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The strategic role of

the enterprise portfolio
managemento cein
enabling the alignment
and prioritisation of
projects and programmes
for organisational
strategy execution

H Matlala, H Nel, JHC Pretorius

Organisations continue to face challenges in aligning and prioritising projects and programmes
with strategic execution, and research shows that there is a need for organisations to develop

a process that could assist them in achieving this. Using a survey study and literature, this

study developed a conceptual model illustrating an ideal framework for aligning projects and
programmes with organisational strategy execution. The model also proposes the optimal
positioning of the enterprise portfolio management office (EPMO) within the organisational
value chain to facilitate effective strategy execution and benefit management.

Keywords: project management, strategic management, organisational change, enterprise
portfolio management o ce (EPMO), bene ts realisation management (BRM)

INTRODUCTION
Organisations implement projects to effect
changes that add value, making projects
essential for organisations’ growth and sus-
tainability. Both projects and programmes
play an essential role in realising organisa-
tional goals or strategies. If well-managed,
they can transform an organisation’s per-
formance, create market advantages, and
enhance competitiveness and growth.
However, in many organisations there
is a noticeable disconnect between a
strategy’s vision and its implementation
(Ackermann & Eden 2011; Ansari et al
2013; Aziz & Curlee 2017). As a result,
organisations often end up wasting
resources or not prioritising investments to
deliver much-needed value to the business.
A study conducted for the UK’s govern-
ment projects has revealed about US$4
billion in wasted efforts because of failed
initiatives (Reynolds & Lewis 2017). Despite

so much wastage, many organisations still
have not developed structures that could
assist them in ensuring that their efforts
align with their visions.

Although some research suggests that
organisations with the most substantial
focus on projects and programme pri-
oritisation outperform their counterparts,
Nieto-Rodriguez (2021) indicates that more
organisations are struggling to close the gap
between strategy formulation and imple-
mentation, even though they are utilising
project management processes in delivering
their projects. Organisations nowadays need
to ensure that they prioritise the implemen-
tation of their formulated strategies so that
they can stay competitive in global markets.

The absence of or inadequacy of leader-
ship in strategic management has led to
strategy failures in organisations. Literature
shows that strategic leadership in projects
is vital for delivering organisational goals
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Figure 1 Strategic management process (after Wheelan et al 2018)

and, often, the role of strategic leader-
ship is overlooked in many organisations.
Questions such as, ‘Who approves projects
for execution in organisations?’ and ‘How
strategically is that person or people
aligned to the vision of the organisation?’
are still ambiguously answered.

While many scholars have researched
the involvement of an EPMO in organisa-
tional strategy implementation (Aubry et
al 2007; Aziz & Curlee 2017; Duggal 2018;
Hyvari 2016), research has been inadequate
in determining the optimal positioning
of the EPMO within an organisation’s
management value chain. Aziz and Curlee
(2017) suggest that the EPMO should ide-
ally report directly to the highest level of
management within its remit and assist in
bridging the gap between the organisation’s

high-level strategic vision and its execution.

This has, however, not been practised in
many organisations, and leadership often
does not have clear, set responsibilities and
goals for such an office (Ansari et al 2013;
Nel & Maphanga 2020).

Using literature and empirical evidence
from survey data, this study proposes a
conceptual model to align projects and
programmes with organisational strategy
execution through project portfolio man-
agement (PPM) while also identifying the
optimal positioning of the EPMO within
the organisational value management
framework.

STRATEGIC MANAGEMENT
PROCESS

Strategy is developed, implemented and
evaluated through a strategic management
process. This process involves leveraging
human capital to manage the development,
implementation, and control of organi-
sational strategy. As Parnell (2014) notes,
strategic management extends beyond
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the concept of strategy itself — it requires
organisational leaders to analyse the busi-
ness environment before formulating a
strategy, and to develop action plans for
its implementation and ongoing control.
These strategic management concepts and
techniques have been successfully adopted
by organisations worldwide.

While many scholars agree on the
primary purpose of strategic management
(Acur & Englyst 2006; Nag et al 2007,
Porter 1996), which is mainly to guide
the organisation in achieving superior
performance, such a process should be a
managerial decision that is followed by an
action process to help derive and sustain
the long- and short-term performance of an
organisation. Clegg et al (2017) argue that
developing a sustainable and competitive
advantage within an organisation’s operat-
ing environment is beneficial for navigating
unforeseen challenges and is vital for
organisational wellbeing.

At times referred to as business policy,
strategic management should begin with
environmental scanning (internal and
external to the organisation) and prog-
ress to strategy formulation, strategy
implementation, evaluation, and control
(Jasper & Crossan 2012; Wheelen et al
2018). According to Wheelen et al (2018),
strategic management emphasises the
organisation’s short- and long-term perfor-
mance plans, and organisations that engage
in strategic management generally stand a
better chance of outperforming those that
do not. A survey conducted in 50 corpora-
tions, located in various countries and
industries, established that the three most
highly rated benefits of strategic manage-
ment are i) provision of strategic vision
for the organisation, ii) promotion of work
and resources prioritisation, and iii) clearly
understanding the unprecedented market
environment (Wheelen et al 2018).

Volume 67 Number2 June 2025

As depicted in Figure 1, the strategic
management process can be summarised
in four steps, starting with i) the analysis
of the current situation, then ii) developing
appropriate strategies, iii) implementing
strategies, and finally iv) measuring and
controlling strategies through the evalu-
ation and modification of plans (Parnell,
2014; Wheelen et al 2018).

Situational/environment scanning
This refers to monitoring, evaluating, and
disseminating information from within

or outside the organisation. Parnell (2014)
suggests that environmental analysis is
critical in analysing the organisation’s
strengths and weaknesses. The environ-
mental analysis also assists in considering
the context of managerial ethics and
corporate social responsibilities (Parnell
2014). This phase also identifies strategic
factors from the external and internal envi-
ronment that will assist in the analysis of
strategic decisions within the organisation
(Wheelen et al 2018).

Strategy formulation

This stage involves the processes of inves-
tigation, analysis, and decision making to
help the organisation gain a competitive
advantage. In this phase, organisational
leaders identify and define competitive
advantages and weaknesses that impact
growth. This is the phase where the cor-
porate mission is crafted while specifying
achievable objectives and setting strategic
guidelines (Wheelen et al 2018).

Strategy implementation

This is the phase in which the formulated
strategies and policies are executed by
developing projects, programmes, budgets,
and implementation procedures to ensure
that plans are realised. Wheelen et al (2018)
highlight that strategy implementation is

Journal of the South African Institution of Civil Engineering



often undertaken by middle and lower-level
managers and reviewed by the top manage-
ment of the organisation.

Strategy evaluation and control
Deriving and implementing strategy alone
is insufficient without effective measure-
ment and control. Strategy evaluation

and control is where corporate activities
and performance results are monitored to
compare actual performance with desired
performance, while activating action plans
to align any discrepancies between the two
(Wheelen et al 2018). During this phase, the
organisation’s leadership uses the informa-
tion gained from strategy implementation
to derive and implement corrective actions
to resolve any problems. Although this is
the final phase in strategic management,
Wheelen et al (2018) suggest that this phase
can also highlight weaknesses in previously
implemented strategic plans that might need
attention, thus stimulating the entire strate-
gic management process to begin again.

PROJECT MANAGEMENT
Project management is still often perceived
merely as a scheduling tool for completing
project tasks. Kerzner (2017) highlights that
some high-level executive managers still
overlook the other project management
functions. While project management
has some functional similarities with
traditional management, its fundamental
ideology is rooted in the necessity of man-
agement, which includes planning, organis-
ing, leading, and controlling to meet the set
objective(s). However, Frame (2016) thinks
that the concept of project management
is very much linked to general manage-
ment, which deals with the coordination
of resources and people to effect change.
In essence, project management deals with
managing projects, which are temporary
and unique by nature, while general man-
agement deals with managing operational
work, which is repetitive and ongoing.
Although differentiating project man-
agement from general management could
prove difficult, Kerzner (2017) and Pinto
(2019) suggest a common view among
researchers that project management is
simply an evolving phenomenon with
non-definable and unclear characteristics.
Lock (2014) expands the purpose of project
management to that of planning, organis-
ing, and controlling all activities so that
the project is completed as successfully as
possible despite challenges and risks.

Project management model

- >

<
o

Inputs —»{ Project ]—> Outputs
- >
Scope
P p
Needs Outputs
—
Initiation [ Planning \-» Approval | Delivery - Closure v
P —
Resources / Outcomes
People Impact
Money Benefit
Time ualit
A -

Figure 2 Project management model (after Bell 2015)

A project management process is
depicted in Figure 2. This process includes
five key elements — scope, project, inputs,
outputs, and risks — which Bell (2015) sug-
gests help manage the overall project risk.
Although similar to the traditional and
integrative ways of managing project risk,
which centre around the theme of balancing
the iron triangle of time, cost, and output,
Bell (2015) suggests that each phase of the
project management process, as depicted
in Figure 2, must identify risks and manage
them such that the outcomes of the project
possess impact, benefit, and quality.

There has been increased interest in the
application of project management pro-
cesses to manage organisational resources.
Steyn et al (2009) mention that the applica-
tion of project management processes
has become the fastest-growing form of
managing resources globally. Utilising the
project management approach for organ-
ised activities has catapulted its use to the
management of strategic business activities
that deliver long-, medium-, and short-term
objectives. Steyn et al (2009) highlight the
following factors contributing to the rapid
growth and importance of project manage-
ment science:

Journal of the South African Institution of Civil Engineering  Volume 67 Number 2 June 2025

Q Globalisation forces: Companies are
forced to be as efficient as their coun-
terparts across the world, and this leads
to projects being executed to transform
businesses for competitiveness.

Q Product development: Unlike years
ago, when products were made to last,
modern products like computers and
cell phones have short life cycles. This
forces the development of new products
at an increasing pace, which can be
achieved through project management.

Q Clientele complexity: Clients are
becoming more demanding, and
because of fierce competition, this
gives them the power to demand more.
Sound project management ensures cli-
ent satisfaction.

