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ABSTRACT
This paper examines workforce
readiness and barriers to Artificial
Intelligence (Al) adoption for
construction scheduling in post-
disaster reconstruction, focusing on
Derna, Libya, where effective
scheduling is critical to managing
systemic reconstruction risks. A
single-case embedded study was
conducted on a prime contractor
active in Derna, surveying the
complete site workforce (n = 40)
across seven organizational units.
Data were analyzed using descriptive
statistics, ANOVA, and Spearman
correlation. Results indicate low,
uniform Al awareness across all units
(Awareness Index M = .38; p=.151).
Perceived benefits for operational
resilience were moderate-to-high (M

= 390), led by real-time
subcontractor ~ monitoring  and
proactive delay detection. Perceived
barriers were high (M = 3.96),
dominated by poor connectivity and
infrastructure rather than attitudinal
resistance.  Significant  inter-unit
differences existed for perceived
benefits (p = .008) and barriers (p =
.003). Education positively predicted
perceived benefits (R _s = .54), while
experience  negatively  predicted
perceived barriers (R_s=-.38). These
findings inform targeted technology-
integration strategies to mitigate
scheduling risks and enhance
management efficiency in disaster
recovery environments. The study
underscores that policy interventions
focusing on infrastructure
improvement are essential precursors
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to digital transformation.
Furthermore, the proposed
framework provides a replicable
model for project managers seeking
to stabilize construction timelines in
volatile, post-disaster recovery zones.
PRACTICAL APPLICATIONS:
This study provides construction
managers and policymakers with a
roadmap for identifying readiness
gaps before implementing Al-based
scheduling  tools in  volatile
environments. By addressing the
identified barriers—specifically
connectivity and  infrastructure
limitations- contractors can allocate
resources more effectively to
prioritize digital foundations. The
findings offer a diagnostic framework
that enables site managers in post-
disaster zones to assess workforce
receptivity and infrastructure
capacity, ultimately reducing
scheduling delays and improving
reconstruction efficiency.
AUTHOR KEYWORDS: artificial
intelligence; construction scheduling;
post-disaster reconstruction; Derna;
Libya; disaster risk management;
operational resilience; technology
adoption; workforce readiness
1- INTRODUCTION

Artificial Intelligence (Al) has
become an increasingly important
component of digital transformation
within the construction industry.

Advances in machine learning,
predictive analytics, and intelligent
decision-support
expanded the ability of construction
organizations to improve project
planning,  scheduling,
allocation, and risk management
(Abioye et al., 2021; Baduge et al.,
2022). Unlike conventional planning
approaches, Al-based systems can

systems  have

resource

analyze large volumes of project data,
find emerging patterns, and support
more informed managerial decisions
throughout the project lifecycle.

The growing interest in Al is
particularly relevant to construction
projects running in uncertain and
resource-constrained environments.
Post-disaster reconstruction projects
often involve accelerated schedules,
damaged infrastructure, supply chain
disruptions, and multiple stakeholder
demands, creating significant
challenges for project managers (Puri
et al., 2024; Sosipater et al., 2021).
Recent studies suggest that Al
technologies can support
reconstruction  planning  through
improved  forecasting,
optimization, and decision-making
under  uncertainty (Mohammad
Nazari et al., 2022; Mudassir & Di
Marco, 2025). Consequently, there is
an urgent need to translate these
global technological advancements
into context-specific applications that

resource
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address  the recovery
requirements of disaster-stricken

unique

areas.

The reconstruction of Derna
following the catastrophic floods of
September 2023 is one of Libya’s
largest contemporary infrastructure
recovery initiatives. Construction
organizations involved in these
projects must coordinate multiple
activities, manage subcontractors,
check resources, and maintain project
schedules despite operational
constraints. Although Al applications
offer potential solutions to many of
these challenges, their successful
implementation depends largely on
organizational readiness and
employee acceptance.

Existing research has focused
primarily on the technical capabilities
of Al systems in construction
management, while relatively limited
attention has been given to
practitioners’ perceptions of Al
adoption, particularly within post-
disaster reconstruction contexts and
developing countries (Ragona et al.,
2022; Ghimire et al., 2024).
Empirical evidence from Libya
remains especially scarce. Therefore,
this study investigates the awareness,
perceived benefits, and perceived
barriers associated with Al adoption
for project planning and scheduling
among employees of Barga Holding

for Contracting and Real Estate
Investment, a major contractor
involved in the reconstruction of
Derna. Drawing on insights from the
Technology  Acceptance  Model
(TAM) and the Unified Theory of
Acceptance and Use of Technology
(UTAUT), the study seeks to assess
organizational readiness for Al-
supported planning and scheduling
systems in a  post-disaster
reconstruction environment.
2- LITERRATURE REVIEW
2.1 Artificial Intelligence in
Construction Planning and
Scheduling

The application of Al in
construction
expanded considerably over the past
decade. Al technologies enable the
analysis of large and complex
datasets, allowing organizations to

management  has

improve  forecasting  accuracy,
optimize resource allocation,
automate repetitive tasks, and

enhance project decision-making
processes (Abioye et al., 2021;
Baduge et al., 2022). As part of the
broader Construction 4.0 movement,
Al 1is increasingly viewed as a
strategic tool for improving project
performance and operational
efficiency.
Project
scheduling represent one of the most
promising areas for Al

planning and
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implementation. Traditional
scheduling techniques often rely on
deterministic =~ assumptions  and
manual updates, which may limit
their effectiveness in dynamic project
environments. Recent studies have
demonstrated that machine learning
algorithms can improve schedule
generation, predict delays, and
support real-time project control (Al-
Sinan et al., 2024; Chauhan, 2025).
Similarly, neural network and neuro-
fuzzy models have shown strong
potential for forecasting project
performance and identifying
scheduling risks before they affect
project outcomes (Obiano et al.,
2023).

