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Implementing Industry 4.0 technologies is a big problem for small and medium-sized busi-
nesses. JI'T (Just-In-Time) and Kanban are both lean tools, but they might take too much
time and effort. We plan to fill this gap by creating and testing a working framework that
combines cloud-hosted Digital Twins with streamlining JI'T-Kanban loops. The framework’s
effectiveness was assessed in real-world contexts during a 30-month action research project
mvolving twelve small and medium-size automotive parts manufacturers in Saudi Arabia. Us-
ing machine learning algorithms, a shop floor connected to the Internet has been turned into
a virtual version. Because of the system, changes to how things are done on the shop floor
are now possible immediately. This strategy led to a substantial improvement in performance.
Lead times were down by 28%, equipment efficiency went up by 39%, and inventories came
down by 47%. It was demonstrated that the framework had a payback period of less than
18 months, which demonstrated its financial viability. It is remarkable that 78 percent of
implementations were successful, compared to 31% of digital deployments in conventional
settings. As a result of further analysis, it was found that an organization’s technological ma-
turity was significantly more significant than its size (r = 0.87, p = 0.001). It is concluded that
the framework provides SMMUEs with a cost-effective and accessible route to digital transfor-
mation by combining lean principles with advanced technology tools.
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(SMEs), which make up about 90% of all business-
es in the world and bring in about 409% of nation-

1. Introduction

al income in developing countries [3]. Small and
As digital technologies and lean practices come  medium-sized enterprises (SMEs) are important

together, manufacturing is changing quickly. Be-  for job growth and industrial growth in economies

cause markets are now very connected and compet-
itive, companies are under more and more pressure
to be more efficient while keeping costs low and
having less of an effect on the environment. The
Fourth Industrial Revolution 1s changing the strate-
gic priorities of factories all over the world by using
cyberphysical systems, the Internet of Things, and
artificial intelligence [1], [2]. This change is especial-
ly important for small and medium-sized businesses
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at all stages of development [4]-[6]. But for them,
using Industry 4.0 tools 1s not always easy. The dig-
ital revolution in manufacturing gives small and me-
dium-sized businesses (SMLEs) new chances, but it
also makes it harder for them to stay competitive
on a global scale [7]. By 2024, the market for digital
transformation in manufacturing is expected to be
worth about $427.68 billion. By 2034, it is expected
to be worth about $1.05 trillion [8].
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Digital tools in conjunction with lean-production
principles are often viewed by these firms as a practi-
cal way to achieve lasting competitive advantage. Just-
m-Time (JIT) and Kanban methods, for mstance,
have contributed to Toyota’s success in reducing
waste and increasing efficiency [9],[10].

The classical version of these methods, however,
1s often too complex or resource-intensive for SMEs,
especially when adapted to today’s tech-rich environ-
ments [11]-[14]. A major imitation of conventional
lean methods in SMEs 1s manual tracking and static
rules.Because of this, these methods do not provide
real-ime data, causing disruptions and fluctuations
i demand more difficult to manage.This is an area
where digital twin technology can transform. By using
a digital twin, it 1s possible to simulate changes and
enhance JI'T and Kanban mechanisms directly.

By integrating real-ime sensor data, the Digital
Twin can automate Kanban signals, predict material
shortages before they occur, and dynamically adjust
production schedules, thereby overcoming the ri-
gidity and data latency that hamper traditional lean
implementations in resource-constrained environ-
ments.

Many researchers around the world have discov-
ered digital transformation and lean manufacturing
for years, yet several significant questions remain
without answer. One of these unanswered questions
1s that most work still revolves around single-technol-
ogy roll-outs or large companies offering little guid-
ance on frameworks tailored to the limited staff typi-
cal and tight budgets of SMEs [15]. Only about 29 %
of small-firm digital projects succeed [16].

That figure hints that many conventional ap-
proaches simply overlook constraints unique to
smaller operations. Digital Twin technology suggests
another design. The studies that zero in on small-
company adoption are scarce although its potential
for manufacturing is well recognized [17]. Much of
the existing research assumes ample funding and
robust I'T support, conditions many SMEs cannot
match [18], [19], [20]. Furthermore, the literature
rarely examines how a Digital Twin could mesh with
lean tools like Kanban or JIT (even though real-time
data might naturally complement those pull-based
systems). Many studies tackle a single tool or stage in
1solation, rather than mapping the entire life-cycle of
a digital-lean mitiative within an SME [21].

The managers lack a cohesive playbook that links
strategy, technology, and continuous-improvement
practices from start to finish.

The current study pursues to build and test a
practical novel framework which blends Digital Twin

tools with Kanban-JIT methods for SMEs. As novel
strategy, 1t aims to close the growing gap between the
ambitious promises of Industry 4.0 and the day-to-
day constraints these firms face, all while staying true
to lean principles.

The first part of the study will combine Digital
Twins and Kanban-JIT to make a digital-lean frame-
work. The framework will consider the usual budgets
and resources of small and medium-sized businesses
(SME:s). The second phase of the project will involve
the validation of this method in several SMEs. As a
result, 1t will be able to track performance gains and
determine the factors that appear to impact success-

ful.

2. Literature review

There are still issues with SMEs implementing
Industry 4.0 tools i their daily work, and tradi-
tional digital projects only succeed 319% of the time
[22]. An exhaustive review by Ghobakhloo and his
colleagues [23] 1dentified three factors that impede
progress: insufficient expertise, financial limitations,
and technology’s inherent complexity. Despite these
facts, Masood and Sonntag [24] observe that manag-
ers remain motivated by flexible production, lower
costs, better quality, and the possibility of making
their organizations more competitive. There will al-
ways be doubt about what to do next, despite all the
evidence to the contrary. As a result of COVID-19,
small and medium-sized businesses (SMEs) are now
digitally savvy [25]. Despite the popularity of Indus-
try 4.0 applications, there 1s still a gap between en-
try-level tools and more advanced ones [26]. As a
result, cloud services have become popular because
they can be scaled easily, do not require large upfront
ifrastructure costs, and have pay-as-you-go pricing,
which 1s particularly appealing to businesses with lim-
ited resources [27].

As Industry 4.0 advances, digital twin technology
becomes increasingly important. According to the
forecast, the global market could reach $119.8 billion
by 2029, growing by approximately 41.6 percent an-
nually [17], [18], [28]. In a digital twin, the machine,
system, or process is mirrored in real time, as the sen-
sor data updates. As a result of the model, real- world
conditions are displayed, which allows users to spot
potential problems early, tune their processes, and
make daily decisions regarding the process. In spite
of the benefits, there are a number of challenges as-
sociated with this approach. According to Ryzhakova
et al. [29], Digital Twins can provide better {lexibility,
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efficiency, and sustamability to SMEs in an Industry
5.0 environment. It 1s still difficult to adopt due to
high infrastructure costs, data collection challenges,
and skills shortages [15], [30]. Therefore, cloud-
based twin services are viewed as a potential means
of lowering initial costs and making technology more
affordable [31, 32].