ALIGNMENT OF PROJECTS TO
ORGANISATIONAL STRATEGY
IMPLEMENTATION

Aligning organisational strategic goals and
the activities of project management is
often challenging. Ansari et al (2013) argue
that such a challenge could lead to losing
market opportunities and wasting time,
money, and other resources. Scholars have
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extensively researched the value of project

management in strategy implementation

(Ansari et al 2013; Eskerod et al 2017,

Zerjav, 2021), which is fundamentally about

delivering stakeholder value in the business

through the application of project manage-
ment best practices.

While strategy is about organisation
leaders setting priorities and allocating
resources to implement planned strategies
(Besanko et al 2013; Porter 1996), Ansari
et al (2013) think that it is crucial for
strategy to guide the direction of project
management. Since projects exist to support
organisational strategies, senior executives
in organisations must be able to plan and
prioritise strategic initiatives to deliver value
for the business. Often, project managers
are excluded from planning and prioritising
projects for implementation (Larson & Gray
2013), resulting in many challenges, particu-
larly concerning the functions of aligning
planned work with the actions taking place
on the ground or shop floor. In answering
the question of why project managers need
to understand strategy, Larson and Gray
(2013) provide two main reasons, namely:

Q Project managers need to make appro-
priate decisions and adjustments based
on business or operational strategic
decisions.

Q Project managers must understand
their organisation’s strategy in order
to effectively advocate for projects and
demonstrate to senior management
how projects on the portfolio list align
with the organisation’s mission. It is
also vital for project managers to be
able to explain the objectives, priorities,
and criticality of the projects on their
portfolio list.

Failure to align and prioritise projects and

programmes to an organisation’s strategic

plan could result in fruitless expenditure
or the misuse of scarce organisational
resources meant to drive organisational

goals (Artto et al 2008). Fraser (2017)

attributes the misalignment between pro-

jects, programmes, and strategic plans to
organisations’ difficulty in measuring the
benefits derived from their investments.

Similarly, Cabanis-Brewin and Pennypacker

(2006) note that many projects, despite

being successfully completed and meet-

ing the traditional project management
constraints of time, budget, and scope, are
deemed failures because they ultimately
fail to address the organisation’s core chal-
lenges or meet its business needs. Cabanis-
Brewin and Pennypacker (2006) suggest
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that organisations that tie their strategic
planning to portfolio selection and project
execution could avoid this mishap and
implement their strategy successfully.

The alignment of project management
and strategy implementation will help busi-
nesses to focus on planning the delivery of
projects that create value for stakeholders.
In ensuring an effective alignment, Aziz and
Curlee (2017) suggest forming a structured
process that links a strategy and its imple-
mentation through PPM. PPM integrates
projects with other business operations and
thus ensures that organisational strategies
and resources are harmonised with business
governance through the EPMO structure.
According to Aziz and Curlee (2017), PPM
coordinates the collection of strategic pro-
cesses and decisions that enable the organi-
sation to effectively balance the changes in
the business and avoid the concept usually
referred to as “business as usual”.

While others view PPM as just another
technique of project management, Levine
(2005) suggests that it goes above and
beyond project management and extends
from the vision of organisational strategy
through project management, to the reali-
sation of benefits created by implemented
projects and the organisation’s successful
competitive positioning.

Projects should be selected and priori-
tised to deliver an organisational strategic
plan. To achieve that, many organisations
formulate a structured process that ensures
cohesion between their strategic plan and
the work that must be done to realise it.
Such a process has proved to be effective
through the PPM framework (Aziz &
Curlee 2017; Cooper et al 2002; Mikkelsen
& Marnewick 2020).

VALUE OF EPMO IN THE
MANAGEMENT VALUE CHAIN
The chasm between the high-level strategic
vision of an organisation and its implemen-
tation can be bridged through the services
of the EPMO (Aubry et al 2007; Bredillet
et al 2018; Unger et al 2012). Although the
functions of this office are ambiguously
defined at times, Axelos (2013) suggests
that the core of what an EPMO should
provide is a decision enabling and business
support structure that deals with all the
business changes within an organisation.
The EPMO structure should support
and guide decision making related to
the definition and delivery of the project
portfolio (Bredillet et al 2018). This is often
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accomplished by collecting and analysing

essential data that informs decision making

and asking questions that will ensure that
the right things are achievable and com-
pleted, and if not, ensure that the necessary
steps are taken to accelerate the decision-
making cycle (Axelos 2013). The function
of the EPMO includes evaluating and
controlling project work to ensure that it
merges with organisational strategic objec-
tives by collecting and integrating data and
information from strategic projects. The

EPMO structure links the organisation’s

portfolios, programmes, projects, and cor-

porate measurement systems (Aziz 2014).
Also referred to as a corporate project

management office, there is a common

view among researchers that an organisa-
tion’s EPMO must ideally report directly
to the main board of directors or the
highest layer of management within its
remit, typically a divisional director (APM

2019; Unger et al 2012). Such an office or

structure must advise senior management

on the composition of the project portfolio,
their strategic objective, their progress
against plans, and decisions on any con-
flicting priorities, risks, and issues (Aziz

2014; Nieto-Rodriguez 2021).

Aziz (2014) highlights the following
three problems concerning how projects
are being sanctioned within organisations:
Q The goals that senior executive(s)

or managers set are not measurably

aligned with projects.

Q Project portfolios and implemented
projects are not formally tracked to
determine whether they are meeting or
have met their strategic goals.

Q Organisations plan and implement
many projects that were never approved
by a senior executive.

Dinsmore and Cabanis-Brewin (2011) sug-

gest that such problems could be overcome

by establishing an EPMO for proper gov-
ernance processes.

RESEARCH APPROACH

The study adopted a mixed method
approach for research data collection. Both
qualitative and quantitative data was col-
lected through a survey study to develop
a theoretical model and make the study
inference. In determining the amount of
sampling needed for qualitative research,
Creswell (2014) and Kumar (2014) sug-
gest that conducting random sampling
or selecting many participants and sites
is unnecessary, as is typically found in
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quantitative research. The most important

aspect of a quantitative sample is to ensure

that it is unbiased and has easy access to
potentially knowledgeable respondents

(Kumar 2014; Taherdoost 2016).

The research aimed to collect data
from a sample of business executives to
investigate the processes undertaken to
implement organisational strategies. In this
case, seven senior organisational leaders
or managers (C-suite executives) were
sampled for qualitative data collection. The
participants were asked structured and
open-ended questions meant to illicit their
views and opinions on the subject matter.
The questionnaires were also meant to test
variability between literature and C-suite
experience on the strategic delivery of goals
in organisations. Such questions included:
Q How important is strategic management

within your organisation?

Q Who is involved in the execution of
strategies in the organisation?

Q How does your organisation measure
strategy execution?

Q Were the projects implemented over the
last ten years aligned with the organisa-
tional strategy?

Q What types of challenges does your
organisation face during the implemen-
tation of its strategies?

These open-ended interviews provided an

overview and offered an opportunity for

further questioning for clarification. They
also provided an opportunity to engage

in a dialogue where the researcher and

interviewees mutually agreed on the mean-

ing of the questions and answers provided.

Another reason an open-ended interview

was chosen is its effectiveness in getting a

grip on the interviewee’s experience on the

subject matter (Silverman 2017).
Quantitative data was also collected

from subject matter experts through a

survey study. In this case, the survey study

attracted 54 participants, mainly based

in South Africa and involved in project-

related work. Pesdmaa et al (2021) suggest

that, while the size of observation is critical
in many instances, a large sample does

not overcome a poor research design or

a questionable theoretical model. In this

case, a general rule was to consider the

population sample that represents the pro-
posed research questions, and ultimately,
the most knowledgeable subject matter
experts were sampled so that accurate
inference could be drawn. Although most
of the quantitative data was collected from
subject matter experts within the borders

of South Africa, some of the organisations

that these experts practice at are multina-

tionals, providing a wider input in terms of
international knowledgebase.

The quantitatively collected data also
intended to answer the research questions
while at the same time establishing the
regularities and variabilities within the
subject matter. This was pursued by first
examining the factors contributing to the
ongoing failure to deliver projects and pro-
grammes aligned with organisational goals.
The study then focused on developing an
ideal model for aligning projects and pro-
grammes through PPM, incorporating the
role of value management and the strategic
oversight provided by an EPMO structure.
Quantitatively, the research intended
to investigate and answer the following
research questions:

Q Do organisations use projects and/
or project management tools and
techniques in delivering organisational
strategy?

Q Who is leading the process of project
delivery in the organisation, and how
are they strategically aligned to the
vision of the organisation?

Q Do organisations make use of the ser-
vices of the EPMO?

An inductive research approach was

followed to develop a new theoretical

proposition which aims to contribute to the
knowledgebase, and the data collected for
the study was analysed to develop a theory.

Qualitative survey results

The qualitative survey attracted seven

organisation executives, mainly from organ-

isations that have existed for more than 20

years. Based on the interview answers pro-

vided, the following inferences were made:

Q Organisational strategy is essential for
every leader of the organisation. It is the
basis on which organisational goals are
established.

Q Organisational strategy is implemented
at various levels of the organisation and
by different people and departments.
Often, the business leader is fully
involved in all the phases of strategic
management. Interestingly, some lead-
ers think about delegating strategy
implementation to a particular person
and/or department who will manage the
implementation and report to them.

Q Many leaders quantify a strategy’s suc-
cess by measuring revenues received
through its implementation, even
though some leaders have designed
scorecards and dashboards.

Q Skilled human capacity is perceived to
be a significant challenge among leaders
in their strategy implementation. The
lack of individuals with best-fit knowl-
edge harms strategy implementation in
many organisations.