Advances in generative Al
have  further = expanded  the
possibilities for construction
scheduling. Prieto et al. (2023)
demonstrated that large language
models such as ChatGPT can assist in

developing  preliminary  project
schedules and supporting planning
decisions.  Likewise, = Shodunke

(2025) reported that Al-powered
scheduling systems can improve
timeline management through real-
time resource allocation and
predictive delay analysis. These
developments suggest that Al can
play a significant role in improving
planning accuracy and project

control, particularly in complex
construction environments.

2.2 Artificial Intelligence in Post-
Disaster Reconstruction Projects

Post-disaster ~ reconstruction
projects differ from conventional
construction projects because they
are implemented under conditions of
urgency, uncertainty, and resource
scarcity. Project managers must
frequently make decisions with
incomplete information ~ while
balancing technical, economic, and
social considerations (Puri et al.,
2024). Consequently, reconstruction
projects require planning approaches
capable of adapting to rapidly
changing circumstances.

Several studies have
highlighted the potential of Al
technologies in disaster recovery and
reconstruction. Waheeb et al. (2020)
found that artificial neural networks
improved the prediction of schedule
delays and cost overruns in
emergency reconstruction projects.
Similarly, Mohammad Nazari et al.
(2022) demonstrated that Al-assisted
decision-making frameworks can
support  the  prioritization  of
reconstruction projects by evaluating
multiple criteria simultaneously.

Recent research has also
emphasized the importance of
integrating advanced digital
technologies into  reconstruction
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supply chains. Nguyen et al. (2025)
argued that Construction 4.0
technologies can strengthen supply
chain resilience and improve project
coordination following disasters.
Furthermore, Mudassir and D1 Marco
(2025) reported that machine learning
approaches can contribute to more
sustainable reconstruction planning
by supporting resource optimization
and risk assessment. Despite these
advantages, practical implementation
remains constrained by
organizational, technical, and
infrastructural limitations.
2.3 Technology Adoption and Al
Implementation

The successful implementation
of Al depends not only on
technological capabilities but also on
user acceptance and organizational
readiness.  Technology  adoption
theories, particularly the Technology
Acceptance Model (TAM) and the
Unified Theory of Acceptance and
Use of Technology (UTAUT),
emphasize the importance of
perceived  usefulness, expected
performance improvements, and
facilitating conditions in shaping
technology = adoption  behavior
(Davis, 1989; Venkatesh et al., 2003).

Within the construction sector,
perceived benefits such as improved
project performance, better decision-
making, and enhanced productivity

have been identified as key drivers of
Al adoption (Ragona et al., 2022;
Savas, 2025). Conversely, barriers
including
infrastructure,
expertise, insufficient training, and
resistance to organizational change
continue to hinder implementation
efforts (Ghimire et al., 2024; Ragona
et al., 2022). These challenges are
often more pronounced in developing
countries, where digital
transformation initiatives may face
financial and institutional constraints.
In the context of reconstruction
projects, understanding employee
perceptions is particularly important

inadequate
limited

digital
technical

because successful implementation

requires collaboration among
engineers, supervisors,
administrators, and support
personnel.  Assessing awareness,

perceived benefits, and perceived
barriers therefore provides valuable
insight into organizational readiness
for Al adoption.
2.4 Scheduling Challenges in Post-
Disaster Reconstruction
Post-disaster ~ reconstruction
projects combine extreme schedule
compression, complex multi-
stakeholder environments, resource
scarcity, and supply chain disruption

— conditions that render
conventional deterministic
scheduling methods structurally
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inadequate (Baloi & Price, 2019;
Ofori, 2012). Analyses of
reconstruction following the 2010
Haiti earthquake, the 2011 Tohoku
disaster, and the 2015 Gorkha
earthquake reveal consistent patterns
of schedule overruns exceeding 100—
200%  of planned  durations,
attributable to inadequate initial
scoping,  insufficient  interface
coordination, and the absence of
adaptive  schedule = management
mechanisms (Ofori, 2012). Libya's
post-2011 governance fragmentation
introduces additional complications:
contested approval chains,
ambiguous contracting authority, and
unreliable payment mechanisms all
directly impede
scheduling and progress monitoring
(Ben Brahim, 2026).