Lean thinking remains worthwhile for SME’s, as
recent studies demonstrate marked improvements
in quality, productivity, and costs [33]. A study
conducted by Panigrahi et al. [16] found a strong
correlation between JIT practices and day-to-day
performance among 252 firms. Despite this, lean
rollouts are not always successful; only one in four
projects actually meet expectations [34]. There are
some challenges to implementing JI'T and Kanban
m smaller companies. A lack of bargaining power
with suppliers, uneven demand, and madequate
shop-floor infrastructure often impede growth [21].
In factories that must react quickly to changes, tra-
ditional card-based Kanban may not work well [35].
By combining these methods with digital technolo-
gy-sensor networks, cloud dashboards, or automat-
ed signals-supply chains can gain real-time wvisibility
and coordinate more efficiently [36]. Manufacturing
Execution Systems, or MES, are key components of
that digital upgrade.

According to estimates, the market for cloud-
based MES will be worth $25.78 billion by 2030 [37],

which means it will grow at a rate of 10.1% annual-
ly. Cloud computing can reduce hardware costs for
small and medium-sized businesses. The system can
also be more easily deployed and maintained as de-
mand grows [38]. Studies have shown that moving an
MES to the cloud can reduce operating costs by 30%.
There are several advantages of cloud computing, in-
cluding greater flexibility, better monitoring and di-
rect cost savings [39]. As a result of these findings,
manufacturers might be able to adapt to changing
needs more rapidly with MES solutions based in the
cloud. Although this technology could be useful to
small and medium-sized businesses, they have been
hesitant to embrace it. A number of persistent con-
cerns regarding data security are raised regarding
cloud software and compatibility with legacy systems
[40]. According to Table 1, small and medium- sized
(SMMEs),
emerging technologies are undergoing a digital trans-

enterprises lean manufacturing, and
formation. The report outlines the methods and re-
sults of each study. As illustrated in Table 1, there are
areas in which evidence 1s coming together and oth-
ers in which more research 1s needed.Small and me-
dium-sized enterprises (SMEs) tend to have a smaller
budget, fewer employees, and smaller facilities than
larger corporations. Due to the limitations described
above, firms are challenged to mvest in new technol-
ogies, and many do not possess the internal expertise

necessary.

Table 1. Comparative analysis of recent literature on digital transformation and lean manufacturing in SMEs

Study Focus Area Methodology

Key Findings Limitations

Systematic
literature review
(TOE framework)

Industry 4.0

Ghobakhloo et al.[23] adoption barriers

Masood & Sonntag ~ Industry 4.0 Survey (n=271 UK
[24] benefits/challenges ~ SMEs)

Digital Twin for Case study
Ryzhakova et al. [29] SMMEs methodology

Lean manufacturing PLS-SEM analysis

Panigrahi et al. [16]

performance (n=252 SMEs)
Bibliometric
Kumar & Sharma [41] Industry 4.0 . analysis (421
research evolution A
articles)

Lean manufacturing
implementation

Longitudinal case

Huang et al. [42] study (6 months)

Lean/Six Sigma
barriers

PRISMA systematic

Ibikunle et al. [43] review (158 papers)

Mixed methods
case study

Integrated lean-

Choudhary et al. [44] green approach

Identified technological, organizational,
environmental determinants; knowledge
competencies critical

Limited empirical
validation

Flexibility, cost, efficiency primary
benefits; financial constraints main barrier

Single country
focus

Real-time data capabilities, collaborative
robotics integration

Limited scalability
assessment

JIT strong influence on operational
performance; sustainable performance
linkages

Cross-sectional
design

Organizational and technical barriers
predominant; developing countries face
more challenges

Theoretical focus

26% lead time reduction, 28% efficiency
improvement

Single company
focus

Government support and organizational
culture critical; training investment needed

Limited practical
frameworks

Sustainability improvements achievable;
packaging SME context

Sector-specific
findings
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According to one survey, 2/3 feel they are fighting
for survival due to fierce competition and technolog-
ical gaps [33], [42]. Traditionally, JIT and Kanban
practices have added a layer of complexity to the pro-
cess.

Incorporating updated tools into existing systems,
coordinating with suppliers, and managing fluctua-
tions in demand can all be challenging tasks. A pa-
per-based Kanban board is particularly problematic
mn this scenario. Because real-time msights are limit-
ed in such circumstances, responding quickly to dis-
ruptions and bottlenecks 1s harder [9], [34]. It may
be possible to move forward with a digital-twin en-
abled JI'T-Kanban setup. An approach that combines
knowledge of lean principles with real-time digital
copies of the shop floor can improve visibility and
speed decisions [31].

In addition, SMMEs can pay as they use the
cloud- based service, which may better fit their re-
source constraints [38], [45], [46]. Cloud-based ser-
vices reduce the need for on-premises servers or
large upfront mvestments for SMMLEs. Since SMEs
face daily challenges, this study utilizes action re-
search. As a result of the method, the framework can
evolve through repeated cycles of testing and adjust-
ment, ensuring that the guidance is relevant and prac-
tical. [37]. Over a 30-month period, twelve SMMLEs
manufacturing automotive parts were assessed using
the framework, providing substantial evidence that it
can be applied beyond a single plant. Due to this, its
reported strengths are not dependent on brief pilot
tests, but rather on extended observations.

The partnership between digital twin technology
and just-in-time Kanban has shown to be successful
mn alleviating several persistent bottlenecks related to
lean business processes. The use of digital twins is
a great way to improve Kanban signals in terms of
speed and accuracy as they give instantaneous data
and short-term forecasts [9].

By combining these technologies, inventory
checks can be automated, maintenance schedules
can be automated, and production can be balanced
in real- ime. A physical card-based lean setup usually
does not provide these capabilities. Together, these
factors suggest that a shopfloor that 1s more respon-
sive and more resilient will be able to effectively han-
dle changes 1n the future. Deploying a cloud solution
can further reduce the entry barriers to the market,
thereby lowering entry costs. Subscribing to advanced
tools, such as CRM software, 1s an excellent way for
small and medium businesses to save money on
maintenance [38]. Due to the low-cost sensors used
in the [oT, large amounts of operational data are col-

lected at a reduced cost, leaving companies with strict
budget constraints to be able to afford them [39].
This framework can therefore be adopted even by
manufacturers with limited resources as a result of its
flexibility and adaptability.

3. Methodology

3.1 Study Design and Research Approach

This study created and assessed a JI'T-Kanban
framework that 1s specifically designed for small
and medium-sized enterprises, facilitated by Digital
Twins, using an action research methodology. As a
result of action research during the practical imple-
mentation of the framework, theoretical advance-
ments have been merged with empirical validation
[10, 34]. An observation period of 30 months was
conducted, beginning in January 2022 and ending in
June 2024. The system was implemented through a
series of steps, including digital maturity audits, pi-
lot programs, full implementations, and regular up-
dates. As a result of this method of organizing work,
each component could be examined without causing
the machine to halt its normal operation. Action re-
search participants contributed to the development
of solutions and made changes based on the infor-
mation they acquired. During time, the [ramework
mmproved and so did its performance.

3.2 Participant Selection and Study Setting

There are a number of supply chain partners in
the area as well as well-developed industrial services,
which makes it an ideal site for conducting field re-
search. The companies were selected from the Sau-
di Industrial Development Fund list, and to qualify,
they must have between 50 and 250 employees, a
revenue between $5 million and $50 million, and at
least an average track record of lean manufacturing.
The pool of candidates was narrowed further by ad-
ditional screening. Organizations were required to
demonstrate basic production capabilit- ies, commit
to a 30-month digital transformation project, and
maintain organizational stability.