Quantitative data results
Quantitative data was collected through the
SurveyMonkey online platform. To validate

Less than 5 years
(4%)

More than 20 years
(9%)

15 to 20 years
(17%)

5to 10 years
(37%)

10 to 15 years
(33%)

Figure 3 Survey results for respondents’ experience in a project management-related field
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the research design, Pesdmaa et al (2021)
emphasise the importance of ensuring that
the source of quantitative data aligns with

the unit and level of analysis, as well as the
unit of observation. In this case, the unit of
analysis refers to the population that the study
is observing and analysing, while the level of
analysis refers to the location, size, or scale of
the research objective (Pesdmaa et al 2021).

Respondents’ background and
organisational maturity

Many survey respondents were found to be
experienced in project management-related
fields, as seen in Figure 3. Drawing accu-
rate inferences from the study required
data from a knowledgeable population or
from subject matter experts in order to
align with the research principle (Pesdmaa
et al 2021) of ensuring that the sample is
drawn from a population consistent with
the research question(s).

Furthermore, the number of years the
respondents’ organisations have been in
operation, as shown in Figure 4, reflects the
organisational maturity within the sampled
population. Ewing and Napoli (2005) sug-
gest that it is also essential to establish the
environment in which the respondents
reside to further determine the knowl-
edge base of the respondents. As mature
organisations are constantly investing in
knowledge management for their employ-
ees, which often promotes the sharing,
application, and creation of knowledge for
the advancement of the organisation (Pee
& Kankanhalli 2009), this could be related
to the knowledge base that the respondents
possess.

Use of project management processes
Survey data indicates that many organisa-
tions still do not use project management
processes to execute projects linked to
their organisational strategy, as seen in
Figure 5. On one hand, literature suggests
that, although many of the projects that
were implemented using project manage-
ment processes were still deemed unsuc-
cessful (Shenhar et al 2001; Eskerod et al
2017), the congruity among researchers is
that project management processes should
guide the implementation of strategic
initiatives, and this should be achieved by
linking organisation strategy with projects
to improve organisational performance
(Artto et al 2008; Isikli et al 2018, Mir &
Pinnington, 2014). A survey commissioned
by the Project Management Institute
(PMI), termed “PMI’s 8th Global Project

20

More than 50 years
(46%)

Less than 10 years
(13%)

10 to 20 years
(17%)

21 to 30 years

(11%)

31 to 40 years
(7%)

41 to 50 years
(6%)

Figure 4 Survey results on organisational maturity

I don’t know
(0%)

Small extent
(13%)

Very large extent
(23%)

Moderate extent
(26%)

Large extent
(38%)

Figure 5 Survey results for organisations’ use of project management processes for the execution

of projects

Management Survey,” confirmed a 32%
increase in the success rate of projects in
organisations that are continuously invest-
ing in project management training.

Project portfolio management (PPM)
Figure 6 shows that while many organisa-
tions have established processes such as

a project portfolio list, some have yet to

recognise the need for one. Every organi-
sation undertakes various initiatives to
achieve its goals. Although there is limited
consensus in the literature on the specific
components and drivers of project success, it
is widely acknowledged that success depends
largely on the ability to integrate strategic
plans with organisational efforts. In this
context, a project portfolio list is essential
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Figure 6 Survey results on the existence of a project portfolio list in the organisation

An executive
member in the
organisation
(40%)

A senior member
in the department
(6%)

A project manager
(8%)

A committee
(46%)

Figure 7 Survey results on persons responsible for approving projects for execution within

organisations

in ensuring that strategic plans are merged
with organisational efforts (Blichfeldt &
Eskerod 2008). The lifespan of a project
portfolio should extend well beyond the
individual project life cycle, encompassing
the identification of needs and opportuni-
ties, as well as the realisation of benefits
after project completion (Chih & Zwikael
2015; Zwikael et al 2018).

Project approval for implementation
It is encouraging to see that organisations
do approve their projects for execution

through a committee or an executive mem-

ber of the organisation, and data shown in
Figure 7 suggests that organisational lead-
ers are involved in the process of approving
projects for implementation. Leadership
involvement in strategic management

Journal of the South African Institution of Civil Engineering ~ Volume 67 Number2 June 2025

processes is crucial (Winston & Patterson
2006), and Aziz and Curlee (2017) suggest
that organisational change requires strong
leadership. To lead change, Aziz and Curlee
(2017) suggest that organisational leaders
must be prepared to deal with significant
and often overwhelming challenges
brought about by the choices they make.

EPMO'’s involvement in the
management value chain

of organisations

Survey data shown in Figure 8 indicates
that many organisations are not using the
services provided by an EPMO. Literature
suggests that the EPMO takes a leading
role in providing vital information needed
during business restructuring, and it also
brings projects into harmony with strate-
gies, resources, and the executive oversight
of the enterprise while at the same time
providing the structure and processes for
project portfolio governance (Axelos 2013;
Hobbs et al 2008; Monteiro et al 2016).

Benefit measurement

Many organisations do not have a dedicated
person or department responsible for meas-
uring the benefits created by implemented
projects, as seen in Figure 9. The services of
an EPMO can extend beyond the project life
cycle to the measurement of benefits cre-
ated through implemented projects (Chih &
Zwikael 2015; Mikkelsen & Marnewick 2020).

Project successes

Surveyed data confirms that many organ-
isations are not meeting their objectives
through implemented projects, as seen

in Figure 10. Data suggests that many
organisations have not developed a process
that could assist them in aligning and
prioritising projects and programmes to
implement their strategies. This noticeable
disconnect between a strategy’s vision and
its implementation is resulting in a loss

of value in implemented projects in many
organisations (Shenhar et al 2001; Acur &
Englyst 2006; Aziz & Curlee 2017).

CONCEPTUAL MODEL

A conceptual model is developed by merg-
ing the theoretical evidence provided in the
research with the researchers’ observations,
as depicted in Figure 11. The model seeks

to portray an ideal project alignment with
organisational strategy through the PPM
concept and the ideal location of the EPMO
within an organisation’s overall management
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value chain. In developing the model, the

researchers took cognisance of the expanded

role of the EPMO in benefits realisation man-
agement (BRM) and the critical role that the
business owner, project manager’s expertise,
and executive management involvement
could play in linking the strategy with
projects, through the BRM approach (Aubry
et al 2007; Bredillet et al 2018; Dupont &

Eskerod 2016; Nieto-Rodriguez 2021).

From literature and qualitative data, a
need arose for a structure that would link the
strategic mission of the organisation stem-
ming from executive authorities to the work
done on the floor. Executives in organisations
have raised a desire to have someone who
will manage project implementation and
report back to them. This link between the
implementation structure and the upper
echelon of the organisation could also be
used to measure benefits from implemented
projects through an organisational scorecard
to ensure seamless alignment of projects with
organisational strategy.

With that, the researchers suggest the
following in the conceptual model:

Q The introduction of a strategic planning,
research, and sustainability structure
within the organisation’s top manage-
ment structure to align strategy with the
PPM. The introduction and alignment of
a monitoring and evaluation framework
within the structure is also recommend-
ed. Reviewing actual performance and
progress against rolling organisational
plans is essential, and the monitoring and
evaluation framework could provide the
functions necessary to monitor and eval-
uate projects and programmes over their
life span (Markiewicz & Patrick 2016).
Strategic leadership involvement in all
phases of the strategic management pro-
cess is critical (Parnell 2014). Therefore,
the involvement of both the corporate
suite executive and organisational
board of directors in PPM is essential in
ensuring that projects in the portfolio
list are aligned and serve to advance the
execution of the organisation’s strategy
(Axelos 2013; Aziz 2014). Executives
and board members are involved in con-
tinuous reviews of strategies and project
portfolios to maximise shareholder value.
The conceptual framework of PPM is
designed to empower both executing
project managers and business leaders
by identifying, quantifying, and funding
projects that address the business strat-
egy. Therefore, the bilateral link between
the upper echelon structure and the
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Figure 8 Survey results on the use of an EPMO

Figure 9 Survey results on benefits management

execution structure of an organisation

is critical for managing and controlling
the organisation’s resources demand,
capacity, and capability to ensure that the
business achieves its objectives (Dupont
and Eskerod 2016).

Q The involvement of project managers in

all phases of the strategic management
process is paramount to a successful
strategy. Duggal (2018) and Grundy and

Volume 67 Number2 June 2025

Brown (2002) identify a key reason for
the misalignment between projects and
broader business strategy as top man-
agement’s reluctance to share strategic
initiatives out of concern for commercial
sensitivity, particularly regarding the
organisation’s future direction. This
political censoring of information
provided to project managers often
hinders their ability to see or understand
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75% and more
successful
(24%)

50 to 74%
successful
(34%)

25%
successful
(12%)

25 t0 49%
successful
(30%)

essential details of an organisation’s stra-
tegic direction (Grundy & Brown 2002).
The literature highlights the importance
of measurement as a feedback mechanism
for control, playing a critical role in opti-
mising strategy and ensuring the realisa-
tion of strategic intent (Chih and Zwikael
2015; Dupont and Eskerod 2016; Shavarini
et al 2013). Monitoring and evaluation of
projects, programmes, and other organ-
isational initiatives is increasingly vital for
assessing progress and outcomes at the
initiative level. Furthermore, monitoring

Figure 10 Survey results on the success of an implemented project in the previous 10 years

and evaluation supports effective manage-
ment and informed decision making,
enhancing accountability and guiding
organisational learning for continuous
programme improvement (Mikkelsen and
Marnewick 2020; Markiewicz and Patrick
2016).

CONCLUSION

Through a survey study, the research was
able to confirm the ongoing concerns from
the literature that organisations have not

developed a structured way of aligning their
projects and programmes with their strategy
execution. Although the selection and
approval of projects for execution is largely
done by executives or high-level structures
within the organisation, there is a clear pos-
sibility that projects approved for execution
are not taken from a project portfolio list
and that the organisational list of projects
for execution is not adequately managed by
the organisation’s upper echelon.

Many organisations see the involvement
of an EPMO in the strategic management
process as unnecessary, and often, this
department is given a lower level and very
limited function in the management value
chain. Although the literature suggests that
EPMOs should be at the apex of organ-
isational structures, managed by at least a
C-suite executive, and become a conduit
between high-level strategic planning and
execution, they need to be well structured
within the organisation.