The flood damage to Derna's
road and infrastructure network
created access conditions that are

systematic

variable, unpredictable, and
incompatible with the deterministic
activity sequencing assumed by
standard CPM networks (Elastane,
2025). Al-Trashy and Enshassi
(2022), in the most directly relevant
prior study, examined BIM adoption
barriers among Libyan construction
professionals and identified the cost
of technology acquisition and
licensing, the absence of a national

government  digital construction

strategy, and the scarcity of qualified
IT trainers capable of delivering
contextually appropriate training as
the three leading barriers. These
findings are likely to generalize Al
scheduling adoption, given that the
structural conditions underpinning
them, weak digital infrastructure,
underdeveloped professional training
markets, and an absent policy
framework for construction
digitization, are equally applicable to
Al tools.

Al-based scheduling is
theoretically well-suited to this
environment: its core capabilities,
handling uncertainty, dynamically
reoptimizing  plans, integrating
asynchronous data streams, and
generating probabilistic forecasts,
directly addressing the defining
characteristics  of  post-disaster
projects. However, realizing these
benefits presupposes a digitally
literate workforce and an
infrastructure capable of supporting
Al platform demands, conditions that
must be empirically assessed, not
assumed (Nagarajan, 2022).

2.5 Research Gap

Although previous studies
have demonstrated the potential of Al
to improve construction planning,
scheduling, and  reconstruction
management, most research has

focused on technological
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development rather than practitioner
acceptance. Furthermore, empirical
investigations of Al adoption within
post-disaster reconstruction projects
remain limited, particularly in
developing countries. To date, little
evidence exists regarding how
construction professionals in Libya
perceive Al applications in project
planning and scheduling. This study
addresses this gap by examining Al
adoption readiness within a major
reconstruction contractor operating in
Derna following the 2023 floods.
3- RESEARCH DESIGN AND
METHODOLOGY

This study employed a
quantitative single-case embedded
case study design following Yin
(2018). The case study approach was
appropriate because the research
aimed to investigate perceptions of
Artificial Intelligence (AI) adoption
within a real-world post-disaster
reconstruction setting. Barga Holding
for Contracting and Real Estate
Investment was selected as the case
organization due to its active
involvement in the reconstruction of
Derna following the 2023 floods. The
embedded units of  analysis
comprised the Concrete, Finishing,
Survey, Electricity, Movement and
Maintenance, Warehouse
Management, and Administrative
and Support departments.

A census sampling approach
was adopted, whereby all employees
working on the Derna reconstruction
project were invited to participate.
The target population consisted of 40
individuals, including engineers,
supervisors, technicians,
administrative staff, and project
management personnel.

Data were collected using a
structured Arabic-language
questionnaire  developed  from
previous studies on technology
adoption and Al in construction
(Davis, 1989; Venkatesh et al., 2003;
Abioye et al., 2021; Ragona et al.,
2022). The instrument comprised
four sections: demographic
information, Al awareness, perceived
benefits of Al, and perceived barriers
to Al adoption. The questionnaire
was reviewed by academic and
industry experts to ensure content
validity and clarity. Reliability
testing indicated satisfactory internal
consistency, with Cronbach's alpha
values exceeding the recommended
threshold of 0.70 for all scales.

Data were analyzed using IBM
SPSS Statistics. Descriptive statistics
were used to summarize respondent
characteristics and perceptions, while
one-way ANOVA, independent-
samples t-tests, and Spearman
correlation analysis were employed

to examine differences and
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relationships among the study
variables. Statistical significance was
assessed at the 0.05 level.

4- RESULTS
4.1 Demographic Profile
Table 1  presents the

demographic profile of all 40
respondents.  The
exclusively male, consistent with the
gender composition of technical

sample  was

construction workforces in Libya.
The dominant age cohort was 30-39
years (45.0%), followed by 40-49
years (30.0%). Bachelor's Degree
holders constituted the largest
educational group (55.0%), with
postgraduate-educated respondents
comprising 20.0% and secondary or
vocationally qualified respondents
25.0%. Professional experience was
broadly distributed, with the 5-9 year
band most prevalent (35.0%) and the
> 15year category comprising 17.5%.
4.2 Al Awareness

Table 2 presents the frequency
of affirmative responses across the
five awareness items. The overall
Awareness Index was M = .38 (SD =
.17), indicating that respondents
were, on average, aware of fewer than
two of the five assessed dimensions.
General of Al i
construction was the most widely
acknowledged dimension (62.5%),
while prior operational use of a
digital scheduling tool within the past

awarencess

two years was the least prevalent
(17.5%), reflecting the very limited
integration of digital scheduling tools
into active Libyan construction
practice.