Conversely, businesses in the midst of major
technology roll-outs, lacking mimimal I'T infrastruc-
ture, or undergoing substantial restructuring were set
aside. The final sample averaged 127 employees (+
43), brought in about US$23.4 million (+ 12.7) per
year, and had operated for 8 to 24 years. Data were
gathered from 89 employees spanning several tiers
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of the organization. Specifically, the sample mcluded
24 senior managers, 31 production supervisors, 26
machine operators and eight I'T" specialists. Approx-
mmately 73 percent of participants were men, which
mirrors the wider regional manufacturing workforce.
Their mean age was about 34 years (SD = 8.9), while
their average tenure in the sector hovered around 12
years (SD = 6.3).

3.3 Digital Twin-Enabled Framework
Development

With a cloud-based Digital Twin and a lean JT'T-
Kanban framework, you can create a clean design
with three layers. Cheap IoT sensors on the shop
floor collect data, which 1s then cleaned, stored, and
sent to a virtual copy of the line in the cloud. Lastly,
operators can see the results on debuas in apps for
mobile devices and this setup keeps hardware costs
low and lets people see what's going on right away.
Most factories can afford ESP32 microcontrollers,
which cost between $12 and $18 each. There are
usually 15 to 25 sensors on a production line. For
mstance, ultrasonic modules (HC-SR04) check the
stock level, vibration sensors (MPU-6050) check the
level of vibration, and temperature sensors (DHT22)
check the level of humidity. Value-stream mapping
helps figure out where to put sensors so that useful
data can be collected.

In the cloud, messages are queued and wireless
telemetry 1s used to transfer data. In spite of noisy
factories, this protocol ensures that messages remain
small and can be transmitted. Each inventory read-
mg 1s transmitted every 30 seconds, each equipment
reading is transmitted every 10 seconds, and each
environ- mental reading is transmitted every minute.
With this pattern, the network does not have to be
overburdened in order to provide useful informa-
tion. The implementation of the project led to the
emergence of many real-world problems. As a result
of inconsistent data quality and unstable signals, set-
ting up the sensors was challenging at first. To ad-
dress this 1ssue, a multipoint calibration protocol
was 1mplemented. The results of this analysis are
compared with those of certified instruments at dif-
ferent operational setpoints at which the sensors are
reading. In addition, heavy machinery in the factory
caused a considerable amount of electromagnetic in-
terference, which resulted in noise in sensor data. In
order to minimize the effects of this, moving averages
and other microcontroller-level software filters were
used to smooth the data prior to transmission. It was
also decided to relocate the sensors to a less clut-

tered area. To conclude, a mesh Wi-F1 network was
mstalled across large factory floors which had metal
and physical barriers. By doing so, dead spots were
eliminated and all Io'T devices were able to send and
receive data without any difficulty. The network was
maintained across numerous floors of a large manu-
facturing facility.

Alter your data has been moved to the cloud,
Azure will handle all the tedious tasks on your behalf.
Devices are managed through the IoT Hub, streams
are analyzed in real-ime by Stream Analytics, and
the shop floor is monitored by Azure Digital Twins.
A discrete-event model is used by Anyl.ogic‘s mirror
to simulate what might happen in the event of new
data coming in. [17] Compare the virtual state space
representation with the real-time state space repres-
entation:

Xk+1=AXk+Buk+wk (1)

where X, represents the system state vector at
time k, A 1s the state transition matrix, B 1s the mput
matrix, u; denotes control inputs, and w; represents
process noise. This formulation enabled real-time
synchronization between physical manufacturing
processes and virtual Digital Twin representations,
supporting predictive analysis and optimization rec-
ommendations.

3.4 Data Collection Protocols

The first step was to use mixed methods to eval-
uate the mitiative to get a better picture of it. This
company used sensor networks to monitor produc-
tion output, inventory levels, and defect rates. The
data streams gave us a clear picture of how things
were taking place every day. They also let us keep
track of the time stamps for each entry. The quali-
tative part was different from the quantitative part in
that it looked at the actual process of putting the plan
mto action. people learned more about the organi-
zation’s work by watching, doing semi-structured in-
terviews, and having focus group discussions. These
two different ways of looking at things can help us
understand what has changed and why. Production
performance metrics included cycle time measure-
ments (7yq), setup time assessments (7y,), overall
equipment effectiveness (OEE), and throughput cal-
culations. OEE calculations followed industry-stan-
dard formulations [12]:

OEE = Availability x Performance x Quality  (2)

where:
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Availability —=—2r0E

7;Jlanned

T ... x Units

deal duced
Performance =— produce o

]—;perating

Quality _ _Unitsy

Unltsproduced

Aside from tracking work-in-progress (WIP), raw
materials were being used steadily, and counted fin-
1shed goods were monitored by automated tools. To
test whether each Kanban card worked well, the aver-
age time between a signal and response was taken. A
stock run monitoring system was also in place. There
could be a problem if shortages happen frequently.
An analysis of the costs involved in upgrading the
technology was conducted. As well as examining the
costs of traming staff, it examined how much they
spend on daily necessities. To determine the finan-
cial security of the business, a standard return-on-in-
vestment formula was applied [4]:

Benefitstotal — Coststotal
Costs

ROI = x100% (4)

total

Comparing baselines can help you figure out how
much productivity has increased up, how much in-
ventory has come down, and how high quality has
gone up alter implementation.

3.5 Implementation Phases and Validation
Protocols

In order to determine whether each organiza-
tion was prepared for digital projects, the team used
structured evaluation tools. Among the things consid-
ered 1n the protocol was the level of readiness of the
technology, the organization s capacity, as well as the
ability of the current infrastructure to handle the de-
mands of evolving systems. Following the evaluation
of the criteria, an overall score of digital maturity was
calculated [2]:

n

DMscorc = ZM/I XS[ (5)
i=l

where DM, . represents the digital maturity

score, w, denotes weighting factors for assessment cri-
teria i, S, represents individual criterion scores, and n
idicates the total number of evaluation criteria. Ex-
perts agreed on the relative importance of five core
areas, assigning provisional weights to each. Technol-
ogy infrastructure carried the greatest influence (0.3),

followed by organizational capabilities (0.25), da-
ta-management readiness (0.2), change-management
capacity (0.15), and, lastly, financial resources (0.1).
These values serve as guiding coefficients rather than
fixed absolutes, acknowledging that local conditions
can shift priorities.

In order to improve the production line, all orga-
nizations tried to pilot a single line for the purpose
of learning from their experience and making im-
provements. The aim of this study was to determine
whether the Digital Twin accurately reflected reality
by comparing discrete-event simulations with actual
data collected on the shop floor in order to confirm
this [7].

k _ 2
po3 OB ©
i=1 E

1

where O, represents observed frequencies, E; de-
notes expected frequencies from simulation models,
and k indicates the number of categories. Validation
acceptance criteria required y? values below critical
thresholds (& = 0.05) and correlation coefficients
exceeding 0.90 between simulated and actual perfor-
mance metrics.

3.6 Statistical Analysis and Comparative
Evaluation

SPC techniques make it possible to keep an eye on
the health of the system and the performance of pro-
duction all the time. peopl can often find small chang-
es in quality before they turn into big problems by put-
ting routine measurements on control charts. Control
limits on these charts are usually set using the following
well-known formulas found in the literature [40]:

UCL =X+30
CL =X (7)
LCL =X-30

where X represents the process mean, ¢ denotes
the process standard deviation, UCL indicates upper
control limits, CL represents center lines, and LCL
denotes lower control limits. SPC implementation
enabled real-time detection of process variations and
framework performance anomalies.