Benefits management is the process of
ensuring that the value created by projects
is realised. As this process could assist
organisations in ensuring better alignment
of their implemented projects with their
business strategy execution, the involve-
ment of organisational leadership in such
a process will ensure alignment of benefits
to strategy.
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underline the necessity of accounting for
the presence of infill walls in the computa-
tion of the FP, particularly as the latter is
proportional to the lateral displacement
and inter-storey drift (Dorbani et al 2015).

In structural computations, many
databases were created to solve different
complex problems, and recently the most
common method to develop solutions for
specific problems has been the use of artifi-
cial intelligence and machine learning (ML)
algorithms. AlHamaydeh et al (2022) inves-
tigated the behaviour of fibre-reinforced
polymer RC deep beams without stirrups,
where 93 finite element models were pro-
duced to train the higher-order stepwise
regression. Markou and Bakas (2021) and
Spijkerman et al (2021) estimated the shear
capacity of RC slender beams without
stirrups where two large databases were
generated from nonlinear analyses through
Reconan FEA software (Reconan FEA
v2.00, User’s Manual 2020), consisting of
35 849 and 10 000 data points, respectively.
Chibaya et al (2023) used Reconan FEA
(Reconan FEA v2.00, User's Manual 2020)
to develop 300 models to extract a formula
from the ML algorithms that compute the
section’s rotation of horizontally curved
steel I-beams. Ababu et al (2022) created
a database of 1 890 points to develop an
equation for the deflection of horizontally
curved steel I1-beams, while Bakas et al
(2021) investigated the database developed
by Markou and Bakas (2021) to predict
the shear strength of slender beams using
different ML methods through high-
performance computers.

Gravett et al (2021) developed a
database containing 475 cases to estimate
the FP of bare RC buildings, consider-
ing the soil structure interaction (SSI)
phenomenon. The models were trained
using higher-order nonlinear regression,
and three equations were proposed. This
dataset was expanded by Taljaard et al
(2021) with the addition of 30 cases, and
by Carstens et al (2022) where 315 unique
points were included to get a database of
790 cases and three improved new expres-
sions were proposed. Regarding steel struc-
tures with consideration of SSI, Van der
Westhuizen et al (2022) proposed a dataset
with 1 152 data points. Calitz et al (2023)
utilised Reconan FEA (Reconan FEA v2.00,
User’'s Manual 2020) to create various
models, and by using the automated proce-
dure, 10 368 FP results were produced. Van
der Westhuizen et al (2023) constructed
the largest dataset in the international

literature, consisting of 98 308 models of

steel moment frame buildings including

the SSI effect. All the databases created by
various researchers exhibit an impressive
ability to solve different complex prob-

lems, demonstrating the capability of ML

approaches to give reliable results.

One of the most well-known datasets
for estimating the fundamental period
(FP) of infilled reinforced concrete (RC)
frame structures is the FP4026 Research
Database (Asteris 2016), widely utilised
by researchers applying various machine
learning (ML) techniques. Asteris and
Nikoo (2019) employed the artificial bee
colony optimisation algorithm to train an
artificial neural network (ANN), while
Somala et al (2021) explored bagging and
boosting approaches, two widely used
ensemble learning techniques. The key dif-
ference between these methods lies in their
data distribution — bagging introduces
random variations in the training set,
whereas boosting adaptively modifies the
training data based on the performance of
previously created classifiers (Kotsiantis &
Pintelas 2004).

Mirrashid and Naderpour (2022)
applied both ANN and a neuro-fuzzy
approach, the latter combining fuzzy
systems and ANN to leverage the strengths
of both models (Yousefi & Hamilton-
Wright 2014). Similarly, Latif et al (2022)
used ANN alongside extreme gradient
boosting (XGBoost), a boosting technique
that iteratively improves weak learners to
form a strong predictive model (Freund &
Schapire 1997).

Charalampakis et al (2020) developed
a formula for FP as a function of the
number of storeys, span length, percentage
of openings, and masonry wall stiffness.
Their approach combined ANN, the M5
model tree algorithm (a hybrid of decision
trees and linear regression) (Quinlan1992),
and nonlinear regression. Verma and
Sahoo (2022) applied a powerful ML
method capable of capturing higher-order
nonlinear relationships, known as the
group method of data handling (GMDH),
which is widely used in complex systems
(Naderpour et al 2020).

More recently Yahiaoui et al (2023)
estimated FP using three types of boosting
techniques:

Q Gradient Boosting Decision Trees
(GBDT) — a fundamental boosting
method that successively trains weak
learners to correct previous errors
(Friedman 2001).
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Q CatBoost — which differs from other
boosting techniques by incorporating
ordered boosting to prevent overfitting
(Prokhorenkova et al 2018).

Q LightGBM — an open-source ML library
developed by Microsoft, which employs
a leaf-wise node-splitting method
instead of level-wise splitting, leading to
faster convergence and improved model
performance (Ke et al 2017).

Additionally, Yahiaoui et al (2023) devel-

oped an FP equation using multivariate

adaptive regression splines (MARS), a

white-box ML method that automatically

detects nonlinear relationships and feature
interactions (Friedman 1991). While these
studies produced promising results, the
majority of them were conducted without
hyperparameter tuning, which could limit
optimisation. The most accurate equation
for FP estimation achieved a root mean
square error (RMSE) of approximately

0.065, which is acceptable but leaves room

for improvement. As demonstrated in this

research, further enhancements in model
accuracy can still be achieved.

This article aims to predict the FP of
infilled RC structures by the application

of three open-source ML approaches from

the work of Markou et al (2024). These ML

algorithms are the following:

Q XGBoost-HYT-CV

Q DANN-MPIH-HYT

Q RF-HYT

By employing the feature engineering

method, fifteen input features were gener-

ated instead of five (which were the initial
input data). Moreover, using three different
split ratios, the impact of the train-test split
ratio on the performance of the predicted
models was investigated. Feature impor-
tance was applied to get insight into the
models to determine which feature has the
primary effect on the FP through the use
of the Asteris (2016) dataset. Finally, an
equation was derived from the POLYREG-

HYT predictive formula that was found to

be the most accurate in the international

literature.

RESEARCH SIGNIFICANCE

Several researchers have used ML
techniques to predict the FP of infilled

RC structures (Asteris & Nikoo 2019;
Charalampakis et al 2020; Latif et al 2022;
Mirrashid & Naderpour 2022; Somala et
al 2021; Yahiaoui et al 2023), particularly
using the dataset presented by Asteris
(2016), where the majority of the models
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have shown good results. This paper aims
to propose new models that have a signifi-
cantly improved accuracy compared to
the existing models found currently in the
international literature. The comparison
between the newly proposed predictive
models and the existing models will be
made by comparing the different error
metrics reported in the literature. Hence,
three ML algorithms with hyperparameter
tuning proposed by Markou et al (2024)
were employed to estimate the FP of the
infilled RC buildings that form the data
set in Asteris (2016). Additionally, the
impact of the train-test split ratio on the
performance of the predicted model was
investigated using three different split
ratios: 90/10%, 80/20% and 70/30%, in

an attempt to derive the optimum train/
test ratio for the understudy dataset.
Furthermore, feature engineering is used
to generate fifteen input variables, and the
feature importance method is employed
to determine the effect on the accuracy of
derived predictive models, where the fea-
ture that had the most impact on the peri-
od of vibration was determined through
this numerical investigation. Furthermore,
the POLYREG-HYT (Markou et al 2024)
white-box ML method is used to derive

a formula for the natural period as a
function of the fifteen inputs which is
then compared to existing formulae. Its
accuracy and robustness are found to be
superior according to the numerical find-
ings presented in this manuscript.

It is also important to note here that the
dataset proposed by Asteris (2016) was used
(The FP4026 Research Database ...) on the
fundamental period of infilled RC frame
structures. This database contains 4 026
cases of infilled frame buildings modelled
according to Eurocode 2 (Code 2005a) and
Eurocode 8 (Code 2005b), and considers the
variability of five features, namely:

Q the number of storeys (N) varying from

1 to 22, with a constant storey height

of 3m

Q the number of spans (NS) taking three
values into account: 2, 4, and 6

Q the span length (LS) from3mto 7.5 m
with a step of 1.5

Q the percentage of openings (rho) with
five values from 0% to 100% with a
range of 25%

Q seven values for masonry wall stiffness
(St) that were also introduced in the
under-study dataset.

Therefore, the computational efficiency in

the development of the predictive models

through the use of this relatively large
dataset will be presented.

FEATURE ENGINEERING
The objective of feature engineering is to
create new features by modifying the exist-
ing ones using various transformations or
by creating other significant features, as dis-
cussed in Verdonck et al (2021) and Van der
Westhuizen et al (2022). Thus, to enhance
the developed solution for the needs of this
research work, the dataset is modified in
such a way as to have fifteen features — the
five initial inputs found in Asteris (2016)
and an addition of ten modified parameters.
To achieve this, each initial parameter
(feature) is modified in the following ways:
In(feature + 1), which will be referred to as
InFeature and , which will be

1 + feature
referred to as 1Feature. Table 1 illustrates
the first five rows of the produced data with
fifteen inputs that resulted after implement-
ing feature engineering. It is important to
note here that the proposed ML algorithms
(Markou et al 2024) are open-source and
can be found through the link provided by
Bakas et al (2023).

