0.208 2196  0.03 0.205 4.877
PERF 0.277 0.079 0.298 3493 <.001 0.253 3.952
(Constant) -0.129 0.254 -507 0.615
DDRF 0.229 0.159 0.197 1441 0.156 0.132 7.578
DRF 0.310 0.144 0.297 2151 0.037 0.129 7.726
ORF 0.071 0.162 0.067 0.438 0.664 0.106 9.415
CRF 0.433 0.164 0.435 2.640 0.011 0.092 10.415
PERF -0.008 0.124 -0.009 -068  0.950 0.133 7.519

a Dependent Variable: PCRF

iii. Reliability: The consistency of the contractor-related
factors being significant in both models further
reinforces the reliability of the model in predicting the
project outcomes.

These findings confirm that the validated model is more
robust and reliable for predicting project outcomes, making
it a valuable tool for understanding and improving DBB
project delivery in the construction industry.

Model Strength and Fit: The model demonstrates
a strong fit and predictive power, with an R2 of 0.783,
explaining 78.3% of the variability in DBB project delivery.
This high R2value indicates that the selected predictor variables
significantly contribute to predicting project delivery outcomes.

Significance of Predictors: The ANOVA results indicate
that the model is statistically significant (p < 0.001),
validating that the predictor variables collectively explain a
substantial amount of the variation in DBB project delivery.

Impact of Specific Predictors:

Owner-Related Factors (ORF) have the highest impact
on DBB project delivery (Beta = 0.304, p < 0.001),
emphasizing the pivotal role that owner-related decisions
and actions play in the success of DBB projects.

Project External Related Factors (PERF) also show a
strong positive effect on project delivery (Beta = 0.298, p <
0.001), suggesting that external factors, like regulatory and
environmental conditions, significantly affect project timelines
and quality.

Contractor-Related Factors (CRF) are the third most
impactful predictor (Beta = 0.208, p = 0.030), underscoring
the role of contractors’ expertise, resources, and management in

successful project delivery.

Non-Significant Predictors: Design Documentation
Related Factors (DDRF) and Designer-Related Factors
(DRF) showed lower statistical significance, suggesting that
while they influence project delivery, their impact may be
more situational or minor compared to other factors.

Regression Model:

The regression equation Y=-0.016+0.340XORF+0.215
XCRF+0.277XPERF+¢. represents the predictive model,
emphasizing the significant positive contributions of owner,
contractor, and external factors to DBB project delivery.

5. Conclusions and Recommendations

5.1. Conclusions

This study developed a predictive model to analyze
the constraining factors affecting Design-Bid-Build (DBB)
project delivery in the Tanzanian construction industry. Through
an extensive survey of experienced construction professionals,
the research confirmed that various constraining factors
including owner, project external, contractor, designer,
design documentation, project collaboration related factors
significantly impact DBB project success. The multiple
linear regression model developed provides a reliable tool
for predicting these constraints’ effects, allowing for systematic
evaluation of their relationships with project performance.
By quantifying the strength and significance of these factors,
the model enables stakeholders to anticipate risks (Refer
Table 8) and implement proactive mitigation strategies.
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The findings suggest that these constraints are interrelated,
requiring an integrated approach to project planning and
execution rather than addressing individual factors in isolation.
The study contributes both theoretical and practical knowledge,
offering a data-driven approach to understanding DBB
project constraints. It highlights the importance of strategic
interventions, policy adjustments, and improved project
management practices to enhance project delivery. Additionally,
the predictive model serves as a valuable reference for
future research and applications beyond Tanzania, supporting
improved DBB project performance on a broader scale.

5.2. Recommendations

Enhanced Owner Involvement: Active owner participation
in project planning and decision-making is crucial for the
successful delivery of DBB projects. Owners play a key role
in setting project objectives, ensuring that budgets are
adequate, timelines are realistic, and communication is clear
among all stakeholders. Predictive models can provide valuable
insights into how owner involvement impacts project outcomes,
demonstrating that proactive decision-making by owners
leads to better cost control, fewer delays, and improved
quality. For instance, if data analysis reveals that insufficient
budget allocation frequently results in project delays due
to underfunding of critical activities, owners can take
corrective action by securing adequate financial resources
before project commencement.

