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A	B	S	T	R	A	C	T	
	
The	 research	 examines	 the	 impact	 of	 the	 AI	 capabilities	 in	 terms	 of	 production	
planning	 and	 scheduling	 performance	 by	 their	 interaction	 with	 CPMAI-style	
lifecycle	maturity	in	a	manufacturing	setting.	The	research	design	played	a	mixed	
method	which	combined	survey	data	collected	from	122	practitioners	in	Dubai	UAE	
with	semi-structured	interviews	to	acquire	numerical	results	and	comprehensive	
contextual	 information.	 The	 research	 study	 evaluated	 four	 AI	 constructs	 which	
included	predictive	analytics	capability	and	optimization,	the	decision	support	and	
real-time	data	integration,	and	explainability/user	adoption.	The	survey	measured	
four	CPMAI	constructs	which	included	business	understanding	discipline	and	data	
governance	 and	 readiness	 and	 model	 lifecycle	 and	 MLOps	 and	 iterative	 phase	
adherence.	 The	 study	 was	 conducted	 using	 a	 multidimensional	 index	 to	 assess	
planning	 and	 scheduling	 performance.	 The	 results	 from	 the	multiple	 regression	
analysis	indicated	that	AI	and	CPMAI	had	over	97%	combined	explained	variance	
for	 variance	 of	 performance	 and	 optimization	 and	 decision	 support	 and	
explainability	and	data	governance	and	model	lifecycle	discipline	emerged	as	the	
most	significant	factors.	The	qualitative	results	revealed	that	trustworthy	data	and	
clear	problem	definition	and	transparent	decision	support	systems	are	key	for	the	
long-term	use	of	AI	tools	in	production	environments.	The	research	is	of	theoretical	
value	due	 to	 its	model	of	 smart	production	planning	as	a	 socio-technical	 system	
which	 shows	 how	 technical	 and	 governance	 capabilities	 work	 together	 and	 it	
provides	 specific	 recommendations	 for	 manufacturers	 about	 their	 investment	
priorities.	Limitations	and	directions	for	longitudinal,	multi-site	and	more	objective	
performance-based	research	are	also	identified.	

	
1.	INTRODUCTION	 	
Modern	 factory	operations	depend	on	 scheduling	
systems	which	handle	volatility	instead	of	running	
pre-defined	 plans.	 Research	 on	 reinforcement-
learning	 (RL)	 rescheduling	 demonstrates	 that	
adaptive	 AI	 systems	 transform	 disruptions	 into	
major	productivity	increases	through	dynamic	job-
shop	 experiments	 which	 achieve	 makespan	
reductions	 of	 22.12%	 to	 53.87%	 when	
disturbances	 increase	 and	 peak	 performance	
exceeds	 70%	 of	 the	 disrupted	 baseline	 values	
according	 to	 Saez	 et	 al.	 (2025)	 and	 Roblek	 et	 al.	

(2024).	The	operational	level	scheduling	problems	
require	 heuristic	 methods	 and	 learning	 systems	
because	 conventional	methods	 fail	 to	 solve	 these	
problems	(Fernandes	et	al.,2022;	Sihag	et	al.,	2024;	
Treacy	 et	 al.,	 2025;	 El	 Khatib	 et	 al.,	 2023).	 The	
European	Manufacturing	Survey	shows	AI	systems	
for	 production	 management	 produce	 different	
results	because	18.4%	of	companies	use	AI	in	their	
production	areas	but	only	8.0%	apply	it	to	essential	
process	management	and	30.4%	use	it	in	advanced	
technology	fields	(Kovič	et	al.,2024;	Waltersmann	

Contents	 available	 at	the	publisher	website:	 G A F T I M . C O M 	

Journal homepage: https://journals.gaftim.com/index.php/ijbas/index 

https://journals.gaftim.com/index.php/ijbas/index
https://doi.org/10.1016/j.joitmc.2023.100034
https://doi.org/10.1016/j.joitmc.2023.100034


R. A. Nasser, M. El Khatib                        International Journal of Business Analytics and Security (IJBAS) 5(1) -2025-  164	

https://doi.org/10.54489/ijbas.v5i1.558                                                                                                    Published by: GAFTIM, https://gaftim.com 