DEPLOYED MACHINE
LEARNING ALGORITHMS

The benefit of using the three advanced
ML algorithms proposed by Markou

et al (2024) is the accuracy, advanced

Table 1 The first five generated data points by feature engineering

St x 105

1 2 30 1 2.25
1 2 3.0 1 450
1 2 30 1 750
1 2 30 1 11.25
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0.693 1099 1.386 1179

0.693 1.099 1.386 0.693 1179

0.693 1099 1.386 0.693 1705

0.693 1099 1.386 0.693 2140

0.693 1099 1.386 0.693 2506

extendibility properties, and efficient

use of computation time in developing

predictive models. In order to further

illustrate the computational efficiency of
the adopted advanced ML algorithms, the

Optuna framework (Akiba et al 2019) was

also utilised. According to Yahiaoui et al

(2023), the use of lightGBM took place

for the hyperparameter tuning, where the

algorithm required twelve hours to tune

the hyperparameters. This time duration

is the maximum time allowed to close

the session on platforms such as Kaggle

(Kaggle n.d.), which is found to be very

time-consuming. On the other hand, when

using the XGBoost-HYT-CV ML algorithm
on the same dataset, the required time was
just a few minutes, and for the cases of

RF-HYT and DANN-MPIH-HYT a couple

of hours. This numerical finding shows the

computational efficiency of the proposed

ML algorithms (Markou et al 2024), which

will be demonstrated in the results section

of this manuscript. For further details

on the meaning of different ML-related

terminology, Appendix B is provided (see

page 36).

The following section briefly describes
the three advanced ML algorithms pro-
posed in Markou et al (2024), and which
were used for this research work:

Q Extreme gradient boosting with
hyperparameter tuning and cross-
validation (XGBoost-HYT-CV)
XGBoost is a gradient boosting algo-
rithm widely used among data scientists
due to its scalability and speed. This
algorithm also avoids a common prob-
lem in ML, namely overfitting, which
occurs in the case of a model performing
well in the training set but poorly in the
case of unseen data (Ying 2019). For this
reason, this algorithm includes a regu-
larised model (Chen & Guestrin 2016).

It is based on decision trees employed

to solve regression and classification

problems, and is available as an open-

source library (XGBoost Documentation

0.333 0.2 0.308
05 0.333 0.25 05 0.308
0.5 0333 0.25 0.5 0182
05 0.333 0.25 05 0118
0.5 0.333 0.25 05 0.082
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n.d.). XGBoost-HYT-CV is an extension
of XGBoost with hyperparameter tuning
using grid search and cross-validation to
improve accuracy and reduce required
computational time during training and
testing (Markou et al 2024).

Q Random forest with hyperparameter
tuning and cross-validation (RF-HYT)
The random forest (RF) is a type of
ensemble method that involves combin-
ing tree predictors so that each tree
relies on the value of a random vector
collected independently and with the
same distribution (Breiman 2001).
RF-HYT is an extension of RF with
hyperparameter tuning using grid
search (Markou et al 2024).

Q Deep neural network with hyperpa-
rameter tuning, MPI, and Horovod
(DANN-MPIH-HYT)

The deep neural network (DNN) is an
imitation of the human brain; it can

be applied with both supervised and
unsupervised learning methods. DNN
is ANN with multiple hidden layers of
connected units between the input and
output layers. Even with the large appli-
cations of DNN in various fields, it is
complex and computationally demand-
ing (Sarvepalli 2015). The proposed
method by Markou et al (2024) was
found to perform well for both small
and large datasets, but it is also the ML
algorithm that derives the highest com-
putational demand out of the three ML
algorithms described in this section.

It is also interesting to note at this stage that

tuning the hyperparameters in ML prob-

lems is crucial since it significantly modifies
the results in a way that increases accuracy
and reduces errors in the predictive models.

According to Yahiaoui et al (2023), the most

accurate results for predicting the FP of

infilled RC frame buildings were achieved
when the hyperparameter tuning was per-
formed using the Optuna framework (Akiba
et al 2019). The same numerical responses
were achieved when predicting the concrete
compressive strength without (Yahiaoui

et al 2014) and with high-volume ground-

granulated blast-furnace slag replacement

(Rathakrishnan et al 2022) using random

search to optimise the hyperparameters and

the Optuna framework (Akiba et al 2019).
Therefore, according to the experience

gained by Markou et al (2024), different

assumptions were made to optimise the

ML algorithmic performance during train-

ing and testing. The optimal hyperparam-

eters for XGBoost-HYT-CV were obtained

by setting the max_depth to 6 with a
learning rate (eta) of 0.09 and n_estimators
of 900. In addition to that, the colsample_
bytree and subsample of 0.95 and 0.6 were
selected, respectively. For the case of the
RF-HYT algorithm, the tuned hyperparam-
eters were set to 10 for the max_depth with
the n_estimators set to be equal to 90. The
min_samples split of 2 was adopted, and
the max features and min_samples_leaf

of 0.65 and 1 were chosen when executing
the RF-HYT algorithm. Finally, the archi-
tecture of DANN-MPIH-HYT consists of
two layers, where each layer consists of 100
neurons with a dropout rate equal to 0.01, a
learning rate of 0.001, and a momentum of
0.75. The number of epochs and batch sizes
were set to 100 and 453, respectively.

THE IMPACT OF TRAIN-

TEST SPLIT RATIOS

The process of train-test split ratios
consists of dividing the data into two
parts — the training sets used to train the
models and the test sets utilised to assess
the performance of the derived predictive
model from the training dataset (Naveen
Venkatesh et al 2022). This step is crucial
to ensure the optimum performance of
any ML-generated model (Anifowose et al
2017). The general approach in ML training
and testing is to divide the dataset into a
training dataset that contains 80% of the
total data points and the rest of the 20% of
the dataset is used to test the numerically
obtained model. Three different train-test
split ratios were used to evaluate the effects
on the accuracy and extendibility of the
proposed predictive models, while the
effects on the performance of the three
ML algorithms were also investigated. The

train-test split ratios that were studied
for the needs of this work were: 90/10%,
80/20% and 70/30%.

Table 2 shows the metrics of the
ML-generated models on the test sets for
the three train-test split ratios. It is easy to
see from Table 2 that the best performance
derived for a train-test split ratio is equal to
90/10% for all error metrics. In addition to
that, it can also be deduced that XGBoost-
HYT-CV manages to derive near-zero error
metrics, with mean absolute percentage
error (MAPE), modified mean absolute per-
centage error (MAMPE), MAE and RMSE
on the test data all being less than 0.01.

Figure 1 depicts the impact of the train-
test split ratio on the performance of three
ML models. The most relevant difference is
noticed in the case of DANN-MPIH-HYT,
where it is clear that the value of RMSE for
the train-test split ratios of 90/10% is nearly
4.5 times less than for the case of 80/20%
and 1.30 times less than for the case of
70/30%. This is attributed to the fact that
the data points are selected randomly dur-
ing the process of the train-test split ratios,
leading to different performance, whereas
the presence of outliers is more prominent
in the case of 80/30% than in the case of
90/10%, which is also shown in Figure 2. In
conclusion, choosing the optimum train-test
split ratio leads to a significant effect related
to the performance of the model. For the
understudy dataset, the best split is 90%
for training and 10% for testing, hence the
results presented hereafter will be based on
this split. The statistical properties of the
training and testing sets for the fifteen input
variables are presented in Table 3 for train-
test split ratios equal to 90/10%, resulting in
3 623 cases for training and 403 for testing
the ML-generated models.

Table 2 Performance of machine learning models on the test sets with different train-test split ratios

i R2 MAPE | MAMPE

Train-test

DANN-MPIH-HYT 99.979
90/10% XGBoost-HYT-CV 99.994
RF-HYT 99.948
DANN-MPIH-HYT 99.970
80/20% XGBoost-HYT-CV 99.991
RF-HYT 99.931
DANN-MPIH-HYT 99.966
70/30% XGBoost-HYT-CV 99.985
RE-HYT 99.923
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1.699 0.994 0.0107 0.0155
0.694 0.399 0.0043 0.0081
2.034 1.390 0.0149 0.0238
5.038 5142 0.0544 0.0693
0925 0514 0.0054 0.0103
2310 1577 0.0167 0.0280
1.836 1157 0.0123 0.0201
0994 0.563 0.0060 0.0132
2.338 1.596 0.0170 0.0296
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NUMERICAL RESULTS

Black-box ML methods
Black-box methods refer to ML algorithms
that do not generate an equation that can

Figure 1 Impact of train-test split ratio on the performance of three machine learning algorithms

be visually investigated by researchers
and engineers. These methods are the
DANN-MPIH-HYT, XGBoost-HYT-CV
and RF-HYT (Markou et al 2024), which
will be discussed in this section in terms
of numerical response. As mentioned
above, their performance will be evaluated

through the use of the R4 MAPE, MAMPE,

MAE and RMSE metrics.
It is important to state at this point
that several manuscripts have published
results for this dataset where different
ML methods were used to train and test
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Figure 2 Comparison between the predicted and the numerically obtained periods for the case of the DANN-MPIH-HYT model for split ratios of (left)
90/10% and (right) 80/20%

Table 3 Statistical properties of the input features for the training and testing sets

Features

30

N
NS
LS

rho

St

LnN
LnNS
LnLS
Lnrho
LnSt
IN
INS
1S
1rho
1St

1153
495
5.00
0.63

174
2.35
174
176
045
2.32
012
019
018
0.66
013

Training sets

12.00
6.00
4.50
0.75

1.25
2.56
195
170
0.56
251
0.08
014
018
0.57
0.08

6.36
155
158
040
775
0.67
0.32
0.27
0.27
0.72
(ONKE
0.07
0.05
019
01

1.00
200
3.00
0.00
2.25
0.69
110
139
0.00
118
0.04
014
012
0.50
0.04

22.00
6.00
750
1.00

25.00
314
195
214
0.69
3.26
0.50
033
0.25
100
031

1.27
496
494
064

12.00
234
174
174
046
232
042
019
018
065
043

11.00
6.00
4.50
0.75

1125
248
195
170
0.56
251
0.08
014
018
0.57
0.08
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Table 4 Error metrics of the training and testing sets of the three ML algorithms

Dataset | R2% MAPE | MAMPE |\ ¢ Rvmse | Time
% % (s)

Train 99.985 1549
DANN-MPIH-HYT

Test 99.979 1.699

Train 99.999 0.273
XGBoost-HYT-CV

Test 99.994 0.694

Train 99.980 1317

RF-HYT
Test 99.948 2.034

for developing the most accurate predic-
tive model (Charalampakis et al 2020;
Latif et al 2022; Mirrashid & Naderpour
2022; Somala et al 2021; Verma & Sahoo
2022; Yahiaoui et al 2023). For researchers
who used XGBoost to predict the natural
period, the best published results for the
case of the test dataset without tuning the
hyperparameter were achieved by Somala
et al (2021), where an R2 equal to 99.9% and
an RMSE of 0.018 were reported. For the
case of RF, the same researchers reported
a 0.026 as the optimum obtained RMSE
and a 99.9% for the Pearson parameter R2
In the case of the test dataset with a tuned
hyperparameter, Thisovithan et al (2023)
acquired through the use of RF an R2 of
98.9% and a corresponding RMSE of 0.082,
which is considered to be relatively high in
comparison to the model of Somala et al
(2021) derived from RF set without hyper-
parameter tunning.