Department -level Awareness
Index scores ranged from M = .32
(Movement & Maintenance
Department) to M = .48 (Electricity
Department). One-way ANOVA
revealed no statistically significant
inter-unit variation (F(6,33) = 1.74, p
=.151, n? = .24), confirming that the
awareness deficit 1s uniformly
distributed across all departments.
4.3 Perceived Benefits of Al

Table 3 presents descriptive
statistics for the ten Perceived
Benefits items. The composite score
for the total sample was M =3.90 (SD
= 0.68), indicating moderate-to-high
overall perceived benefit. The three
highest-ranked items were real-time
subcontractor performance
monitoring (M = 4.32, SD = 0.71),
early schedule delay detection (M =
421, SD = 0.74), and labor and
machinery allocation optimization
(M =4.08, SD = 0.79). The lowest-
ranked items were inter-unit
communication improvement (M =
3.61, SD = 0.95) and project
completion forecasting accuracy (M
= 3.58, SD = 0.97), both of which,
while below the composite mean,
remained above the scale midpoint.
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Table 4 shows how benefit
scores varied across the seven
departments. A one-way ANOVA
confirmed that the differences
between departments were
statistically significant (F(6,33) =
3.61, p = .008, n* = .40), meaning
they are unlikely to be due to chance.
The n? value of .40 indicates that
approximately 40% of the variation
in scores can be explained by which
department a respondent belongs to
— a substantial effect.

To 1identify which specific
departments differed from one
another, a Tukey HSD comparison
was applied. This is a follow-up test
used after ANOVA when the overall
result is significant; it compares
every possible pair of departments
while controlling for the risk of false-
positive findings that arises when
many comparisons are made
simultaneously. The test found that
the Electricity Department scored
significantly higher than both the
Movement & Maintenance
Department (difference = 0.66, p =
.018) and the Finishing Department
(difference = 0.57, p =.042), and that
the Surveying Department also
scored significantly higher than the
Movement & Maintenance
Department (difference = 0.49, p =
.031). No other department pairs

showed  statistically  significant
differences.
4.4 Perceived Barriers to Al
Adoption

Table 5 presents item-level
descriptive statistics for the ten
Perceived Barriers items. The
composite score was M = 3.96 (SD =
0.71), indicating high overall
perceived barriers. The three highest-
ranked items were all structural: poor
internet connectivity at the Derna site
M = 454, SD = 0.64), lack of
adequate training (M = 4.41, SD =
0.69), and inadequate local IT
infrastructure (M = 4.28, SD = 0.75).
The two lowest-ranked items were
concerns about data security (M =
3.52, SD = 0.94) and low confidence
in Al schedule accuracy (M = 3.41,
SD = 0.98); both remained above the
scale midpoint despite ranking below
the composite mean.

Table 7 shows barrier scores
by department. The Movement &
Maintenance Department had the
highest average (M =4.31), while the
Electricity Department had the lowest
M = 3.63). One-way ANOVA
confirmed that these differences were
statistically significant (F(6,33) =
424, p = .003, n* = .44), with
department membership accounting
for roughly 44% of the variation in
barrier scores.
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The Tukey HSD follow-up test
showed that the Movement &
Maintenance Department scored
significantly  higher than the
Electricity Department (difference =
0.68, p = .007), the Surveying
Department (difference = 0.57, p =
.019), and the Concrete Department
(difference = 0.43, p = .044). No
other pairs were significantly
different.

4.5 Correlation Analysis

Spearman's correlation was
relationships
background

used to examine
between  individual
characteristics and perception scores.
This type of correlation measures
whether two ranked variables tend to
move together, and is appropriate
here  because  education and
experience are measured in ordered
categories rather than continuous
numbers. Correlation values (Rs)
range from —1.0 (a perfect negative
relationship) to +1.0 (a perfect
positive  relationship). Table 8
presents all results.

Education level was positively
associated with both awareness (Rs =
42, p=.007) and perceived benefits
(Rs=.54,p <.001): respondents with
higher qualifications were more
aware of Al and rated its benefits
more highly. The relationship
between education and perceived
barriers was in the expected negative

direction but fell just short of
significance (Rs =—31, p =.051).

Years of experience showed no
significant relationship with
awareness (Rs = .19, p = .236) or
perceived benefits (Rs = 22, p =
.172). However, it was significantly
and negatively associated with
perceived barriers (Rs = —.38, p =
.015), meaning that more experienced
respondents rated the barriers as less
severe.

A separate unit-level analysis
compared the ranking of each
department on benefits against its
ranking on barriers. The correlation
between the two rankings was
strongly negative (Rs = —.86, p =
.014), indicating that departments
that saw the most benefit in Al
consistently reported the fewest
barriers, and vice versa.

5- DISCUSSION
5.1 Awareness: Low, Uniform, and
Rooted in Context

The low overall awareness
score (M = .38) and the absence of
any significant difference between
departments point to a shared,
organization-wide problem rather
than a gap concentrated in one part of
the workforce. This matters because
it shows the deficit cannot be
addressed by targeting one or two
departments; the entire site workforce
needs to be reached.
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The finding is consistent with
Al-Trashy and Enshassi (2022), who
reported similarly limited technology
awareness among Libyan
construction professionals in their
study of BIM adoption, and attributed
it to weak continuing professional
development infrastructure and the
isolation of the Libyan construction
sector from international professional
networks. The present study extends
that pattern to Al scheduling and
confirms that it persists even in an
environment ,post-disaster
reconstruction ,where the pressure to
project  management
practices is acute.

That even the Electricity
Department, whose engineers work
routinely with computerized design
and testing tools, averaged only .48
on the awareness index reveals an
important distinction: being
comfortable with digital tools in one's

improve

own field does not automatically
produce awareness of Al applications
in  scheduling.  Domain-specific
digital literacy and cross-domain Al
literacy are different things, and the
former does not guarantee the latter
without deliberate exposure.