Improvement in Design Documentation and Coordination:
While design documentation-related factors may have a
comparatively lower impact on DBB project performance
than other constraints, enhancing design accuracy and
improving coordination between designers and contractors
can significantly reduce rework, minimize delays, and
improve overall project efficiency. Predictive models analyzing
DBB projects often reveal that inconsistencies in design
documentation, incomplete drawings, and lack of coordination
between stakeholders contribute to costly modifications
during construction. By addressing these issues early in the
project lifecycle, unnecessary revisions and construction
errors can be mitigated.

5.3. Implication of Model in Construction Industry

The developed multiple regression model, which includes
predictors such as Design documentation related factors,
designer related factors, owner related factors, contractor
related factors and project external related factors, can have
important implications for the construction industry.

Improved Planning and Scheduling: Predictive models
play a vital role in enhancing planning and scheduling by
forecasting potential delays and disruptions, enabling project
managers to take proactive measures. By analysing historical
data from past projects, these models can identify key factors
that contribute to schedule overruns, such as contractor
inefficiencies, material shortages, design changes, and adverse
weather conditions. A multiple regression model can quantify
the impact of each factor on project timelines, allowing

stakeholders to prioritize risks and implement targeted
mitigation strategies. For example, if the model predicts that
late procurement of critical materials is a recurring cause of
project delays, managers can adjust procurement schedules,
negotiate early supplier agreements, or maintain buffer stock
for essential materials.

Quiality Control: Predictive models play a crucial role in
identifying potential quality issues in design and construction
practices, ensuring compliance with industry standards and
regulations. By analysing historical project data, these models
can detect patterns that lead to defects, structural failures, or
deviations from expected performance. For example, a multiple
regression model can assess the relationship between
material quality, contractor experience, and project defects,
helping stakeholders identify the most critical factors affecting
construction quality. If the model indicates that poor design
documentation is a major contributor to structural issues,
policymakers and project managers can implement stricter
design review protocols and enforce higher documentation
standards before construction begins.

5.4. Implications of Multiple Regression Models for
Policy Direction in the Construction Industry

Multiple regression models, which predict outcomes based
on several independent variables, can offer valuable insights
and guide policy direction in the construction industry.
These models can analyse the impact of various factors on
project delivery outcomes, such as cost, time, and quality.

Evidence-Based Policy Making: Multiple regression
models provide a data-driven approach to understanding
the relationships between various factors affecting DBB
construction project outcomes, including cost, time, and
quality. By analysing historical project data, these models
quantify the impact of independent variables such as contractor
performance, design quality, stakeholder collaboration, and
external market conditions on project success. This quantitative
evidence enables policymakers to make informed decisions,
ensuring that policies are based on objective analysis rather
than assumptions. For instance, if a regression model indicates
that poor design documentation significantly contributes to
cost overruns and delays, policymakers can implement stricter
design review processes and enforce higher documentation
standards. Similarly, if findings show that contractor experience
strongly influences project performance, procurement policies
can be adjusted to prioritize well-qualified contractors.

Economic Impact: The development of predictive models
in construction can significantly influence economic policy
by providing data-driven insights into the benefits of using
locally manufactured materials. These models can analyse
how the selection of construction materials such as steel
reinforcement, cement, PVC, and steel pipes produced by
local industries affects project costs, quality, and timelines.
By demonstrating the economic advantages of sourcing
materials locally, such as reduced transportation costs, shorter
supply chain disruptions, and job creation, policymakers can
justify the implementation of regulations that prioritize local
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procurement. For instance, if a regression model shows that
projects using locally produced materials experience fewer
delays and cost overruns compared to those relying on
imported alternatives, government agencies can introduce
incentives like tax reductions or subsidies for contractors
who source locally.

In conclusion, the developed model effectively predicts
the main constraining factors impacting DBB project delivery,
providing valuable insights for improving project outcomes
through targeted interventions on key factors like owner
involvement, external risk management, and contractor selection.
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