et	 al.,2021).	 Manufacturers	 can	 boost	 their	
production	rates	and	reduce	environmental	impact	
through	 the	 integration	 of	 AI	 with	 energy-aware	
scheduling	 and	 multi-objective	 optimization	
according	 to	 Fernandes	 et	 al.	 2022;	 Li	 &	 Chen,	
2023)	 while	 predictive	 maintenance	 helps	
maintain	production	stability	(Debnath	et	al.,2023;	
AlMidfa	et	al.,	2024;	Naim	et	al.,	2024;	Khan	et	al.,	
2023).	 AI	 systems	 operating	 within	 a	 systematic	
lifecycle-based	 framework	 help	 manufacturers	
reach	 operational	 efficiency	 while	 maintaining	
production	 stability	 (Shwedeh	 et	 al.,	 2023;	
AlQassem,	2022;	Kofinas	et	al.,	2016).	
1.2	 Problem	statement	
The	 manufacturing	 sector	 is	 currently	 facing	 a	
major	 problem	 because	 the	 manufacturing	
schedules	 at	 the	 shop	 floor	 become	 rapidly	
outdated	 when	 the	 real-time	 operational	
interruptions	like	falling	of	equipment,	any	urgent	
order	and	inconsistent	production	time	occur	and	
then	 the	 traditional	 planning	 system	 continues	
with	 fixed	 plans	 once	 the	 production	 is	 started	
(Razmak	et	al.,	2018;	Murtaza	et	al.,	2024;	Yasir	et	
al.,	 2024).	 Research	 studies	 using	 the	
reinforcement	 learning	 methods	 and	 search	
assisting	 methods	 are	 superior	 in	 term	 of	
makespan	 and	 tardiness	 performance	 in	
comparison	to	dispatching	rules	in	the	flexible	job	
shops	(Del	Gallo	et	al.,	2023;	Alemão	et	al.,	2021).	
The	 results	 of	 reliability	 studies	 shows	 that	 RL	
schedulers	need	validation	and	control	systems	in	
order	to	work	properly	as	they	become	unreliable	
if	used	without	the	same	(AlShawabkeh	et	al.,	2016;	
AlKatheeri	et	al.,	2025;	Naim	et	al.,	2025).	
The	 current	 research	 meets	 two	 major	 barriers	
because	the	optimization	of	algorithms	with	basic	
synthetic	benchmarks	that	do	not	solve	real-world	
factory	 readiness	 and	 explainability	 and	 lifecycle	
management	 challenges	 (Alzoubi	 et	 al.,	 2024;	 El	
Khatib	et	al.,	2023;	Joghee	et	al.,	2024).	Scheduling	
research	 does	 not	 address	 the	 needs	 of	 the	 shop	
floor	because	most	of	the	studies	are	conducted	in	
a	 laboratory	 setting	 that	 does	 not	 resemble	 the	
actual	 industrial	 conditions	 (Alemão	 et	 al.,2021;	
Del	Gallo	et	al.	2023).	Manufacturing	experts	who	
champion	parallel	reviews	believe	that	established	
governance	 systems	 are	 needed	 to	 ensure	 the	
transparency	 and	 robustness	 and	 accountability	
problems	are	implementable	(Ahangar	et	al.	2025).	
Risk-based	 sector	 specific	 life	 cycle	 models	 yet	
these	 need	 experimental	 validation	 in	 real	

production	environments	(Vyhmeister	et	al.	2023;	
Alshurideh	 et	 al.,	 2022;	 AlNajdawi	 et	 al.,	 2024;	
Ma’asor	et	al.,	2023).	This	 research	combines	 the	
use	 of	 modern	 AI	 scheduling	 and	 forecasting	
systems	and	the	CPMAI	framework.	
1.3	 Research	aim	&	objectives	
1.3.1	 Aim	
The	research	investigates	how	the	AI	systems	using	
CPMAI	 framework	 technology	 improve	 the	
production	 planning	 and	 scheduling	 results	 in	
manufacturing	operation.	
1.3.2	 Objectives	

1. To	 determine	 the	 main	 obstacles	 and	
operational	 problems	 that	 standard	
planning	 and	 scheduling	 systems	 face	
when	 they	 are	 operated	 in	 standard	
manufacturing	situations.	

2. To	 determine	 how	 AI	 forecasting	 and	
scheduling	 solutions	 can	 be	 utilized	 in	
manufacturing	organizations.	

3. To	establish	the	ways	in	which	the	CPMAI	
framework	 supports	 the	 structured	
implementation	 of	 AI	 within	 production	
planning	and	scheduling	processes.	

4. To	 find	 out	 measurable	 improvements	 in	
efficiency	 and	 accuracy	 when	 AI	
technologies	 are	 implemented	 under	 the	
CPMAI	framework.	

1.4	 Research	Questions	and	Hypotheses	
1.4.1	 Research	Questions	

1. What	 are	 the	 main	 obstacles	 and	
operational	 problems	 that	 standard	
planning	 and	 scheduling	 systems	 face	
when	 they	 are	 operated	 in	 standard	
manufacturing	situations?	

2. How	 can	 AI	 forecasting	 and	 scheduling	
solutions	 be	 utilized	 in	 manufacturing	
organizations?	

3. How	 does	 CPMAI	 framework	 support	 the	
structured	 implementation	 of	 AI	 within	
production	 planning	 and	 scheduling	
processes?	

4. What	are	the	measurable	improvements	in	
efficiency	 and	 accuracy	 when	 AI	
technologies	 are	 implemented	 under	 the	
CPMAI	framework?	