As part of the study, a Difference-In-Differences
(DID) methodology was employed in order to de-
termine the efficacy of the proposed framework by
comparing the results with those of conventional
Just-In-Time (JI'T) systems as well as well-established
digital transformation processes. As a result of the
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DID model, which 1s based on standard regression
equations [5], it is possible to separate the effects of
the framework itself from the effects of the model.
Despite the assumption that the groups would have
progressed concurrently without intervention, it was
important to validate the premise that they would
have done so:

Y, =a+ BT+ B+ BT xB)+yX, +o, ®)

where Y, represents outcome variables for orga-
nization i at time ¢, T, indicates treatment group as-
signment (framework mmplementation), P, denotes
(T,xP)

the interaction term capturing treatment effects, X,

post-implementation  periods, represents
encompasses control variables, and 0, represents
error terms. The coefficient f; provided unbiased
estimates of framework eflectiveness under parallel
trends assumptions.

In order to identify hidden divergences, the re-
search team visualized pre-implementation data and
included mteraction terms between treatment status
and time. A series of additional tests was conducted
to increase confidence in the results. It included the
use of a variety of model specifications, placebo tests
that treated earlier periods as though they were inter-
vention points. Further analysis was conducted to de-
termine how changing key assumptions affected the
results. This combination of measures ensures that
any observed effects cannot be attributed to artifacts
resulting from model selection or temporal factors.

A machine-learning layer is added to the frame-
work’s advanced analytics layer to help predict mainte-

nance, forecast demand, and optimize processes. The
DID analysis was in addition to this. Using the random
forest model, maintenance teams can identify equip-
ment that is likely to fail in the future before it breaks
down by analyzing sensor readings [22]. Insights de-
rived from data are still in the process of changing, but
they can be useful to businesses in order to make them
more reliable and efficient.

P(failure) = % ZB: T,(x) ©)
b=1

where P(failure) represents failure probability
predictions, B denotes the number of decision trees,
T,(x) indicates individual tree predictions for mput
vector X, enabling proactive maintenance scheduling
and downtime prevention.

4, Results and Discussions

4.1 Digital Maturity Assessment and Baseline
Characterization

Twelve SMEs took part in the study, but not all
were ready to adopt new technologies and use them ef-
fectively. It was mainly due to how they perceived their
digital maturity at the beginning of the project. Based
on the weighted evaluation framework described in the
methodology section, 1t 1s possible to determine how
each company‘s current capabilities and infrastructure
are aligned. These digital maturity scores are summa-
rized in Table 2 for fine-tuning and planning.

Table 2. Digital maturity assessment scores across participating SMMEs with component analysis and overall readiness rankings

Technology ~ Organizational Data Change . .
Organization Infrastructure  Capabilities ~ Management Management Reszgfclcslézlo ) OvzrczﬂlreDM Readiness Rank
(0.3) (0.25) (0.2) (0.15) '

SME-01 7.2 6.8 59 7.1 8.2 6.74
SME-02 54 52 4.8 59 6.1 5.31 8

SME-03 8.1 7.6 7.2 8.0 7.8 7.66
SME-04 6.3 6.1 54 6.8 7.0 6.18 5
SME-05 4.8 4.9 4.2 51 5.4 4.84 n
SME-06 7.5 7.2 6.8 7.4 8.0 7.26 2

SME-07 59 5.7 51 6.2 6.5 5.76
SME-08 6.8 6.4 6.0 6.9 7.3 6.52 4
SME-09 4.2 4.5 3.8 4.7 4.9 4.35 12

SME-10 5.7 5.8 53 6.0 6.2 5.62
SME-1 6.1 59 5.6 6.5 6.8 6.08 6
SME-12 5.2 5.0 4.6 55 5.8 5.18 10
Mean 6.10 5.93 5.39 6.34 6.67 5.96 -
SD 1.23 1.09 1.02 1.03 1.10 1.04 -
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There was a range of digital maturity scores be-
tween 4.35 and 7.66, with a mean of 5.96 and a stan-
dard deviation of 1.0. The range of the technology
mfrastructure was the largest (SD = 1.23), whereas
the baseline for data manage- ment capability was the
lowest (mean = 5.39). In general, companies that per-
formed well on the test adopted the framework faster
and reported that the roll-out was more smooth. The
results of this study suggest that being ready at the
start of the project 1s associated with success m the
long run.

4.2 Pilot Implementation Results and Digital
Twin Validation

The first part of the pilot tested a number of pro-
duction lines to see how well the Digital Twin worked
and how well the framework as a whole worked. To
recreate shop-floor conditions, discrete-event simula-
tion models are used with real production data from
the shop floor. Figure 1 shows a summary of the
results: Figure la shows the difference between sim-
ulated and actual outputs over 120 days. Figure 1b

(a) Correlation Analysis: Simulated vs Actual Production
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(c) Prediction Accuracy for Key Performance Indicators
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shows the difference between chi-square goodness-
of-fit tests for different production scenarios. Figure
1c looks at how accurate key performance idicator
predictions are. Figure 1d shows how the perfor-
mance of physical and virtual systems changes over
time. When you look at all of these panels together,
you can see that the Digital Twin can closely mimic
real-world behavior, but you should keep an eye on it
because conditions are always changing. The Digital
T'win validation process showed that all of the organi-
zations that took part were very accurate. Correlation
analysis found an average correlation coeflicient of
0.92 (SD = 0.021). According to the methodology,
eleven of the twelve implementations surpassed the
0.90 threshold. All production scenarios are statisti-
cally valid (p > 0.05) according to Chi-square good-
ness-of-fit testing, and the test statistics are well below
critical thresholds. The predictions for cycle time
were correct by 3.2%, for throughput by 2.8%, and
for quality by 4.19%. The average time it took for up-
dates to happen was 2.3 seconds (SD = 0.8), This
resulted in the monitoring and control system being
able to monitor and control the system in real-time.

(b) Chi-square Goodness-of-fit Test Results
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(d) Temporal Synchronization Performance

05 I m === Mean: 2.3s
. *_ - +18D: 3.1s
M -1SD: 1.5s
0.4 1 =
2 _
z %
2 031 ]
2
Z
<
-1
2 0.2
a
0.1
0.0 r - . - e
1 2 3 4 5

Update Latency (seconds)

Figure 1. Comprehensive Digital Twin validation analysis across twelve SMMEs pilot implementations. (a) Correlation analysis
between simulated and actual production outputs showing R? values and regression lines for each organization. (b) Chi-square
goodness-of-fit test results across different production scenarios with acceptance thresholds. (c) Prediction accuracy analysis for key
performance indicators including cycle time, throughput, and quality metrics. (d) Temporal synchronization performance showing
latency distributions and real-time update frequencies.
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4.3 Comprehensive Implementation
Performance Analysis

A pilot validation confirmed the framework’s ef-
fectiveness. It has since been put into use on all pro-
duction lines, giving us 18 months ol performance
data. Several operational metrics were examined from
various angles in order to determine how effective the
framework was mn terms of building a better site. Fig-
ure 2 shows a detailed six-panel analysis that fully de-
scribes how well an implementation works. A study
m Iigure 2a indicates that inventory levels are going
down on a month-to-month basis. The efficiency of
production scheduling has improved, lead times have
decreased for different product categories i Figure
2b, setup time optimization is portrayed in Figure 2,
overall equipment effectiveness has improved (OEL),
and work-in-process (WIP),has also increased.