Table 4 illustrates the performance
of the three black-box ML approaches
adopted for the needs of this research work
when training and testing on the dataset.
It is easy to depict that XGBoost-HYT-CV
outperforms the two other methods in all
metrics for both the training and testing
sets, deriving for the test set an R2 equal to
99.994%, and error values equal to 0.694%,
0.399%, 0.00428 and 0.00809 for MAPE,
MAMPE, MAE and RMSE, respectively.
The second most accurate predictive
model was the one generated by DANN-
MPIH-HYT, and finally RF-HYT, which
had the lowest performance. Regarding the
training computation time, it is evident
that DANN-MPIH-HYT is computation-
ally demanding (three hours) compared to
the other two ML methods. Nevertheless,
DANN-MPIH-HYT is found to be four
times faster than the method proposed by
Yahiaoui et al (2023). In addition, XGboost-
HYT-CV is the fastest model, requiring a
mere 40 minutes to complete the analysis
and testing of the predictive model. This

0.880 0.0098 0.0142 10887
0.994 0.0107 0.0155 0.001
0155 0.0017 0.0030 2391
0.399 0.0043 0.0081 0.009
0.887 0.0098 0.0160 3714
1.390 0.0149 0.0238 0.015

is 18 times faster than the time required
to perform the hyperparameter tuning in
Yahiaoui et al (2023).

It is important to note that the best
results found in the literature for the
Asteris (2016) database were published in
Yahiaoui et al (2023), where it was reported
that lightGBM tuned hyperparameters
by the Optuna framework (Akiba et al
2019) derived an RMSE equal to 0.01129,

a MAE of 0.00432, and 99.981% as a
Pearson parameter R2 According to the
results presented here, it is easy to observe
that XGBoost-HYT-CV outperforms the
predictive model proposed by Yahiaoui

et al (2023), as well as the one presented
by Somala et al (2021). A similar numeri-
cal response was obtained through the

DANN-MPIH-HYT that managed to derive
minimal error metrics even in the case
where deep learning performs optimally
when the datasets are large in size, which
was not the case with the dataset herein.

Figure 3 shows the performance of
XGBoost-HYT-CV, demonstrating that this
algorithm fits the dataset well with nearly
no outliers. This reveals the numerical
superiority of this method in reliably and
robustly predicting the target variables of
this database.

Feature importance
Feature importance is a method to
determine which feature most affects the
prediction of the target variable. It is use-
ful especially for black-box ML-generated
models since it allows researchers to
investigate the sensitivity of the numeri-
cally obtained predictive models (Musolf et
al 2022). In the case of computing the FP
of infilled RC frame buildings, research-
ers agree that the building height, or the
number of storeys, is the main parameter
that has a higher effect on the prediction of
this design parameter (Somala et al 2021,
Verma & Sahoo 2022; Yahiaoui et al 2023).
Figure 4 illustrates the feature impor-
tance of XGBoost-HYT-CV, where it is
found that the critical parameter that has

4.0

XGBoost prediction test

0 T T T

Target vs predicted — Test set

0 05 10 15

— Ideal correlation

=== |deal + 10%
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Figure 3 Comparison between the predicted period from XGBoost-HYT-CV and the numerically

obtained period
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Figure 4 Feature importance of the XGBoost-HYT-CV for predicting the fundamental period

Table 5 The performance of POLYREG-HYT and multivariate linear regression

Train 99,962 3.039
POLYREG-HYT
Test 99.957 3.363
Train 93.619 50.351
MLR
Test 92.630 48.244

the highest impact on the FP of infilled

RC frames is the natural logarithm of the
percentage of openings, followed by the
number of storeys, the percentage of open-
ings, and the length of spans. This finding
highlights the importance of modifying
the form of input features to explore their
effect on the target and to point out the
main parameter that has more impact than
the others.

It is easy to see that five features have
less effect on the prediction of the target
variable, which are the natural logarithm of
the masonry wall stiffness and the length
of the spans, the masonry wall stiffness
and the natural logarithm of the number
of spans, and finally the number of spans.
The six remaining ones do not influence
the output prediction and should be
omitted from the dataset. This does not
mean that the stiffness of the walls is not
important, since the natural logarithm of
the wall stiffness is the fifth most impor-
tant input feature, according to Figure 4.
Furthermore, the proposed predictive
model will only require the five initial
input features to be defined by the user,

32

1.358 0.015 0.022

1428 0.015 0.022 0.001
18.981 0.210 0.278 0.0345
18.668 0.200 0.278 0.001

where the prediction will be computed
through the use of the proposed model.

Results obtained by the
POLYREG-HYT algorithm

The benefit of using these types of
ML-generated models is that the final
output from the training/testing process
is a closed-form formula (Adilkhanova et
al 2022). Among the most popular white-
box ML methods are multivariate linear
regression (MLR), which captures the
linear relationship between the independ-
ent and dependent variables (Maulud &
Abdulazeez 2020), and polynomial regres-
sion (PR), which has the ability to capture
the nonlinear relationship between the
input and target variables. The adopted
POLYREG-HYT algorithm enhances the
problem of embedded optimisation of the
polynomial feature selection of existing
PR algorithms and can develop a closed-
form prediction formula by automatically
choosing the nonlinear features that
provide the minimum error (Markou et al
2024). Furthermore, a polynomial degree
of 3 was defined during the predictive

Volume 67 Number2 June 2025

model development, where the number of
rounds was set to 1 000.

Table 5 presents the performance
metrics of POLYREG-HYT and MLR
algorithms. As can be seen, the POLYREG-
HYT outperforms the MLR algorithm,
especially in terms of error metrics, where
for the case of MAPE, the POLYREG-
HYT results in a 14.35 times lower value
compared to that obtained by the MLR.
Additionally, for the case of RMSE, a 12.89
times lower value is produced when using
the POLYREG-HYT compared to the MLR
algorithm. The explicit difference between
these two methods underlines the numeri-
cal superiority of the proposed POLYREG-
HYT (Markou et al 2024) in developing an
accurate and robust closed-form formula
that is able to compute the FP of RC frames
with infill walls.

The optimum predictive formula
obtained from POLYREG-HYT is given in
Appendix A (page 36). The derived formula
is large. It must be noted here that the
POLYREG-HYT algorithm automatically
selects the number of equation features
that eventually form the final predictive
formula. It must be noted at this point that,
in addition to the equation developed by
the software, an additional equation is con-
structed that can be used directly within
an Excel sheet, which consists of the input
features as they are found in the initial
dataset. The predictive formula can then be
used to predict new data that has not been
used to train or test the POLYREG-HYT-
generated model.

To further evaluate the numeri-
cal response of the proposed formula,
Table 6 compares the derived equation
by POLYREG-HYT with corresponding
proposed formulae found in the literature,
including building code equations. The
comparison is performed through the
use of reported RMSE and MAE on the
same dataset published in Asteris (2016).
Through observing the magnitudes of the
error metrics, it is easy to conclude that
the predicted FP achieved through the
proposed POLYREG-HYT outperforms
the other equations, confirming that the
proposed formula offers the best fit for this
dataset.

In order to further demonstrate the
numerical capabilities of the proposed
formula, Table 7 was developed which
illustrates the normalisation of the RMSE
and MAE error metrics for the best three
equations found in the international
literature, and how they compare to the
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Table 6 Comparison between author and code formulae, and the derived equation from POLYREG-HYT

Author and code formulae

POLYREG-HYT 0.02170
Crowley and Pinho (2006) 0.34619
Yahiaoui et al (2023) 0.07329
Charalampakis et al (2020) 0.07337
Asteris et al (2017) 0.35651
Eurocode 8 (2005h) 0.52716
Guler et al (2008) 0.75397
Goel and Chopra (1997) 0.52636
ASCE (2017) 050100
RPA99version2003 (2003) 0.71726

RMSE

MAE RMSE MAE

0.01506 0.02159 0.01533
0.27528 0.34813 0.27.317
0.05082 0.06147 0.04411
0.05001 0.06114 0.04693
0.31783 0.31813 0.23339
0.38381 0.52566 0.37996
0.54543 0.75168 0.53352
0.38061 051202 0.37012
0.36599 0.49557 0.36223
0.50558 0.71421 0.49317

Table 7 Normalisation of the RMSE and MAE error metrics by assuming the POLYREG-HYT
formula’s RMSE = MAE =1

Fundamental period of infilled
RC frame structures formulae

POLYREG-HYT 1

Yahiaoui et al (2023 3.38
Charalampakis et al (2020) 3.38
Asteris et al (2017) 16.43

proposed POLYREG-HYT formula’s
numerical response. The results from the
error metrics normalisation procedure
demonstrate the superiority of the pro-
posed predictive formula (see Appendix A
on page 36), which also incorporates

the impact of feature engineering. As

can be seen from Table 7, the proposed
POLYREG-HYT equation outperformed all
predictive models for the test sets, where
the RMSE and MAE of the proposed equa-
tion are more than three times lower than
the equation proposed by Charalampakis
et al (2020) and Yahiaoui et al (2023), and
approximately fifteen times lower than

the relationship proposed by Asteris et al
(2017), which showed the lowest accuracy
out of the four formulae in Table 7.