1.4.2	 Hypotheses	
1. H1:	Artificial	 intelligence	has	 a	 significant	

and	positive	effect	on	production	planning	
and	scheduling	activities	in	manufacturing	
facilities	
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2. H2:	The	CPMAI	 framework	 is	significantly	
and	 positively	 associated	 with	 on	
production	 planning	 and	 scheduling	
activities	in	manufacturing	facilities	

1.5	 Scope	and	Significance	of	the	Study	
The	 research	 investigates	 how	 Artificial	
Intelligence	 (AI)	 capabilities	 work	 together	 with	
CPMAI	 lifecycle	 practices	 to	 boost	manufacturing	
production	planning	and	scheduling	performance	
through	 four	 AI	 constructs	 and	 four	 CPMAI	
constructs	(AlHamadi	et	al.,	2024;	El	Khatib	et	al.,	
2023;	Khan	et	al.,	2024).	The	research	investigates	
operational	 planning	 results	 through	 schedule	
adherence	 and	 flow	 efficiency	 and	 resource	 and	
changeover	efficiency	and	plan	stability	data	from	
122	Dubai	practitioners	who	handle	planning	and	
scheduling	 and	 AI-based	 practices	 (AlShawabkeh	
et	al.,	2017;	Maydybura	et	al.,	2024;	Karthika	et	al.,	
2024).	The	research	is	significant	in	that	it	provides	
evidence	 that	 production	 planning	 success	
depends	 on	 both	 advanced	 algorithms	 and	
disciplined	 governance	 systems	 which	
manufacturers	 can	 use	 to	 determine	 their	 best	
operational	investment	points.	
	
2.	LITERATURE	REVIEW	
2.1	 Theoretical	&	conceptual	foundations	
2.1.1	 Artificial	Intelligence	
The	 manufacturing	 sector	 employs	 artificial	
intelligence	 through	 data-driven	 models	 which	
allow	 factories	 to	 detect	 their	 environment	 and	
develop	control	systems	and	dispatching	protocols	
and	 make	 decisions	 regarding	 forecasting	 and	
resource	management	and	production	sequencing	
(Shwedeh	&	F.,	2021;	Shao	et	al.,	2025;	Kabiraj	et	
al.,	 2009).	 The	 present	 research	 reveals	 that	
scheduling	 problems	 are	 still	 NP-hard	 when	
applied	 to	 real-world	 scenarios	 so	 factories	 now	
rely	 on	 learning-based	 metaheuristics	 and	
reinforcement	 learning	 in	 order	 to	 solve	 these	
problems	 in	 vast	 solution	 spaces	 with	 uncertain	
conditions	 (Plathottam	 et	 al.,2023;	 Kim	 et	
al.,2022).	 Industrial	 scheduling	 research	 has	
shown	 that	 particle	 swarm	 optimization,	 neural	
networks	and	reinforcement	learning	have	become	
the	 leading	 methods	 in	 industrial	 scheduling	
research	due	to	their	better	tardiness	performance	
than	 traditional	 dispatching	 rules	 in	 actual	 and	
simulated	 test	 environments	 (Del	 Gallo	 et	 al.,	
2023).	Mourtzis	(2022)	goes	on	to	explain	in	more	
detail	 how	 AI,	 simulation	 and	 IIoT	 allow	 for	