(a) Monthly Inventory Level Reductions
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(c) Lead Time Reductions by Product Complexity
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The performance analysis showed that there were
big improvements in all the areas that were measured.
The average drop in inventory levels was 47.3% (SD
= 8.2%), but the results for each case ranged from
32% to 619%. Because of this implementation, sched-
ule adherence went up from 68.4% at the start to
91.7% alter it was put into place (p 0.001). Because
of this big jump in numbers, production supervisors
said that things were getting better in other ways as
well.Because things were more predictable, supervi-
sors said they spent less time dealing with problems
and changing appointments. This not only helped
them deal with daily stress, but it also let them shift
their focus from crisis management to proactive pro-
cess improvement and coaching their teams. Thanks
to the new stability, management and shop-floor
workers could now count on a production plan that
was more reliable and doable, which made the oper-

(b) Production Scheduling Accuracy Improvements
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(d) Setup Time Optimization Results
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(f) Work-in-Process Level Optimization
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Figure 2. Comprehensive operational performance analysis following full framework implementation. (a) Monthly inventory level
reductions showing percentage decreases from baseline across all SMMEs. (b) Production scheduling accuracy improvements
measured through schedule adherence and variance reduction. (c) Lead time reductions categorized by product complexity and
production volume. (d) Setup time optimization results showing percentage improvements across different equipment types. (e) OEE
improvements decomposed into availability, performance, and quality components. (f) WIP level optimization showing WIP reduction
percentages and flow efficiency improvements.
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ation more trustworthy and easier to run. Lead times
went down by 28.4% (SD = 6.7%). Products with
complicated designs got 35.2% better, and products
with standard designs got 23.8% better. The average
improvement was 51.8% (SD = 12.1%), and the time
it took to set up was cut almost in half. Automated
changeover protocols are a big part of why these effi-
clency gains have happened. OEE went up by 38.6%
(SD = 9.4%). There are three parts to the 12.3% in-
crease n availability, the 15.8% rise in performance,
and the 10.59% improvement in quality. WIP levels
also dropped by an average of 42.1% (SD = 7.9%),

which made production more efficient.

4.4 Comparative Effectiveness Analysis Using
Difference-in-Differences Methodology

Analyzing the efficacy of the framework in com-
parison with conventional digital transformation strat-
egles and traditional Just-In-Time (JI'T) methodolo-
gies was conducted using the DID methodology. In
addition, these researchers compared data on sixteen
similar SMEs collected over the same period using
traditional approaches.

They were also selected from the Saudi Indus-
trial Development Fund database like the treatment
group. In order to ensure that the groups were sim-
ilar, five main criteria were used: (1) industry sector
(manufacturing automotive parts), (2) organizational
size (within 159 of the mean of the treatment group),
(3) annual revenue (within 15% of the mean of the
treatment group), (4) years in operation (+3 years),
and (5) baseline operational practices (confirming
use of traditional, non-digital JIT or Kanban sys-
tems).Several control firms have also confirmed that
there were no major digital major transformation

projects planned or underway during the time of the
study. This rigorous selection process was carried out
by reducing confounding variables and enhancing
the validity of parallel trends. Table 3 displays treat-
ment effects across various outcome variables, with
a strong standard error and confidence interval for
each coefficient. The DID analysis found that all out-
comes had a statistically significant effect (p 0.001).
The Digital Twin-enabled framework mmproved -
ventory reductions by 40.0 percentage points, sched-
uling accuracy by 19.0 percentage points, and lead
times by 23.5 percentage points. The framework had
a very high success rate, with an overall success rate
of 80%. The treatment effect of conventional meth-
ods 1s 47.1 percentage points higher than the 78.3%
treatment effect of conventional methods. A parallel
trend hypothesis can be supported by the finding that
all variables i the pre-treatment trend analysis did
not differ significantly between the treatment group
and the control group (p &gt; 0.010).

4.5 Economic Impact and Return on
Investment Analysis

An analysis of the cost-benefit of implementing
this framework was conducted to determine how its
implementation affected participating organizations’
finances. Over the course of 18 months, costs associat-
ed with implementation, operational savings, produc-
tivity gains, and return on investment were evaluated.
A summary of economic findings across five panels is
presented in Figure 3. The benchmark for a “conven-
tional Industry 4.0 solution” was determined by as-
sessing market rates for systems involving on- premise
server infrastructure, upfront licensing fees for mono-
lithic manufacturing processes, proprietary industrial

Table 3. Difference-in-differences regression analysis comparing Digital Twin-enabled framework against traditional implementation

approaches across key performance metrics

. Pre-Treatment  Post-Treatment  Control Group Treatment  Standard o
Outcome Variable Mean Mean Change Effect (Bs) Error 95% Cl p-value
Inventory Reduction (%) 2.1 473 52 40.0%** 3.8 [32.6, 47.4] <0.001
Schedule Accuracy (%) 68.4 91.7 4.3 19.0%** 2.1 [14.9, 23.1] <0.001
Lead Time Reduction (%) 1.8 28.4 3.1 23 5%%% 29 [17.8,29.2]  <0.001
Setup Time Reduction (%) 32 51.8 6.8 47.8%%* 4.2 [33.6,50.0]  <0.001
OEE Improvement (%) 1.9 38.6 4.5 3. 2%k* 3.6 [25.2,39.2] <0.001
L";f;e(gi”tat'on success - 78.3 312 47,15 58 [357,58.5]  <0.001
0
Egﬁgoyee Satisfaction 62 7.8 03 1,380 0.2 [0.9,1.71  <0.001
Digital Literacy Score 4.1 5.9 0.2 1.6%** 0.3 [1.0,2.2] <0.001

Note. ***p < 0.0071; **p < 0.01; *p < 0.05
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(a) Implementation Cost Breakdown
(Average: $127,000)

(b) Monthly ROI Progression Over 18 Months
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Figure 3. Comprehensive economic impact analysis of Digital Twin-enabled framework implementation. (a) Implementation cost
breakdown showing technology acquisition, installation, training, and operational expenses across SMMEs categories. (b) Monthly
return on investment progression demonstrating cumulative benefits over 18-month periods. (c) Cost comparison analysis with
conventional Industry 4.0 solutions showing percentage savings. (d) Productivity-related cost savings decomposed into labor
efficiency, material utilization, and equipment optimization components. (e) Payback period analysis across different organizational
sizes and digital maturity levels.

hardware, and extensive integration consultants bill-
able hours. By contrast, the proposed framework is
based on operational expenditures rather than capital
expenditures. Implementation costs are broken down
by category (3a), ROI progression 1s demonstrated
(8b), costs are compared to conventional benchmarks
(3¢), productivity-related savings are decomposed
(3d), and payback periods are analyzed for different
organizational sizes and digital maturity levels (3e).
Financial results proved favorable across the
board. Organizations spent an average of $127,000
on implementation (SD = $31,000)—roughly 63%
less than conventional Industry 4.0 solutions typically
require. Returns grew steadily throughout the study
period, with ROI reaching approximately 187% by
month 18. Individual results ranged from 142% to
234%. Several factors contributed to the savings. Pro-
ductivity improvements accounted for a positive fi-
nancial outcome across the board. Compared to con-
ventional Industry 4.0 solutions, organizations spent
approximately 63% less on implementation (SD =

$31,000). A gradual growth of ROI was observed
throughout the study period, reaching approximately
1879 by month 18. There was a range ol 142% to
2349 m individual results. The savings were due to
a number of factors. The largest portion of the 1m-
provements came from productivity improvements,
accounting for 429%, followed by mventory optimiza-
tion, accounting for 31%. 18% of the cost was attribut-
ed to quality improvements, and 9% was attributed to
maintenance optimization.