The strong positive
relationship between education level
and awareness (Rs = .42, p = .007)
confirms that more formally educated

staff ,predominantly in the Electricity

and Surveying departments ,have had
greater exposure to Al concepts
through  academic reading or
professional development. However,
even this group fell short of
awareness across most dimensions.
This  suggests that individual
educational  background,  while
helpful, is not sufficient to overcome
the broader absence of institutional
channels, employer training,
professional  association  events,
sector publications in Arabic, through
which Al knowledge would normally
circulate. The finding aligns with
Owusu et al. (2019), who found that
awareness deficits 1n Ghanaian
construction were driven primarily by
structural gaps in the professional
development environment rather than
by individual unwillingness to learn.
5.2 Perceived Benefits: Strong
Where It Matters Most

The moderate-to-high overall
benefit score (M = 3.90) indicates
that the workforce 1is generally
receptive to the idea that Al could
improve their work, even without
deep technical knowledge of how it
functions. More importantly, the
ranking of individual items reveals
that respondents were most positive
about applications that directly
address their daily challenges.

The highest-rated item ,real-
time monitoring of subcontractor
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performance (M = 4.32) , is the
clearest example of this. All
engineers at the Barga Holding site
supervise multiple subcontractors
simultaneously using manual
inspection rounds, paper checklists,
and verbal updates. This system is
slow, inconsistent, and heavily
dependent on the accuracy of
information  provided by the
subcontractors themselves. The high
rating for this item reflects a
practical, grounded recognition that
Al monitoring tools would directly
reduce the informational burden and
unreliability of the current approach.
This mirrors Osei-Kyer et al. (2021),
who found  that  Al-driven
subcontractor tracking was valued
most highly in environments with a
high ratio of subcontractors to
resident engineers, precisely the
structure at the Derna site.

Early delay detection (M =
4.21) and improved labor and
machinery allocation (M = 4.08)
follow the same logic. Both address
problems that engineers encounter
daily, and both offer solutions that are
immediate and concrete. By contrast,
the lowest-rated items , improving
communication between departments
(M = 3.61) and forecasting project
completion (M = 3.58) .relate to
broader organizational and program-
level outcomes that feel more distant

from individual day-to-day work.
The lower ratings here do not reflect
rejection; both items are still above
the midpoint of the scale. Rather, they
reflect a degree of caution about Al's
ability to solve problems that
respondents perceive as
fundamentally organizational or as
too uncertain to forecast reliably in a
post-disaster. environment. This kind
of cautious pragmatism has been
observed in comparable settings
(Elhai’s et al., 2021) and should be
understood as a starting point for
targeted communication rather than a
barrier

The department-level analysis
adds an  important  practical
dimension. The significant ANOVA
result (F(6,33) =3.61, p=.008, n*> =
.40) shows that where a person works
has a substantial bearing on how
positively they view Al  The

Electricity and Surveying
departments , whose engineers deal
with technically precise,

measurement-based tasks that align
naturally with Al data processing
capabilities , reported the highest
benefit scores. The Movement &
Maintenance Department, whose
personnel perform reactive,
physically demanding, operationally
unpredictable work, reported the
lowest scores. This gap is not simply

about attitude; it reflects genuine
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differences in how visible Al's
relevance is from the perspective of
each department's daily work.

The strong positive correlation
between education and perceived
benefits (Rs = .54, p < .001)
reinforces this picture. Respondents
with postgraduate qualifications rated
benefits nearly one full scale point
higher than those with secondary or
vocational education. Higher
education  gives  engineers a
conceptual vocabulary that allows
them to recognize Al capabilities as
solutions to problems they already
know well. This finding is consistent
with Chen et al. (2020) and Alizadeh
Salehi et al. (2020), who both identify
educational attainment as a key
predictor of openness to new
construction  technologies.  The
practical 1mplication 1is that the
workforce members most likely to
drive early adoption, the five
engineers in the Electricity and
Surveying departments, are also in
the smallest units on site. Site-wide
adoption requires investing in the
conceptual readiness of a much larger
group, particularly the eleven-person
Movement & Maintenance
Department.

5.3 Perceived Barriers:
Infrastructure First, Attitudes
Second

The high composite barrier
score (M = 3.96) indicates that the
workforce sees substantial obstacles
to Al adoption. What is more
important than the overall level,
however, is the structure of the
barrier rankings. The three most
highly rated barriers, internet
connectivity (M = 4.54), lack of
training (M = 4.41), and inadequate
IT infrastructure (M = 4.28), are all
external, structural problems. They
are not about unwillingness to change
or distrust of management; they are
about the absence of the basic
conditions needed to use digital tools
at all.