adaptive	planning	loops	that	respond	to	variability	
in	demand	 and	machine	 states	 at	 short	 intervals,	
rather	than	just	at	weekly	horizons	(Alzoubi	et	al.,	
2025;	El	Khatib	et	al.,	2024;	Kanwal	et	al.,	2023).	
The	basic	idea	demonstrates	the	key	of	AI	systems	
to	 enhance	 planning	 operations	 by	 processing	
complex	 production	 data	 to	 produce	 rapid	
scheduling	 solutions	 following	 production	
constraints.	
2.1.2	 CPMAI	
A	 lifecycle	 discipline	 needs	 to	 exist	 for	 making	
these	models	reliable	and	plant	adoptable.	In	order	
for	 AI	 systems	 to	 facilitate	 this,	 Lahusen	 et	 al.	
(2024)	 suggest	 that	 these	 AI	 systems	 require	
governance	 frameworks	 that	 connect	 social	
responsibility	with	technical	attributes	using	phase	
gated	controls	that	travel	from	the	beginning	to	the	
end	 of	 a	 project	 (Neyara	 Radwan	 et	 al.,	 2025;	 El	
Khatib	et	al.,	2022;	Joghee	et	al.,	2020).	Vyhmeister	
et	 al.	 (2023)	 present	 a	 risk-based	manufacturing	
framework	 which	 introduces	 requirements	
capture	 and	 data	 readiness	 and	 validation	 and	
mitigation	through	FMEA	tools	in	a	defined	project	
structure	(Shwedeh	et	al.,	2024;	Khan	et	al.,	2024;	
El	 Khatib	 et	 al.,	 2023).	 Ahangar	 et	 al.,	 2025	
advocate	for	industrial	toolkits	for	trustworthy	AI	
systems.	The	study	examines	how	 three	common	
failure	 modes	 such	 as	 poor	 data	 tracking	 and	
ambiguous	models	and	weak	monitoring	systems	
lead	to	system	failures	when	MLOps	practices	are	
not	implemented	(Alshurideh	et	al.,	2025;	Sihag	et	
al.,	2024;	El	Khatib	et	al.,	2022).		
2.1.3	 Production	Planning	and	Scheduling	
The	process	of	Production	planning	and	scheduling	
(PPS)	is	the	process	of	determination	of	production	
sequences	 by	 deciding	 what	 products	 are	 to	 be	
manufactured	and	when	 they	are	 to	be	produced	
and	what	resources	are	to	be	used	for	execution	of	
the	 production	 sequence	 (Joghee	 et	 al.,	 2018;	
Alzoubi	 et	 al.,	 2025;	 Som	 et	 al.,	 2023).	 The	
fundamental	 results	 of	 the	 methodological	
research	in	smart	production	planning	and	control	
are	 schedule	 adherence	 and	 flow	 efficiency	 (lead	
time,	 WIP,	 throughput)	 and	 resources	 and	
changeover	 efficiency	 and	 service	 level	 or	 plan	
stability	 (Kharbat	 et	 al.,	 2017;	 Anifa	 et	 al.,	 2024;	
Salloum	 et	 al.,	 2024).	 Oluyisola	 et	 al.	 (2022)	
developed	a	PPC	system	which	brings	together	the	
IoT	 information	and	machine	 learning	algorithms	
in	order	to	perform	factory	level	near-real	time	re-
planning	 and	 performance	 monitoring	 through	
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environmental	 condition-based	 algorithm	
selection.	 Mourtzis	 (2022)	 explores	 adaptive	
scheduling	 architectures	 that	 bring	 together	 AI	
systems	and	 simulation	models	with	 cloud-based	
connectivity	 for	 continuous	 system	 updates	 and	
reliable	decisions	in	the	face	of	disruptions	in	the	
system	(Al-Qassem	et	al.,	2024;	Naim	et	al.,	2024;	
AlKurdi	 et	 al.,	 2023).	 The	 research	 analyzes	 PPS	
results	 using	 performance	 metrics	 to	 determine	
whether	 the	 management	 of	 AI	 under	 lifecycle	
management	results	in	better	results	of	the	factory.	
2.2	 Review	of	related	studies	
2.2.1	 AI	Effect	on	PPS	performance	
2.2.1.1	 Predictive	analytics	capability|	
A	 factory	 demonstrates	 its	 predictive	 analytics	
power	 with	 its	 capabilities	 of	 forecasting	 future	
demand	and	detecting	the	forthcoming	shortage	of	
resources	 and	 system	 limitations	 (Kumar	 et	 al.,	
2024;	Ahmed	et	al.,	2024;	Alshurideh	et	al.,	2024).	
The	 research	 having	 taken	 place	 in	 US	
manufacturing	 facilities	 indicate	 that	 forecasting	
models	that	are	based	on	historical	order	data	and	
market	 indicators	 help	 organizations	 reduce	
stockouts	 and	 excess	 inventory	 and	 reduce	 lead	
times	 because	 they	 help	 production	 planners	
match	production	capacity	with	material	delivery	
times	with	the	predicted	demand	rather	than	using	
general	 estimates	 according	 to	 Al	 Bashar	 et	 al.	
(2024)	 explain	 (Yas	 et	 al.,	 2024;	 El	 Khatib	 et	 al.,	
2024;	 Alblooshi	 et	 al.,	 2025).	 Through	 predictive	
modeling	managers	can	 find	out	what	exactly	 the	
impact	 of	 human	 resources	 adjustment	 and	
sequencing	 and	 lot	 size	 changes	 will	 have	 on	
production	 output	 and	 delivery	 time,	 before	
making	any	operational	decision	(Al-Qassem	et	al.,	
2021;	Rana	 et	 al.,	 2025;	Halder	 et	 al.,	 2024).	The	
application	 of	 smart	 PPC	 concepts	 help	 machine	
learning	algorithms	 to	predict	 failures	of	systems	
and	 delivery	 issues	 which	 leads	 to	 planned	
maintenance	 and	 deliverable	 times	 as	 per	
Oluyisola	 (2020)	 in	 his	 industrial	 examples.	 The	
system	offers	features	in	predictive	analytics	which	
are	 a	 basic	 performance	 improvement	 tool	 for	
operational	planning	and	scheduling	(Khatib	et	al.,	
2024;	 Hanaysha	 et	 al.,	 2021;	 AlNajdawi	 et	 al.,	
2024).	
2.2.1.2	 Optimization,	decision	support	
The	process	of	optimization	and	decision	support	
systems	takes	the	forecasted	data	and	constraints	
and	produces	detailed	and	precise	scheduling	and	
capacity	 planning	 solutions	 (Kanwal	 et	 al.,	 2023;	