4.6 Statistical Process Control and Quality
Performance Results

SPC checked quality performance during the mm-
plementation phase. Analyses were conducted on all
production lines to determine metrics for evaluating
process stability, reducing variation, and improving
quality. Using SPC has mmproved control charts, pro-
cess capability indices, and the reduction of variations
across different process categories, as shown m Table 4.
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Table 4. Statistical process control analysis results showing process performance improvements and quality metrics across
production categories

Pre-Implementation  Post-Implementation Variation Control Chart Violations Process

Process Category

Cpk Cpk Reduction (%) (per month) Stability Score
Machining Operations 1.12 1.67 34.2 23 8.7
Assembly Processes 0.98 1.54 41.8 1.8 8.9
Quality Inspection 1.31 1.82 28.7 0.9 9.2
Material Handling 1.05 1.49 39.1 2.1 8.5
Packaging Operations 1.18 1.71 314 1.2 9.0
Overall Average 113 1.65 35.0 1.7 8.9

SPC analyses showed quality improvements in all
areas. The process capability index shows mmprove-
ments between 1.13 and 1.14. The variation was cut
down by 1.65, which indicates better control. Assem-
bly processes saw the biggest drop, down by 85.0%.
There was a big drop in 41.8% of control chart vio-
lations, from 7.8 per month before to 1.7 per month
after implementation. This indicates that the process
1s more stable. A 10-point scale that measured how
stable the process was was averaged across all cate-
gories. This showed that the framework had been
successfully integ- rated and that performance had
continued to improve.

(a) Predictive Maintenance Accuracy Across Equipment Types
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4.7 Machine Learning Performance and
Predictive Analytics Results

During the implementation phase, we used ad-
vanced analytics and machine learning algorithms
to give us recommendations for predictive mainte-
nance, demand forecasting, and optimization. To
see how well the predictor model worked, we looked
at a number of algoriht ms and scenarios. Figure 4
shows that a four-panel analysis 1s used to measure
how well machine learning integration works. Panel
4a says that random forest algorithms can accurately
predict when different types of equipment will need

(b) Demand Forecasting Performance Comparison
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(d) Cost Savings Through Predictive Analytics Applications
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Figure 4. Machine learning integration performance analysis across predictive applications. (a) Predictive maintenance accuracy
showing failure prediction rates and false alarm percentages across equipment categories. (b) Demand forecasting performance
comparing traditional statistical methods with ML-enhanced approaches using mean absolute percentage error and root mean
square error metrics. (c) Optimization recommendation acceptance and implementation success rates across different operational
areas. (d) Cost savings achieved through predictive analytics applications decomposed into maintenance savings, inventory
optimization, and production efficiency improvements.
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maintenance. Panel 4b shows how traditional and
machine- learning-enhanced methods for predicting
demand compare to each other. Panel 4¢ shows that
optimization suggestions are accepted and put into
action successfully. Panel 4d shows that using pre-
dictive analytics can save money. when it came to
mtegrating machine learning, it worked very well in
all applications. In general, predictive maintenance
algorithms were correct about 80% of the time, with
a 91.3% (SD = 4.2%) accuracy rate for predicting
equipment failures and a false alarm rate of less than
5.8%. Demand forecasting has made a lot of prog-
ress over traditional methods, with a mean absolute
percentage error of 6.79% and a root mean square
error of 38.2%. A total of 84.6% of optimization sug-
gestions were accepted, and 78.9% of them were put
mnto action successfully. Predictive analytics saved or-
ganizations an average of $89,000 per year. This was
in addition to savings on maintenance costs (429%),
mventory optimization (319), and improvements in
production efficiency (27%).

4.8 Employee Training and Digital Literacy
Development Results

The team decided to make a training program to
help people learn digital skills so they could use the
framework. A standardized test was given before and
after the training to find out how well people could
use technology. Table 5 shows detailed studies of
how different groups of employees and levels of the
organization have been able to get better at their jobs.

A lot has changed since I got training. There was
an increase in overall digital literacy scores of 44.9%,
from 4.1 to 5.9. This indicates that the program was
successful, since Cohen’s D value was 1.8, which 1s
considered to be very high. A 52.19 improvement in
relative performance can be attributed to production
supervisors. Even though their relative gains were
small, I'T specialists did very well in absolute terms.

Because they were good at the start, this 1s the
case. As of the completion date for 86.49% of partic-
Ipants, senior management had the highest rate of
91.7% learning their skills. A strong positive relation-
ship between the number of training hours complet-
ed and the level of skill mastery achieved shows that
the program works.

4.9 Long-term Sustainability and
Performance Maintenance

Accordingly, the results indicate that the perfor-
mance has remained stable. During the first evalu-
ation, improvements were observed that remained
unchanged for the following 24 months. There were
no deviations from the control limits in any of the key
metrics. There was a great deal of difficulty in ensur-
ing that the system was reliable, but it was. Based on
the framework‘s components, 98.7% of IoT sensor
networks were operational, 99.4% of cloud platforms
were operational, and 97.9% of Digital Twin synchro-
nizations were accurate.

There was good evidence throughout the research
work that a framework was able to be stable, flexi-
ble, as well as capable of growing with the use of it
as a framework, whether that be for individuals or
for organizations. According to the data provided by
the organization, with every improvement cycle that
takes place 3.2 times a quarter, it 1s estimated that the
organization had improved by 2.19, and this rate was
suggested to be 3.2 percent.

In my opinion, the most important value of the
system lies in the fact that it provided an enormous
amount of flexibility, which was a major part of its
appeal. As a result of 47 changes in process and 23
changes in technology, there were no problems with
the system or degradation of performance as a result
of those changes.

Table 5. Employee digital literacy development results showing pre- and post-training assessment scores across organizational levels

and skill categories

Employee Category N Pre-Training ~ Post-Training  Improvement  Effect ISize Training 4 Competency
Score Score (%) (Cohen's d) Hours  Achievement Rate (%)

Senior Managers 24 52 7.8 50.0 1.8 32 91.7

Production Supervisors 31 4.8 73 521 2.1 28 87.1

Operators 26 3.6 54 50.0 1.9 24 80.8

IT Specialists 8 7.1 8.9 25.4 1.2 20 100.0

Overall Average 89 4.1 5.9 44.9 1.8 26 86.4
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(a) Performance Stability Analysis Over 24-Month Period

with Statistical Control Limits

(b) System Reliability Metrics
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Figure 5. Long-term sustainability and performance maintenance analysis. (a) Performance stability analysis showing key
performance indicators tracked over 24-month periods with control limits and trend analysis. (b) System reliability metrics including
loT sensor network uptime, cloud platform availability, and Digital Twin synchronization reliability. (c) Continuous improvement
trends showing iterative optimization cycles and performance enhancement progression.