This pattern is markedly
different from what studies in
advanced construction economies
report, where attitudinal resistance
and organizational culture typically
rank among the top barriers (Chen et
al., 2020; Elhai’s et al., 2021). It
aligns instead with research from
developing-country construction
contexts: Owusu et al. (2019) found
that infrastructure and connectivity
dominated barrier rankings in Ghana,
and Osei-Kyei et al. (2021) found the
same across sub-Saharan Africa.
What distinguishes Derna is severity.
The flooding destroyed not only
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roads and buildings but the
telecommunications backbone itself,
fiber-optic lines, cell towers, and
power distribution networks. The site
is therefore operating under a
compounded infrastructure deficit
that is qualitatively more acute than
the chronic but stable deficits
examined in prior developing-
country studies. Connectivity is not
merely slow or expensive in Derna; in
many parts of the site, it 1is
intermittent or absent.

The relatively low rankings of
resistance to change (rank 6, M =
3.84) and lack of management
support (rank 7, M = 3.76) carry an
important message: the workforce is
not resistant to Al in principle. The
obstacles  are  practical  and
environmental. This i1s a more
optimistic finding than it might
appear because structural problems ,
while  difficult, are at Ileast
addressable through targeted
investment. Changing deeply held
attitudes is considerably harder.

The  significant
correlation  between years of
experience and perceived barriers (Rs
=—.38, p=.015) runs counter to what
the literature  from  advanced

negative

economies typically finds. Several
studies have reported that more
experienced construction
professionals resist new digital tools

because  those  tools  disrupt
established habits and informal
workflows (Elhai’s et al., 2021). This
study finds the opposite: in Libya,
more experienced engineers see
fewer obstacles. The most credible
explanation is that working for a
decade or more in a chronically
resource-constrained, infrastructure-
deficient, and politically volatile
environment builds a particular kind
of professional resilience. Engineers
who have repeatedly found ways to
deliver projects under difficult
conditions develop confidence in
their ability to adapt to new tools,
even  imperfect  ones. Less
experienced colleagues, who have
not built that adaptive repertoire, may
find the barriers more daunting by
comparison. Owusu et al. (2019)
offer a parallel observation from the
Ghanaian context, noting that
experienced practitioners in resource-
limited environments often approach
technology adoption more
pragmatically than their counterparts
in stable, well-resourced settings. The
practical  implication 1s  that
experienced engineers at the Barga
Holding site are not obstacles to
adoption — they are a resource.
Engaging them as mentors or internal
champions in any future pilot
programmed could meaningfully
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reduce barriers for less experienced

colleagues.
The Movement &
Maintenance Department's

significantly higher barrier score (M
= 4.31) compared to the Electricity,
Surveying, and Concrete departments
reflects a combination of factors: the
educational

technical

lowest average
attainment  of  any
department, the largest proportion of
non-engineering staff (six
maintenance technicians whose work
has no scheduling component in the
conventional sense), and a working
environment defined by urgent,
reactive tasks rather than planned,
structured  activities. For these
personnel, the practical barriers of
connectivity and training feel most
acute because they are the furthest
removed from any prior experience
with digital planning tools.
5.4 The Inverse Relationship
Between Benefits and Barriers

The strong inverse correlation
between departments' benefit
rankings and their barrier rankings
(Rs = —.86, p = .014) is the most
revealing finding of the study. It
shows that a department's position on
one construct almost perfectly
predicts its position on the other, in
the opposite direction. Departments
that see the most value in Al
consistently perceive the fewest

obstacles, and those that perceive the
most obstacles consistently see the
least value.

This 1s not a coincidence. It
reflects the fact that both constructs
are shaped by the same underlying
characteristic: a department's existing
level of digital engagement. Units
whose daily work already involves
structured data, measurement, and
technical software have the cognitive
baseline needed to recognize Al as
useful and to see its obstacles as
manageable. Units whose work is
primarily manual and reactive lack
that baseline, which makes both the
benefits harder to imagine and the
barriers more formidable.

This finding has a direct and
important consequence for how
adoption programmed should be
designed. If an intervention focuses
only on one dimension, providing
software, for example, without
addressing connectivity and training,
or raising awareness without also
improving infrastructure, it 1is
unlikely to produce lasting change in
the low-readiness departments. The
benefit score and the barrier score
move together because they are
driven by the same underlying factor.
Shifting one without the other is
likely to produce frustration rather
than adoption. Effective programmed
must develop digital literacy, provide
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infrastructure access, and
demonstrate Al's practical relevance
to each department's specific tasks ,
all at the same time.

The  Administrative  and
Support Unit sits at exactly the
midpoint of both rankings (rank 5 on
benefits, rank 5 on barriers), which
fits neatly with this explanation. As a
unit  with  moderate  digital
engagement, mixed education levels,
and an indirect relationship with
scheduling tasks, it occupies the
predicted middle ground. Rather than
treating this as unremarkable, it is
worth noting that the Project
Director, IT Officer, and Finance
Officer , all members of this unit ,are
precisely the individuals whose
support would be most important for
any organization-wide Al adoption
effort. Bringing this unit into early
engagement with Al scheduling
outputs, framed in terms of their own
workflow responsibilities, could shift
their position meaningfully toward
the high-readiness end of both

rankings.
6- CONCLUSIONS AND
RECOMMENDATIONS
6.1 Conclusions
This study examined

workforce readiness for the adoption
of Artificial Intelligence (Al) in
project planning and scheduling
within the context of post-disaster

reconstruction in Derna, Libya. Using
data collected from the entire
workforce of Barga Holding's
reconstruction project, the findings
provide an initial  empirical
of Al awareness,
perceived benefits, and perceived
barriers in a  reconstruction

assessment

environment.