AlMidfa	et	al.,	2024;	El	Khatib	et	al.,	2023).	Meng	et	
al.	 (2023)	 showed	 through	 their	 research	 that	
genetic-algorithm	 model	 for	 machine-part	
operations	 and	 flexible	 job	 shops	 can	 use	
metaheuristic	optimization	to	find	better	machine	
assignments	 and	 operation	 sequences	 than	 rule-
based	planning	methods	which	 results	 in	 shorter	
makespan	and	higher	machine	utilization	(Alzoubi	
et	 al.,	 2024;	 Pande	 et	 al.,	 2024;	 AI-Nakeeb	 et	 al.,	
2024).	 Park	 et	 al.	 (2021)	 report	 that	 he	 multi-
objective	 reinforcement-learning	 schedulers	
function	 as	 decision	 support	 systems	 which	
develop	 dispatching	 policies	 to	 achieve	 better	
tardiness	 reduction	 and	 energy	 efficiency	 in	
flexible	 job	 shops	 than	 traditional	 heuristics	
according	 to	 Li	 &	 Chen	 (2023).	 Decision-support	
systems	 have	 these	 optimization	 engines	 which	
assist	 planners	 to	 consider	 throughput	 and	
overtime	and	changeover	 trade-offs	prior	 to	plan	
finalization	so	these	algorithms	can	be	 integrated	
with	human	decision-making	(Karthika	et	al.,	2024;	
Naim	et	 al.,	 2025;	Murtaza	 et	 al.,	 2024).	Decision	
support	 systems	 make	 direct	 links	 between	
organizational	 goals	 and	 operational	 scheduling	
activities	at	the	operational	level.	
2.2.1.3	 Real-time	data	integration	
The	 integration	of	 real-time	data	allows	planning	
and	 scheduling	 systems	 to	 make	 quick	
modifications	 to	 the	 systems	 in	 the	 event	 that	
actual	events	do	not	match	their	forecasted	values	
(Treacy	et	al.,	2025;	AlKatheeri	et	al.,	2025;	Shehab	
et	 al.,	 2023).	 Woschank	 et	 al.	 (2024)	 found	 that	
integrating	 real-time	 shop-floor	 information	 into	
planning	 rules	 via	 discrete	 event	 simulation	 in	
make-to-order	 environments	 results	 in	 better	
delivery	 reliability	 and	 WIP	 levels	 than	 do	 the	
traditional	 low	 frequency	 replanning	 techniques	
(AlShawabkeh	et	al.,	2023;	Shao	et	al.,	2025;	Ilyas	
et	 al.,	 2023).	 The	 Smart	 PPC	 framework	 helps	 to	
provide	real-time	streaming	of	the	machine	health	
and	buffer	levels	and	transport	times	from	the	IoT	
sensors	 and	 MES	 logs	 via	 cloud	 connectivity	 to	
analytics	and	scheduling	modules	as	per	Oluyisola	
(2022).	 Rahmani	 et	 al.	 (2018),	 in	 their	 study	 of	
smart	PPC,	concluded	that	real-time	data	needs	are	
associated	 with	 system	 characteristics	 which	
include	 variability	 and	 routing	 flexibility	 as	 high	
volatility	 systems	require	 continuous	 feedback	 to	
achieve	 their	 maximum	 potential	 (Khan	 et	 al.,	
2023;	Rosmadi	et	al.,	2025;	Kukunuru	et	al.,	2019).	
Real-time	 integration	 enables	 organizations	 to	
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develop	 a	 perpetual	 control	 system	 that	 exists	
outside	 the	 normal	 periodic	 planning	 systems	
(Joghee	 et	 al.,	 2024;	 AlShawabkeh	 et	 al.,	 2021;	
Joghee	et	al.,	2021).	
2.2.1.4.1	 Explicability	and	user	adoption	
Explainability	 and	 user	 adoption	 influence	
whether	 or	 not	 sophisticated	 AI	 schedulers	 are	
trusted	and	used	by	production	planners	(Vij	et	al.,	
2025;	Kharabsheh	et	al.,	2024;	Kabiraj	et	al.,	2009).	
Research	 into	AI	production	management	reveals	
that	 operators	 build	 trust	when	 they	 understand	
system	 recommendations	 and	 find	 them	
dependable	 and	 goal-oriented	 and	 explanation	
quality	 stands	 out	 as	 the	 primary	 factor	 that	
influences	 trust	 according	 to	 Saßmannshausen	et	
al.	 (2021).	 The	 explainable	 manufacturing	 AI	
platform	 XMANAI	 shows	 with	 counterfactual	
explanations	 and	 feature	 importance	 views	 and	
constraint	 visualizations	 that	 planners	 can	
understand	 why	 a	 certain	 sequence	 is	 suggested	
and	 why	 other	 options	 are	 not	 as	 good	 from	
Agostinho	 et	 al.	 (2023)	 describe	 for	 several	
industrial	use	cases	(Alzoubi	et	al.,	2025;	Ma’asor	
et	al.,	2023;	Nuseir	et	al.,	2021).	Research	studies	
about	 AI	 trustworthiness	 in	 manufacturing	
operations	 shows	 factory	 workers	 do	 not	 trust	
black	box	scheduling	systems	but	experts	suggest	
to	 use	 explainable	 systems	 with	 performance	
tracing	 and	 responsibility	 allocation	 methods	 as	
proposed	by	Ahangar	et	al.	(2025)	(AlQassem	et	al.,	
2022;	 Lee	 et	 al.,	 2024;	 Khadragy	 et	 al.,	 2022).	 AI	
enabled	planning	and	scheduling	requires	decision	
support	 systems	 with	 explainable	
recommendations	to	achieve	successful	long-term	
implementation	(AlShawabkeh	et	al.,	2018;	Joghee	
et	al.,	2023;	Sun	et	al.,	2016).	
	