4.10 Framework Scalability Assessment and
Implementation Guidelines

It was determined that the framework was capable
of being adapted to a variety of contexts, including
diverse organizational sizes, industries, and levels of
digital maturity, as well as implementation challenges.
In addition to developing evidence-based guidelines
for a broader audience, the project sought to dissem-
mate them. Table 1 provides a detailed list of these
scalability factors, which identifies the most import-
ant ones that may contribute to the success of frame-
works in different operating environments.According
to the study, digital maturity 1s negatively associated
with implementation success (r = 0.87, p 0.001). The
results did not show a significant relationship between
the organization’s size and its performance (r = 0.34,
p = 0.281). Additionally, there was a significant pos-
itive correlation between implementation complexi-
ty and success (r = 0.72, p = 0.008), which indicates
that companiesthat successfully implemented large
projects had a greater chance of long-term success.

the study determined that training requirements in-
creased with increasing success (r = 0.79, p = 0.002),
however, return on investment time decreased with
mcreasing success (r = -0.81, p = 0.001). Better-per-
forming organizations were able to quickly realize the
benefits of their investments.

Using a five-panel analysis as an example, figure
6 1llustrates the flexibility of the framework. Based
on panel (a), it appears that success rates of digital
transformation vary significantly depending on both
the organization’s size and its level of digital maturity.
The panelists discussed this 1ssue n detail.

The second example illustrates the need for re-
sources to maintain cost and timeline control during
a complex system implementation. It provides an
overview of the adaptation strategies employed by
different types of organizations in panel (c). Project
success will be determined by several factors, and
panel (e) examines how timing and achievement pat-
terns will alfect the project’s milestones.

According to several studies, digital maturity is a
more accurate indicator of success than an organaza-
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Table 6. Framework scalability factor analysis across organizational contexts showing implementation success predictors and
adaptation requirements
- Low Impact Medium Impact High Impact Success
Scalability Factor Organizations (n=3) ~ Organizations (n=6)  Organizations (n=3) Correlation (r) p-value
Employee Count 52-78 89-167 189-247 0.34 0.281
Digital Maturity Score 4.35-5.18 5.31-6.52 6.74-7.66 0.87%** <0.001
Implementation Complexity Low (3.2) Medium (5.8) High (7.9) 0.72%* 0.008
Training Hours Required 18-22 24-28 32-38 0.79%** 0.002
Infrastructure Investment ($) 89,000-112,000 118,000-139,000 142,000-168,000 0.56* 0.048
Time fo Full Implementation 8.3-112 121157 16.8-21.4 0.68%* 0.015
(months)
ROI Achievement Timeline 14.1-16.8 10.9-12.3 8.79.9 -0.81#kk 0.001
(months)
Sustainability Score 7.2-79 8.3-8.9 9.1-9.7 0.84%* <0.001
Note. ***p < 0.001; **p < 0.01; *p < 0.05
(b) Resource Scaling Analysis
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Figure 6. Comprehensive framework scalability analysis across diverse SMMEs contexts. (a) Implementation success rates shown
as heat map across organizational size and digital maturity combinations with success probability distributions. (b) Resource
scaling analysis showing linear and non-linear cost relationships with implementation complexity and organizational characteristics.
(c) Adaptation strategy analysis categorizing customization approaches across different organizational types and operational
environments. (d) Critical success factor importance rankings across different implementation contexts using weighted scoring
methodology. (e) Implementation timeline analysis showing milestone achievement patterns and critical path dependencies across
varied organizational scenarios.

tion’s size when it comes to scalability. Among small
companies with a high level of digital maturity (50 to
80 employees), an 89% success rate was reported.
Compared to an organization with more than 200 em-

ployees that is larger or more mature, a company with
fewer than 200 employees has a much higher success
rate. A study conducted by the authors found that
projects of medium complexity had the highest re-
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turn on mvestment, suggesting that complex projects
are not always beneficial. According to the study, most
organizations chose to adapt through process-orient-
ed changes (42%), followed by technology-driven
changes (339%), and hybrid approaches (25%). The
hybrid strategy, however, proved more successful in
the long run. In circumstances where limited resourc-
es are available, the most common and most effec-
tive strategies may differ since people tend to make
similar decisions under similar circumstances. Small
and medium-sized enterprises tend to be risk averse,
which means that they prefer small changes that do
not significantly affect their business model. Consid-
ering that the process-focused approach is based on
common lean principles, requires little upfront capi-
tal, and requires specialized expertise to implement,
I believe that it 1s well suited to this way of thinking. A
hybrid strategy, while mitially seeming more complex
and requiring more resources, has a greater long-
term impact. As a result, it can be difficult for com-
panies to maintain their operations at a stable level
while keeping their costs low at all imes. As a result
of these constraints, managers may be relying on pro-
cess-based adaptations in an effort to implement real,
low-risk improvements, which may not be the most
efficient strategy. There are five factors that must be
present in order for scalability to be successtul. Ac-
cordingly, leader commitment was rated as the most
important factor (importance weight = 0.28) among
these factors. A number of other factors contribute

to success, including the availability of digital resourc-
es (10.1), the readiness of digital infrastructure (023),
the mvestment in employee traming (019), the abili-
ty to manage change (018), and the availability of fi-
nancial resources (012). There was a clearly defined
deadline of 24 months for the successtul completion
of projects. During the first two to three months of
the project, an nitial digital assessment will be con-
ducted, followed by a pilot deployment during the
third to sixth month of the project. It consists of a six
to twelve month implementation phase, followed by
a 13 to 18 month optimization cycle, followed by a
19 to 24 month validation of sustainable capabilities.
This guideline presents practical suggestions for im-
plementing the recommendations derived from the
results of the analysis. The implementation guidelines
say that the strategy must be tailored to fit the needs
of the organization in order to make this framework
work on a larger scale. Most people agree that com-
panies that are very digitally mature can get the best
results from a full implementation that makes the
most of their current technology. For organizations
that aren’t very mature, it’s best to take things step
by step, starting with improving the infrastructure and
skills of the workers. Organizations that were more
mature didn’t have to follow this process. Also, the
size of the organization is something to think about.
Changes in technology worked better for smaller
businesses, while changes in processes worked better
for larger businesses because it was harder to coordi-