CONCLUSION

This article aimed to significantly enhance
the accuracy of predictive models used

to compute the FP of RC buildings with
infill walls. In order to achieve this objec-
tive, three newly proposed ML algorithms
(Markou et al 2024) were used to train and
test predictive models using the Asteris
(2016) dataset. In addition, the adopted ML

1 1 1
3.38 2.85 2.88
332 2.83 3.06
2110 1474 15.22

algorithms were numerically investigated
through the use of the same dataset, where
their numerical responses were compared
to other methods found in the international
literature. The superiority of the proposed
ML algorithms (Markou et al 2014) which
can be found as open-source code (Bakas et
al 2023) was demonstrated.

Initially, an investigation of the impact
of train-test split ratios showed that the
best split for this dataset is achieved when
using 90% of the input data to train and
10% for testing. The finding emphasises
the need to consider different splits since
this affects the numerically obtained
predictive model. The numerical investi-
gation using three black-box ML methods
(XGBoost-HYT-CV, DANN-MPIH-HYT
and RF-HYT) to predict the FP of RC
buildings with infill walls, showed that
the XGBoost-HYT-CV method derived
the optimum predictive model with a near
perfect 99.994% R2 score and with all error
metric values being near zero (< 0.01).
This is the most accurate predictive
model currently found in the international
literature.

According to the sensitivity analysis, it
was found that the input variables, which
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were modified through feature engineer-
ing to generate fifteen features instead of
five, the natural logarithm of the percent-
age of openings was the parameter that
had the most influence on this design
parameter, followed by the number of
storeys. It was also found that XGBoost-
HYT-CV was 18 times faster in training
and testing the proposed predictive
model (including hyperparameter tuning)
compared to the algorithm proposed in
Yahiaoui et al (2023), which was the most
accurate predictive model prior to this
current research work.

Finally, an equation was proposed by
white-box ML that outperformed all pro-
posed formulae found in the international
literature. The proposed predictive FP
formula was obtained through the use of
the POLYREG-HYT ML method (Markou
et al 2024) and was able to produce
minimum error metrics on the test dataset:
RMSE = 0.02159 and MAE = 0.01533. The
proposed predictive equation resulted in an
RMSE that was more than 285% improved
compared to the two most accurate models
found in the literature (Charalampakis
et al 2020; Yahiaoui et al 2023), while a
decrease of more than 1 500% was noted
compared to the third most accurate
model as had been proposed by Asteris
et al (2017). These findings highlight the
accuracy of the proposed predictive models
that demonstrated numerical superiority
compared to the most accurate predic-
tive currently found in the international
literature. Finally, the proposed predictive
closed-form formula was compared to the
results obtained by different design codes,
where it was found that the design equa-
tions proposed in different building design
codes derived extremely poor results.

This highlights the need to update the
design code formulae with more accurate
ML-generated predictive models.
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APPENDIX A
T =4.11397LnN x LnNS ++ 1.82087LnNS x 1LS x 1rho ++ 9.28386St + 329340LNN — 5.75649LnN2 x LnLS — 0.200372N x NS — 6623.5Lnrho

APPENDIX B

x 1LS * 1rho — 4.24726LS x 1rho? — 25346.7NS x LnNS x 1rho — 15.6833N x 1LS x 1rho —5.05368 x 10~ x St2 x 1LS + 0.514668rho

x LnN x LnNS — 0.0460130N x LS x 1rho + 2.82722 x 10~4NS x LnSt x 1NS + 0.831854LS x LnLS x 1N + 7.94948LnSt x 1NS x 1LS

+ 0.0628509N x St x 1rho — 12.7391St x LnNS — 0.0210832N x rho x St — 4.62920Lnrho x LnSt x 1St — 130025 x 1N2 — 174223LnN x
1N — 0.170341 x rho2 x LnN +10.3640St x Lnrho? + 0.0739743N x St x Lnrho + 35635.6LnNS x 1NS2 — 0.195877LS x LnN — 6.48996 x
103N x LS x LnLS + 0.0189N x rho x LnSt — 7.61595 x 10—3N x NS x LS — 2.51269NS x LnNS x LnLS + 52506.4rho x 1rho + 11.9337N
x LnN x 1LS —8.03561rho x LnSt x 1L.S — 1.47328St x LnNS x 1rho — 35.4988N x rho + 0.608619LS x Lnrho x 1N + 16111.1NS x rho x
ANS + 34.9003N x Lnrho + 22.7390N x rho * Lnrho — 688613N x 1N + 10.2640LnN x LnLS2 — 0.309246LnN x 1St2 — 0.0241779N x LnSt
x 1rho + 4.29668 x 10=4LS2 x LnNS — 4.72420N x rho? — 0.384954NS x LnN x 1LS — 0.505677NS x 1N2 — 0.139586N2 x 1LS + 1.06919
x 1rho x 1St + 10.5917Lnrho x LnSt + 1L.S — 0.180778LnSt x 1N x 1LS + 0.138427 x N x 1St — 4.17222 x 10~4 x rho x St2 — 1446.54rho?
x Lnrho — 40262.1rho x LNNS x LnSt +1.56319LnLS x LnSt x 1NS +40301LS x LnNS x 1LS + 4.73870LnSt x 1rho? — 0.0140509LnN x
LnSt x 1rho + 21513.2rho x 1LS * 1rho + 6832.99rho x LnSt x 1NS — 2.59493LnN x 1rho2 — 0.0699796N x 1NS x 1St + 1.54376LS x LnSt
x 1LS —1123.32rho x Lnrho x 1LS + 5.80491St x LnNS2 — 68.5523rho2 x LnLS + 0.0246112LS x LnNS x Lnrho + 7.07735 x 10—4LS x St
x LnSt — 673.335NS2 x LnSt + 40311.3LNNS x 1LS + 0.657393LnN x LnLS x Lnrho + 16.8726LS x rho x Lnrho — 1.44555NS x rho x St
+5.08601rho x 1N x 1LS + 5.46822LnLS% x 1NS — 10.7416 x 1152 x 1rho + 0.418503N x LnNS x LnLS + 1.52144LS x 1NS2 — 20.2278N
x Lnrho x 1LS + 8.55766Lnrho x LnSt — 0.0186501N x LnNS x 1St — 3.16835LNN x LnNS x LnLS + 73912.LnNS x 1rho — 338782LnN x
1NZ + 0.432278N x LnLS x 1NS + 7.85246NS x LnLS — 1290.83NS x LnNS x Lnrho +22529.1N x LnN — 24.5144St x 1NS2 — 0.557845rho
x 1N x 1St +0.0121602N x NS x 1rho — 0.0188587St x LnLS + 6.74112N x rho x 1LS + 1.5089LnLS x LnSt x 1LS — 3.095275t x 1rho?
—2.69044 x 10-3LS x St x INS + 2.3641LnN x Lnrho x 1NS + 6286.25NS2 x 1rho — 3.38294 x 10-3LS x LnSt2 + 15.6265LnNS x 1N x
1LS — 4.45551LnN x INS —2.18681LnLS x 1N x 1NS — 6.53108Lnrho x 1rho x 1St +413347LnN2 x 1N — 0.0618923N x St — 2104.39N x
LnN2 + 14958.5LS x Lnrho x 1LS + 12894.5NS x rho x LnSt — 622.301rho x LnLS x 1LS + 3376.29NS x Lnrho x 1NS + 0.301038LS x LnN
x LnNNS + 5124.11Lnrho2 x 1LS — 0.332967N x 1LS x 1St — 0.0129903LS x St x Lnrho — 4211.12 + LnNS3 + 310041N2 x 1N — 0.0458706N
x LnN x 1rho — 378609N + 6701.17rho x LnNS x 1rho + 0.0123205N x NS2 + 34924.1rho2 x 1rho — 39.5669rho x LnLS2 + 986188N =

1N2 + 1.30686N x LnLS + 27.7497N x LS x 1LS — 6.03934rho x LnN x 1rho + 53996.8 x 1NS x 1rho — 34.2356LnN x LnLS + 5.8867 x
10-6St2 x LnLS + 0.0963686LS x LnN x 1N — 25257.4LnNS x Lnrho? + 1.41640 x 10~3LS x LnN x LnSt + 8.53747 x 10~3 LS x rho x St —
1.37322LnN x Lnrho x 1LS — 2.21568rho x 1N2 + 19.2185N?2

training and structure of machine Q Colsample_bytree: The Colsample_

A glossary of acronyms and terms

related to machine learning

Q Regularised model: The problem of
overfitting is usually controlled by
including a regularisation, or in other
words, a penalty. Regularisation is
essential in all machine learning tech-
niques and is also employed to reduce
the model complexity (Zhang 2010).

Q Kaggle session platform: Kaggle is
a platform that provides powerful
tools and resources regarding the data
science field, for 12 hours every day
(Kaggle n.d.).

Q Optuna framework: Optuna is one of
several open-source frameworks for
tuning the hyperparameters, provided
under the MIT licence (Akiba et al
2019; Optuna — A hyperparameter
optimization framework n.d.).

Q Hyperparameters: Hyperparameters
are the parameters that control the
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learning models. In contrast to the
parameters learned during the training,
hyperparameters are determined before
the training starts (llemobayo et al
2024).

Hyperparameter tuning:
Hyperparameter tuning is a critical step
in machine learning. The aim is to find
the optimal combination of hyperpa-
rameters that leads to the best model
performance (Cai et al 2019).
max_depth: The max_depth refers to
the maximum depth of the tree in all
boosting and tree machine learning
types (Belyadi & Haghighat 2021).
Learning rate: The learning rate ranges
between 0 and 1, and it specifies the
step size, meaning that in all trees, the
weight will be multiplied by this hyper-
parameter (Belyadi & Haghighat 2021).
n_estimators: The n_estimators refer
to the number of trees (Belyadi &
Haghighat 2021).

bytree denotes the subsampling ratio of
columns utilised during the construc-
tion of each tree; it happens once for
each tree built (XGBoost Parameters —
XGBoost 2.1.3 Documentation n.d.).

Q Subsample: This value between 0 and

1 helps control the common overfitting
problem. It defines the training instances
ratio, meaning that if this ratio is config-
ured to 0, XGBoost will randomly select
fifty percent of the training data before
constructing trees (XGBoost Parameters
— XGBoost 2.1.3 Documentation n.d.).