2.2.2	 CPMAI	style	framework	on	PPS	Outcomes	
2.2.2.1	 Business	Understanding	Discipline		
AI	implementation	success	in	production	planning	
and	 scheduling	 require	 organizations	 to	 have	 a	
good	 business	 foundation	 which	 supports	
operational	needs	of	their	factories.	Lahusen	et	al.	
(2024)	 explain	 that	 AI	 governance	 requires	
organizations	 to	 outline	 specific	 roles	 and	 goals	
and	create	accountability	systems	throughout	the	
AI	 development	 process	 because	 trust	 in	 AI	
systems	 is	 reliant	 on	 social	 and	 technical	 factors	
(Samer	 Hamadneh	 et	 al.,	 2023;	 Alshurideh	 et	 al.,	
2022;	Tangri	 et	 al.,	 2023).	 In	manufacturing,	 The	
TAI-PRM	framework	is	planning	to	implement	this	

concept	 through	 risk	 register	 and	 FMEA-style	
analysis	development	for	particular	use-cases	and	
operational	 hazards	 which	 will	 use	 KPIs	 as	
performance	indicators	(AlHamadi	et	al.,	2024;	El	
Khatib	 et	 al.,	 2023;	Nuseir	 et	 al.,	 2019).	 The	 first	
step	 of	 smart	 PPC	 methodologies	 involves	
problem-definition	 and	 performance-metric	
identification	 which	 requires	 planners	 to	 define	
service	level	targets	and	WIP	and	changeover	costs	
before	 selecting	 an	 algorithm	 as	 Oluyisola	 et	 al.	
(2022)	 illustrate	 (Tanveer	et	al.,	2025;	Kofinas	et	
al.,	 2016;	 El	 Khatib	 et	 al.,	 2024).	 The	 CPMAI	
framework	 allows	 this	 discipline	 to	 validate	 AI	
planning	 and	 scheduling	 systems	 using	 business	
outcome	 measurements	 which	 will	 set	 specific	
criteria	for	subsequent	data	and	modeling	phases	
to	be	successful.	
2.2.2.2	 Data	governance	and	readiness		
The	 capability	 to	 achieve	 business	 objectives	 is	
dependent	on	data	governance	and	preparedness	
as	 they	 set	 the	 conditions	 for	 AI	models	 to	 learn	
from	the	signals	(Yasir	et	al.,	2024;	AlKatheeri	et	al.,	
2025;	 Rana	 et	 al.,	 2025).	 Ahangar's	 et	 al.	 (2025)	
study	 indicates	 that	 manufacturing	 facilities	 face	
three	key	obstacles	to	credible	AI	deployment	due	
to	 their	poor	data	quality	and	 lack	of	 lineage	and	
ambiguous	 access	 controls,	 which	 pose	 a	 risk	 to	
system	robustness	and	accountability	(Anifa	et	al.,	
2022;	Al-Kassem	&	A.	H.,	2021;	Kurdi	et	al.,	2025).	
Smart	 PPC	work	 emphasizes	 that	 integrated	 and	
high-quality	 streams	 from	MES,	 IoT	 sensors,	 and	
ERP	 systems	 are	 the	 prerequisites	 for	 adaptive	
planning	with	 Oluyisola	 et	 al	 (2022)	 divide	 their	
research	 methodology	 into	 two	 separate	 stages	
which	 include	 data	 acquisition	 and	 feature	
engineering	 and	 performance	 feedback	
(Alshurideh	 et	 al.,	 2024;	 Alblooshi	 et	 al.,	 2025;	
AlQassem	 et	 al.,	 2025).	 According	 to	 Paul	 and	
Sarkar	 (2022)	 MLOps	 needs	 industrial	 AI	
frameworks	 to	 implement	 simulation-based	
synthetic	 data	 and	 digital	 twins	 and	 structured	
data	management	systems	in	order	to	address	data	
scarcity	and	concept	drift	problems	(Maydybura	et	
al.,	 2024;	 AlQassem	 &	 A.	 H.,	 2024;	 Khan	 et	 al.,	