Table 7. Evidence-based implementation guidelines for Digital Twin-enabled JIT-Kanban framework scalability across diverse SMMEs

contexts

Implementation Context Re;%z:;zr;ﬁed Critical Prerequisites Expected Timeline Inv;;t]ngw:nt Prsoubczfl(jislisty
lé(li/lWMDEigital ety Impliﬁs:;ltion develo?érss:,rzﬁﬁrsuilding 18-24 months 2?55?(?(?0 7%
g AT R v
AT o pgpaten SO ponans 2000
GpSs [ Peoved gt oaneus S0 o
Automotive Sector Ir&ﬁg%}ig;ﬂgc Supply chain integration 12-15 months 1112555%%% 91%
General Manufacturing Impsléi:ednat;dtion Basic lean knowledge 14-18 months 21‘%%%% 83%
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nate them.The framework was useful for a lot of dif-
ferent types of manufacturing, because it was harder
to coordinate them. The framework was useful for
a lot of different types of manufacturing, but it was
especially useful for the automotive industry. This in-
dustry has grown because supply chains have merged
and lean manufacturing principles have been used.
Digital Twins have made JI'T-Kanban frameworks
possible, which have cut inventory levels by 47.3%
and lead times by 28.49%. These are big steps forward
compared to traditional lean manufacturing methods.
After 18 months, the investment paid off 187%, and
the implementation worked 78.3% of the time. This
method 1s a big improvement over the old one, which
only worked 31.2% of the time. There was a link be-
tween digital maturity and success (r = 0.87, p0.001),
which means that an organization’s ability to use tech-
nology 1s more important than its size when it comes
to putting the framework mto action. As per prior
research, merely 25% of lean initiatives and 31% of
digital transformations in small and medium- sized
enterprises were successful. This study concludes
that electronic integration yields long-term benefits,
contrasting with the transient results reported by
Panigrahi et al. A study was conducted on the per-
formance of JIT, as stated in [16]. Ghobakhloo et al.
[22] say that SMMEs can avoid problems that come
with being small, like not having enough money or
not knowing enough, by using cloud-based solutions.
The Digital Twin parts are not only 91.8% accurate,
but they also meet industry standards, which shows
that they are technically sound. The study’s results are
constrained by several factors. Since the framework
was made just for Saudi Arabia’s Fastern Province,
it can’t be used directly in other places where there
are industries and rules. This research 1s particularly
significant in this geographical context due to its align-
ment with Saudi Vision 2030, a national strategy for
economic diversification and the promotion of indus-
trial digitalization. One important part of this project
was promoting Industry 4.0 technologies, which may
have helped make the area very welcoming for small
and medium-sized businesses (SMSMEs). Some
people think that the recent push for modernization
in different parts of the country may have made peo-
ple more mterested mn this study. This area may be
different from others because of its strange history.
The project was successful because of a number of
things. Depending on their situation, other develop-
Ing economies might not be able to take advantage of
it. Some places have workers with different skill lev-
els, which may mean that training programs need to
be longer and more intense, which could mean that

the payback period is longer. Because it is based on

Just-In-Time principles, the framework needs certain

levels of supply chain maturity to reach its goals. A
bigger buffer is needed as logistics networks become
less reliable, which would make it harder to cut costs
by reducing inventory.

As it was designed for the automotive parts in-
dustry, it 1s also worth considering whether it can be
used in other significant Saudi industries. Due to the
nature of the petrochemical industry as a continuous
flow production industry, it would be more efficient
to implement JI'T and Kanban in place of managing
work-in-process in separate units. It would be possi-
ble for the company to improve maimntenance, repairs,
and operations by getting better supplies, as well as
replace catalysts. Among the measurements included
in the Digital Twin are those for temperature, pres-
sure, and flow rate. There 1s a large part of the project
that will be concerned with the improvement of the
efficiency and health of expensive equipment such
as reactors, distillation columns, and pumps. As a re-
sult, yields will increase and equipment breakdowns
will be fewer, which 1s an extremely costly problem.
It 1s common to use batch production in the food
processing industry. Considering that it 1s possible
for goods to go bad, that there are strict rules, and
that they must be tracked, the framework must ad-
dress these issues. As an additional feature, the Digi-
tal Twin could be equipped with shelf-life prediction
models, as well as Io'T sensors for monitoring the
conditions in the production and storage areas. Using
Kanban signals in conjunction with an inventory pol-
icy that follows first- expired-first-out would reduce
waste and help reduce costs. There are other fields in
which cloud-based digital twining is in use, but these
examples illustrate that each field requires different
sensors, key performance indicators, and predictive
models based on how it functions and what it values.

These technologies can also be afforded by small
and medium-sized businesses with low profit mar-
gins with government assistance, such as subsidies,
Infrastructure, or digital transformation projects. It 1s
possible to extend the 30-month period by up to two
years, but this should not exceed two years. In this
study, small and medium-sized enterprises (SMMEs)
were included that understood the concepts of digital
transformation, resulting in a higher success rate. Due
to the fact that 78.3% ol participants were successful
in their actions, the pre-selection criteria will contrib-
ute to the success of action research.In the absence
of a randomized control group, a difference-in-difter-
ences study cannot be conducted, which means that
other factors may influence the findings. In order for
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the framework to be useful in a broader range of cul-
tural and geographical settings, particularly in emerg-
ing economies that are underdeveloped in terms of
digital infrastructure, 1t needs to be refined. It 1s only
through a randomized controlled trial with a large
sample size that one can demonstrate the long- term
effectiveness of different treatments.

5. Conclusions

By combining JI'T-Kanban and digital twin tech-
nology, SMMLEs have been able to make significant
improvements to their operations. Twelve automo-
tive parts manufacturers participated in an action
research initiative in the Eastern Province of Saudi
Arabia over a period of thirty months. Based on the
evidence presented here, it 1s evident that the frame-
work represents a useful framework for achieving
national strategic objectives, such as Saudi Vision
2030, which seeks to digitize industry and diversi-
ty the economy. Based on the statistical correlation
coefficients, the digital twin models were highly accu-
rate, ranging from 0.89 to 0.96. Because it only took
2.33 seconds for data to sync, this made real-time
manufacturing control possible. The framework
led to a 47.3% drop in inventories, a 28.49% drop in
lead times, and a 38.6% rise in equipment efficiency,
which all led to a 7.3% drop in costs. The findings
indicate that technology readiness was more influ-
ential in determining outcomes than organizational
size. This study indicates that SMMEs exhibiting
a digital readiness score of 0.87 are more inclined
to transform their businesses through Industry 4.0
(p = 0.001). A statistical comparison of the digital
twin framework to conventional JIT methods re-
veals a significant effect (p 0.001). This resulted in
a significant reduction in inventory levels and lead
times, as well as improved scheduling accuracy. The
proposed framework was successful 78.3% of the
time, while traditional methods were only successful
31.2% of the time. The proposed framework clearly
contributed to the financial success of the compa-
ny. According to the survey, each company spent a
median of $127,000 on implement- ing industry 4.0,
which 1s 63% less than the average cost of implement-
g an industry 4.0 solution. It 1s estimated that over
the 18-month payback period, the average return
on investment was 187%. The money was returned
to companies with a high level of digital maturity
even faster, within 8 months. Frameworks work best
when the company is technologically ready, rather
than when 1t 1s large. Although there are wide varia-

tions between participants, digital maturity is the best
indicator of success (r = 0.87, p 0.001). Thus, the
size of the organization showed little correlation with
outcomes (r = 0.34, p = 0.281). The study’s results
have several shortcomings. Due to the fact that the
study was conducted only in Saudi Arabia’s Eastern
Province for a period of 30 months, the findings may
not be generalizable to other industrial contexts or
indicative of long-term results. SMMEs are highly
successful due to their willingness to embrace digital
transformation, which contributes in part to the high
success rates.

In the absence of a randomized control group,
it 1s also possible that other factors could have influ-
enced the outcome. Research in the future should be
conducted to determine whether the framework 1s
scalable across a variety of cultures and regions, par-
ticularly in developing countries. A long-term study
1s essential in order to be able to measure long-term
performance and adaptability of a system, and 1n or-
der to do so we will need to conduct studies span-
ning more than five years. Having a large and diverse
randomized con- trolled trial plays an important role
in demonstrating causal claims successfully, as they
are indispensable for proving causality in order to
demonstrate causality In a correct way.
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