Q min-samples split: Minimum number

of samples needed for dividing an
internal node (RandomForestRegressor
— scikit-learn 1.6.1 Documentation n.d.).

Q@ max_features: The number of features

to take into account when searching for
the ideal split (RandomForestRegressor
— scikit-learn 1.6.1 Documentation n.d.).

Q min_samples_leaf: This specifies the

minimum number of samples that must
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Q

exist at a leaf node. By default it is 1
(RandomForestRegressor — scikit-learn
1.6.1 Documentation n.d.).

Avrtificial neural network architec-
ture: In a neural network, there are
several layers, with each layer contain-
ing several neurons. Each neuron in a
layer receives as input the outputs of
all the other neurons in the previous

Q

layer. The output layer can have several
outputs.

Dropout rate: This is one of the most
known regularisation techniques,
mainly employed in neural networks

to control overfitting (Salehin & Kang
2023).

Momentum: This algorithm is an
improved version of the gradient
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descent, where the weights are updated
after each batch (Nikoo et al 2012).
Number of epochs: The number of itera-
tions in a neural network (Kose 2009).
Batch size: The batch size determines
the number of samples utilised to
calculate the gradient descent at each
iteration to update the neural network’s
weights (Naveen Venkatesh et al 2022).
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Guidelines for the preparation of
papers and technical notes

INTRODUCTION

The Journal of the South African Institution of Civil Engineering,
which is a peer-reviewed, open-access journal, is published quar-
terly in March, June, September and December. Articles submitted
for publication are reviewed by a panel of referees under the guid-
ance of the SAICE Journal Editorial Panel. The journal publishes
research papers covering all the disciplines of civil engineering
(structural, geotechnical, railway, coastal/marine, water, construc-
tion, environmental, municipal, transportation) and associated
topics that are relevant to the civil engineering profession, and
that preferably have particular relevance to civil engineering in
Southern Africa and the African continent. When preparing arti-
cles for publication, authors should please take note of, and comply
with, the guidelines as set out below.

CLASSIFICATION OF ARTICLES

CONSIDERED FOR PUBLICATION

Q Technical papers are well-researched, in-depth, fully referenced
technical articles not exceeding 6 000 words in length (exclud-
ing tables, illustrations and the list of references). Related papers
that deal with ‘softer sciences’ (e.g. education, social upliftment,
etc) are accepted if they are of a technical nature and of particu-
lar interest to the civil engineering profession. The latter type of
paper will be subject not only to peer-review by civil engineers,
but also to review by non-engineering specialists in the field
covered by the paper.

Q Technical notes are short, fully referenced technical articles
that do not exceed 2 000 words. A typical technical note will
have limited scope often dealing with a single technical issue of
particular importance to civil engineering.

Q Review papers are considered for publication as either technical
papers or technical notes on condition that they are the original
work of the author and will assist the reader with the under-
standing, interpreting, or applying of the subject under review.
A review paper must contain criteria by which the work under
review was evaluated and must contribute by synthesising the
information and drawing new conclusions from the dissemina-
tion of the previously published work.

Q Discussions on published articles are welcomed up to six
months after publication. The length of discussion contribu-
tions is limited to 1 500 words. Where appropriate, discussion
contributions will be subject to the normal reviewing process
and will be forwarded to the authors of the original article
for reply.

POLICY REGARDING LANGUAGE AND

ORIGINALITY OF SUBMITTED ARTICLES

Q Language: Manuscripts should be presented in English, as the
journal is distributed internationally.

Q Original work: Papers and technical notes must be original
contributions. Authors of JSAICE articles must affirm that
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submitted material has not been published previously, is not
under consideration for publication elsewhere and will not be
submitted elsewhere while under consideration by the SAICE
Journal Editorial Panel. It is the responsibility of the authors

to ensure that publication of any paper in the journal will not
constitute a breach of any agreement or the transgression of
any law. The corresponding author should confirm that all
co-authors have read and approved the manuscript and accept
these conditions. Authors are responsible for obtaining permis-
sion to publish experimental data and other information that
may be confidential or sensitive. Authors are also responsible
for obtaining written permission from copyright owners (usu-
ally the publishers) when reproducing material that had been
published elsewhere. If such material had been published under
a Creative Commons Licence, appropriate recognition must be
included in the submitted manuscript.

SUBMISSION PROCEDURES AND
REQUIRED FORMAT
Q Online submission: Manuscripts must be uploaded as PDF
files (http://journal.saice.org.za). Individual file sizes may not
exceed 10 MB. Should you experience problems when uploading
your paper, please contact the administrative editor (verelene@
saice.org.za).
Q Format: Manuscripts should be prepared in MS Word and
presented in double-line spacing, single-column layout with
25 mm wide margins. Line numbers must be applied to the
whole document. All pages should bear the authors’ names and
be numbered at the bottom of the page. With the exception of
tables and figures (see below) the document should be typed in
Times New Roman 12 pt font. Contributions should be accom-
panied by an abstract of not more than 200 words.
Q First page: The first page of the manuscript should include
the title of the paper, the number of words of the main text
(i.e. excluding figures, tables and the list of references), the
initials, titles and surnames of the authors, professional status
(if applicable), SAICE affiliation (Member, Fellow, Visitor, etc),
telephone numbers (landline and mobile), and e-mail and postal
addresses. The name of the corresponding author should be
underlined. Five keywords should be suggested.
Q Figures, tables, photos and illustrations:
These should preferably be submitted in colour, as the jour-
nal is a full-colour publication.
Their positions should be clearly marked in the text as fol-
lows: [Insert Figure 1]
Figures, tables, photos, illustrations and equations should
be numbered consecutively and should appear in the text
directly after they have been referred to for the first time.
Illustrations must be accompanied by appropriate captions.
Captions for tables should appear above the table. All other
captions should appear below the illustration (figures,
graphs, photos).
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Only those figures and photographs essential to the under-
standing of the text should be included. All illustrations
should be referred to in the text.

Figures should be produced using computer graphics. Hand-
drafted figures will not be accepted. Lettering on figures
should be equivalent to a Times New Roman 9 pt font, or
slightly larger (up to 12 pt) if desired. Lettering smaller than
9 pt is not acceptable.

Tables should be typed in Times New Roman 9 pt font. They
should not duplicate information already given in the text,
nor contain material that would be better presented graphi-
cally. Tabular matter should be as simple as possible, with
brief column headings and a minimum number of columns.

Q Mathematical expressions and presentation of symbols:

Equations should be presented in a clear form which can
easily be read by non-mathematicians. Each equation

should appear on a separate line and should be numbered
consecutively.

Symbols should preferably reflect those used in Microsoft
Word Equation Editor or Mathtype, or should be typed using
the Times New Roman symbol set.

Variables in equations (X, y, z, etc, as well as lower-case Greek
letters) should be presented in italics. Numbers (digits),
upper-case Greek letters, symbols of metric measurement
units (m for metres, s for seconds, etc) and mathematical/
trigonometrical functions (such as sin, cos and tan) are not
written in italics, but in upright type (Roman). Variables

and symbols used in the body of the text should match the
format used in the equations, i.e. upright or italics, whichever
is applicable.

Metric measurement abbreviations/units should conform to
international usage — the Sl system of units should be used.
Decimal commas may be used, but decimal points are pre-
ferred in accordance with accepted international usage.
Symbols should preferably be defined in the text, but if this is
not feasible, a list of notations may be provided for inclusion
at the end of the paper.

Q Headings: Sections and paragraphs should not be numbered.

The following hierarchy of headings should be followed:

HEADING OF MAIN SECTION

Heading of subsection

Heading of sub-subsection
References: References should follow the Harvard system. The
format of text citations should be as follows: “Jones (1999) dis-
covered that ..."” or “Recent results (Brown & Carter 1985; Green
et al 1999) indicated that ...”

References cited in the text should be listed in alphabetical
order at the end of the paper. References by the same author
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should be in chronological order. The following are examples of
a journal article, a book and a conference paper:
Donald, A W 1954. Pore pressure coefficients.
Géotechnique, 4(4): 143-147.
Terzaghi, K 1943. Practical soil mechanics. New York: Wiley.
Smith, A W, Black, C & White, A 1999. Factors affecting the
strength of soils. Proceedings, ASCE Conference on Shear
Strength of Soils, Colorado, pp 503—532.
Papers published previously in the Journal of the South African
Institution of Civil Engineering should be cited if applicable.

Q Footnotes, trade names, acronyms, abbreviations: These

should be avoided. If acronyms are used, they should be defined
when they first appear in the text. Do not use full stops after
abbreviations or acronyms.

Q Return of amended papers: Papers requiring amendments will

be accepted up to six months after the referee reports had been
sent to authors, after which time the paper will be withdrawn
from the system.

FINAL ARTICLE
Q Proofs: First proofs of accepted papers will be sent to authors

in PDF format for verification before publication. No major
re-writes will be allowed at this stage, only essential minor
corrections.

Q Photos of authors: The final corrected version of the paper

should be accompanied by recent, high-resolution head and
shoulders colour photographs and a profile not exceeding 100
words for each of the authors.

Q Copyright: Copyright remains with the authors. As a peer-

reviewed, open-access journal licensed under a Creative
Commons Attribution Licence (CC BY-NC-ND) (https:/
creativecommons.org/licenses/by-nc-nd/4.0/) the content
of this journal is available to users free of charge. Users are
therefore allowed to copy and distribute the material in any
medium or format, but such material may only be used in
unadapted form and for non-commercial purposes, and due
recognition must be given to the authors, as well as to the
Journal of the South African Institution of Civil Engineering as
the original publisher.

Q Repository policy (depositing of articles by authors after

publication): After publication a PDF of their published article
is sent to authors for their records. Authors may then upload the
published article to their work/institution website, or any other
repository of their choice, such as, for example, ResearchGate
and/or similar. Only the published version of the paper may be
used/uploaded in this manner, i.e. not the originally submitted
or the accepted/pre-published version.
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