2024).	 The	 CPMAI	 framework	 allows	 for	
disciplined	 data	 readiness	 that	will	 link	 business	
requirements	with	model	training	using	controlled	
production	data	(rather	than	random	extracts)	for	
scheduling	algorithms	 (AlShawabkeh	et	al.,	 2021;	
El	Khatib	et	al.,	2023;	Pande	et	al.,	2024).	
2.2.2.3	 Model	Lifecycle	and	MLOps	
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The	deployment	and	maintenance	of	AI	schedulers	
after	laboratory	testing	is	carried	out	according	to	
MLOps	 standards	 and	 procedures	 of	 the	 model	
lifecycle	(AlShawabkeh	et	al.,	2014;	Kanwal	et	al.,	
2023;	Nazeer	et	al.,	2025).	Paul	and	Sarkar	(2022)	
describe	 an	 industrial	 MLOps	 framework	 which	
covers	data	management	and	model	development	
and	testing	and	monitoring	and	governance	with	a	
focus	 on	 detecting	 drift	 and	 implementing	
sandboxed	 deployments	 for	 AI	 systems	 that	
control	 physical	 equipment	 (Alshurideh	 et	 al.,	
2025;	 Khatib	 et	 al.,	 2024;	 AlKurdi	 et	 al.,	 2025).	
Martinez-Arellano	 et	 al.	 (2024)	 state	 that	 shop-
floor	 AI	 systems	 require	 semantic	 models	 which	
connect	 process	 context	 to	 data	 and	 models	 for	
achieving	solution	reuse	and	adaptation	instead	of	
starting	 from	new	development	(AlNajdawi	et	al.,	
2024;	AlShawabkeh	et	al.,	2013;	Yas	et	al.,	2024).	
Research	 studies	 about	 MLOps	 adoption	 reveal	
that	 organization	 struggles	 with	 creating	
automated	 deployment	 pipeline	 and	 linking	
monitoring	 systems	 to	 retraining	 procedures.	
According	 to	 John	 et	 al.	 (2025),	MLOps	 serves	 as	
organizational	capability	which	exceeds	the	status	
of	a	collection	of	tools	(Alzoubi	et	al.,	2024;	Razmak	
et	 al.,	 2018;	 El	 Khatib	 et	 al.,	 2022).	 The	 CPMAI-
aligned	 PPS	 project	 ensures	 safety	 as	 well	 as	
accuracy	of	 its	forecasting	and	scheduling	models	
with	 lifecycle	 discipline	 which	 prevents	
unexpected	 production	 pilot	 degradation	 (Al-
Kassem	et	al.,	2022;	Kharbat	et	al.,	2021;	Shwedeh	
et	al.,	2024).	
2.2.2.4	 Iterative	Phase	Adherence	
AI	 planning	 projects	 maintain	 ongoing	
improvement	 through	 lifecycle	 stages	 which	
enable	continuous	development	 through	 iterative	
patterns	 which	 prevent	 projects	 from	 becoming	
inflexible	 single-use	 deployments	 which	 cannot	
learn	 from	 their	 outcomes	 (Joghee	 et	 al.,	 2020;	
AlQassem,	2022;	Karthika	et	al.,	2024).	Vyhmeister	
et	 al.	 (2025)	 recommends	 that	 manufacturers	
should	perform	risk	assessments	and	periodic	risk	
assessments	of	production	AI	systems,	to	develop	
flexible	defensive	plans	for	new	security	risks	and	
regulatory	changes	(Som	et	al.,	2023;	El	Khatib	et	
al.,	 2023;	 Shwedeh	 &	 F.,	 2022).	 Rahmani	 et	 al.	
(2022)	 and	 other	 smart	 PPC	 authors	 depict	
production	planning	as	a	repetitive	process	which	
employs	 performance	 indicators	 to	 refresh	 rules	
and	 architectures	 rather	 than	 pursuing	 a	 static	
design	 (Alzoubi	 et	 al.,	 2024;	 Shwedeh,	 2022;	