The results indicate that
awareness of Al applications remains
relatively low across the
organization, reflecting limited
exposure to Al technologies and a
lack of formal training opportunities.
However, respondents
perceived Al as beneficial for

generally

improving planning and scheduling
activities, particularly in relation to
subcontractor monitoring, resource
allocation, delay prediction, and
maintenance planning. This suggests
that employees recognize the
practical value of Al despite having
limited direct experience with its use.

The study also identified
several barriers that may hinder Al
adoption. The most significant
challenges were inadequate training,
limited digital infrastructure, and
unreliable internet connectivity. In
contrast, resistance to organizational
change was not perceived as a major
obstacle. Furthermore, departments
reporting higher awareness and
stronger perceptions of Al benefits

WORKFORCE READINESS AND BARRIERS TO ARTIFICIAL INTELLIGENCE

ADOPTION FOR CONSTRUCTION SCHEDULING IN POST-DISASTER
RECONSTRUCTION: EVIDENCE FROM DERNA, LIBYA



tended to report lower levels of
adoption barriers, highlighting the
importance of knowledge and digital
readiness in shaping technology
acceptance.

Overall, the findings suggest
that the successful adoption of Al in
reconstruction projects depends less
on employee attitudes and more on
organizational preparedness,
technological infrastructure, and
workforce capability development.
6.2 Recommendations

Based on the findings, several
practical recommendations can be
proposed.

* For Barga Holding

Barga Holding should adopt a
phased implementation strategy
beginning with pilot initiatives in
departments that demonstrate greater
readiness for digital innovation,
particularly the FElectricity and
Survey Departments. The company
should invest in targeted training
programmed focused on practical Al
applications for planning, scheduling,
subcontractor monitoring,
maintenance  management, and
resource control. In parallel, efforts
should be made to improve digital
infrastructure and standardize project
data collection and reporting
procedures, as reliable data constitute
the foundation of effective Al-
enabled decision-making.

* For Libyan Reconstruction
Authorities

Government agencies
responsible for reconstruction should
support digital transformation within
the construction sector by improving
telecommunications  infrastructure
and promoting the adoption of digital
project management practices. The
development of a national framework
for digital construction technologies
would provide strategic guidance for
contractors and facilitate wider
adoption of Al-based solutions.
* For Universities and Professional
Institutions

Higher education institutions
and professional training centers
should incorporate  Al-related
competencies into engineering and
construction management curricula.
Continuous professional
development programmed focusing
on digital construction technologies
would help address
knowledge gaps and
workforce readiness.
* For International Development
Partners

International
supporting reconstruction activities
should integrate digital capacity-

existing
enhance

organizations

initiatives into
reconstruction  programmed. In
addition to financing physical
infrastructure, support should be

building

WORKFORCE READINESS AND BARRIERS TO ARTIFICIAL INTELLIGENCE

ADOPTION FOR CONSTRUCTION SCHEDULING IN POST-DISASTER
RECONSTRUCTION: EVIDENCE FROM DERNA, LIBYA



directed toward training, technology
transfer, and the development of local
expertise to ensure the long-term
sustainability of
transformation efforts.
6.3 Limitations

digital

and Future
Research

Second, because
organizational consent for the study
was obtained from Barga Holding's
senior  management  prior  to
questionnaire distribution,
respondents may have experienced
social desirability pressure to report
more favorable attitudes toward Al
adoption than they genuinely hold.
While anonymity was guaranteed and
no identifying information was
collected, the perceived risk of
managerial access to individual
responses could have inflated benefit
scores and deflated barrier scores.
The magnitude of any such bias
cannot be determined from the data
but should be considered when
interpreting the findings."
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Table 1. Demographic Profile of
Respondents (n = 40)

Variable Category n %
<30 7 17.5

Age(years) 30-39 18 | 45.0
40-49 12 | 30.0
>50 3 7.5
Secondary /| 10 | 25.0
Vocational

Education Bachelor's 22 | 55.0
Degree
Postgraduate 8 20.0
Degree
<5 8 20.0

Experience(years) 59 14 | 350
10-14 11 | 275
>15 7 17.5

Gender Male 40 | 100.0

Table 2. Frequency Distribution of
Awareness Items (n = 40)

Awareness Item Yesn Yes No | No %
% n

Have you heard of AI in | 25 62.5 15 37.5

constructions field?

Are you aware of any Al software 18 450 | 22 55.0

using in scheduling?

Have you received formal training in 11 27.5 29 725

digital tools?

Have you used a digital scheduling | 7 17.5 33 825

tool in the past two years?

Are you familiar with the concept of | 14 350 | 26 65.0

predictive scheduling?

Overall Awareness Index M= S =
.38 17

Note. Awareness Index = proportion
of five binary items answered

affirmatively (range: 0.0—-1.0).
Table 3. Descriptive Statistics of
Perceived Benefits (n = 40; 5-point

Likert scale)

Rank Perceived Benefit Item M SD

1 Al can help monitor subcontractor performance in real 432 0.71
time

2 Al can enhance early detection of schedule delays 421 0.74

3 Al can optimize the allocation of labor and machinery | 4.08 | 0.79

4 Al can improve preventive maintenance scheduling 3.97 | 0.84

5 Al can reduce warehouse material waste through 3.89 0.88
predictive procurement

6 Al can automate progress reporting, reducing manual 3.84 0.82
effort

7 Al can support resource procurement planning for the 3.78 0.91
Derna reconstruction

8 Al can reduce rework caused by scheduling conflicts 3.72 0.93

9 Al can improve inter-unit communication and | 3.61 0.95
coordination

10 Al can generate more accurate project completion 3.58 0.97
forecasts

— Total Score of Perceived Benefits 3.90 0.68
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Note. Scale: 1 = Strongly Disagree to
5 = Strongly Agree. Items ranked in

descending order of mean score.
Table 4. Perceived Benefits Composite
Scores by departments (n =40)

Rank Organizational M SD Post-hoc (Tukey HSD)
Unit
.. Significantly > Movement
1 IE)leCIEC"Vl 2 | 428 | 039 | & Maintenance (p =.018)
epartment and > Finishing (p = .042)
Surveying Significantly > Movement
2 Department 3 41 043 & Maintenance (p =.031)
3 Concrete 4 384 051 ns
Department
Warehouse ns
4 Management 6 3.82 0.55
Dept.
Administrative ns
5 . 6 3.76 0.63
& Support Unit
6 Finishing 4 | 371 | oss | ™
Department
Movement & Significantly < Electricity
7 Maintenance 11 3.62 0.72 (p=.018) and < Surveying
Dept. (p=.031)
— Overall 40 | 3.83 | 0.64 | F(6,33) = 3.61, p = .008,
W= .40
Note. M= mean; SD= standard
deviation; ns = non-significant

(p>.05);n? = eta-squared(effect size).
Post-hoc comparisons use Tukey

HSD with a = .05.

Table S. Descriptive Statistics of
Perceived Barrier Items (n = 40; S-point

Likert scale)

Rank | Perceived Barrier Item M SD

1 Poor internet connectivity at the Derna site | 4.54 | 0.64
would prevent effective Al use

2 Lack of adequate training opportunities 441 | 0.69

3 Inadequate local IT infrastructure (hardware, | 4.28 | 0.75
servers, power reliability)

4 High cost of Al software and hardware 4.17 | 0.78

5 Absence of Arabic-language versions of AI | 3.97 | 0.83
scheduling software

6 Resistance to change among site personnel 3.84 | 0.87

7 Lack of visible management support for AI | 3.76 | 091
adoption

8 Difficulty integrating Al tools with existing | 3.68 | 0.88
work processes

9 Concerns about data security and project | 3.52 | 0.94
confidentiality

10 Low confidence in the accuracy of Al- | 3.41 | 0.98
generated schedules
Composite Perceived Barriers Score 3.96 | 0.71

Note Scale: 1 = Strongly Disagree to
5 = Strongly Agree. Items ranked in
descending order of mean score.

Table 6. Perceived Barriers Composite
Scores by Organizational Unit, Ranked

(n =40)
Rank Organizational n M SD Post-hoc (Tukey
Unit HSD)
1 Movement & 11 431 0.66 | > Electricity (p =.007);
Maintenance Dept. > Surveying (p =.019);
> Concrete (p =.044)
2 Finishing 4 394 | 0.61 ns
Department
3 Warehouse 6 3.91 0.59 ns
Management Dept.
4 Concrete 4 3.88 0.54 ns
Department
5 Administrative & | 6 3.82 0.68 | ns
Support Unit
6 Surveying 3 374 | 048 | ns
Department
7 Electricity 2 3.63 0.42 < Movement &
Department Maintenance (p = .007)
— Overall 40 | 3.96 | 0.61 F(6,33) = 424, p =
003, 2= .44

Note. M= mean; SD= standard
deviation; ns = nonsignificant
(p>.05); n? = eta-squared(effect size).
Post-hoc comparisons use Tukey

HSD with a = .05.
Table 7. Spearman Rank-Order
Correlation Coefficients: Demographic
Variables and Al Perception Outcomes.

Predictor Outcome Rs P Directio Significan
n ce

Education Awarenes 42 .00 | Moderate | Significant

Level (n = | s Index 7 positive

40)

Education Perceived 54 < Moderate | Significant

Level (n = | Benefits .00 —strong

40) 1 positive

Education Perceived -3 .05 Weak Marginal

Level (n = | Barriers 1 1 negative

40)

Experienc Awarenes .19 23 Weak Non-

e (n=40) s Index 6 positive significant

Experienc Perceived 22 17 Weak Non-

e (n=40) Benefits 2 positive significant

Experienc Perceived -3 .01 Moderate | Significant

e (n=40) Barriers 8 5 negative

departmen | departmen | —.8 .01 Strong Significant

ts Benefit | ts Barrier | 6 4 inverse

Rank (n = | Rank

7

Note. Bold values denote the three
substantively most important
findings. Unit-level correlation is
based on n = 7 departments ranked
independently on each construct.
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