Ahmed	et	al.,	2024).	Martinez-Arellano	et	al.	(2024)	
apply	 this	 reasoning	 to	 industrial	 AI	 systems	 by	
stating	 that	 the	 continuous	 learning	 and	
deployment	 of	models	 on	 the	 production	 floor	 is	
necessary	for	the	management	of	concept	drift	and	
reconfigurable	systems	(Joghee	et	al.,	2013;	Habbal	
et	 al.,	 2019;	 Alshurideh	 et	 al.,	 2025).	 CPMAI	
requires	 organization	 to	 treat	 each	 production	
planning	and	scheduling	cycle	as	an	experimental	
process	which	generates	data	for	better	AI	system	
development	 and	 organization	 process	
optimization	(Alshurideh	et	al.,	2022;	Joghee	et	al.,	
2018;	Kumar	et	al.,	2024).	
2.3	 Research	Gaps	&	Rationale	
Research	 studies	 show	 AI	 technology	 improves	
forecasting	 and	 scheduling	 and	 factory	 response	
times	but	multiple	critical	issues	remain	for	factory	
implementation	 of	 these	 capabilities	
(AlShawabkeh	et	al.,	2023;	Shwedeh	et	al.,	2024;	El	
Khatib	 et	 al.,	 2024).	 The	 research	 based	 on	
empirical	 data	 examines	 prediction	 and	
metaheuristic	 optimization	 with	 help	 of	
benchmark	 and	 simulation	 data,	 but	 does	 not	
examine	 the	 systems	 how	 different	 AI	 capability	
affects	 the	 operational	 schedule	 adherence	 and	
flow	 efficiency	 and	 service	 levels	 in	 real	 world	
operation	 environment	 (Del	 Gallo	 et	 al.,2023;	
Woschank	 et	 al.,2024;	 AlAmiri	 et	 al.,	 2024;	
Hanaysha	et	al.,	2021;	AlQassem	et	al.,	2024).	The	
research	 by	 Lahusen	 et	 al.	 (2022)	 indicates	 that	
governance	 and	 lifecycle	 papers	 develop	 risk	
frameworks	and	MLOps	toolchains,	but	they	do	not	
assess	the	influence	of	business	understanding	and	
data	 readiness	 and	 iterative	 controls	 on	 the	
production	 planning	 and	 control	 outcomes	 of	 AI	
systems.	Vyhmeister	et	al.	 (2024)	and	Ahangar	et	
al.	 (2025)	 research	 on	 methodology-oriented	
smart-PPC	have	 some	successful	 case	 studies	but	
require	 quantitative	 data	 for	wider	 use	 and	 does	
not	 provide	 enough	 qualitative	 data	 on	 user's	
actions	 and	 choice	behavior	 (Kabiraj	 et	 al.,	 2011;	
Joghee	 et	 al.,	 2021;	 Rosmadi	 et	 al.,	 2025).	 The	
research	fills	in	the	gaps	in	knowledge	by	its	mixed-
methods	 approach	 that	 examines	 AI	 and	 CPMAI	
constructs	 along	 with	 their	 quantitative	 and	
subjective	 effects	 on	 production	 planning	 and	
scheduling.	
2.4	 Conceptual	Framework/Model	
The	 conceptual	 framework	 in	 figure	 1	 shows	 the	
relationship	between	the	capabilities	of	the	AI	and	
CPMAI	lifecycle	disciplines	to	influence	production	
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planning	and	scheduling	life-cycle	performance	in	
manufacturing.	 AI	 forecasting	 accuracy	
improvement	 depends	 on	 three	 main	 technical	
capabilities	which	include	predictive	analytics	and	
optimization	 tools	 and	 real-time	 data	 integration	
and	 explainability.	 The	 CPMAI	 components	
strengthens	 these	 effects	 through	 the	 AI	 project	
development	 around	 business	 needs	 and	 use	 of	
high-quality	data	which	 follows	governance	 rules	

and	 follows	 a	 structured	 model	 lifecycle	 for	
continuous	 improvement	 (Alzoubi	 et	 al.,	 2024;	
Anifa	 et	 al.,	 2024;	 Shao	 et	 al.,	 2025).	 The	 two	
domains	 work	 together	 to	 determine	 essential	
planning	 and	 scheduling	 results	 which	 include	
schedule	 adherence	 and	 flow	 efficiency	 and	
changeover	 and	 resource	 utilization	 and	 plan	
stability.		

	
	

Figure	1:	Conceptual	Framework	for	the	Study
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3.	RESEARCH	METHODOLOGY	
3.1	 Design	and	Rationale	
The	 research	 design	 employed	 a	 mixed	 method	
since	 it	 had	 to	 integrate	 quantitative	 data	 with	
qualitative	 findings,	 knowing	 the	 nature	 of	 this	
study.	The	quantitative	section	helped	researchers	
to	 evaluate	 the	 connections	 between	 the	 studied	
variables	 and	 the	 qualitative	 section	 provided	
detailed	descriptions	about	how	the	practitioners	
used	 these	 technologies	 and	 processes	 in	 their	
work.	 The	 research	 design	 that	 was	 used	 was	
mixed	 methods	 which	 allowed	 for	 sequential	
refinement	as	preliminary	results	from	the	survey	
informed	 the	 creation	 of	 interview	 questions	 to	
investigate	 the	 patterns	 and	 inconsistency	 that	
were	discovered	in	greater	detail.	The	two	strands	
of	data	analysis	were	converged	during	the	middle	
of	 the	 study	 to	 gather	 more	 valid	 results	 which	
increased	 the	 validity	 of	 the	 research	 findings	
through	narrative	 explanations	of	 the	patterns	of	
numbers	 based	 on	 Fetters	 (2019)	 who	 supports	
the	 use	 of	 both	 methods	 in	 technology-based	
organizational	 research.	 The	 research	 design	
provided	 assessment	methods	 for	 all	 end	 results	
and	 operational	 systems	 which	 generated	 the	
results.	
3.2	 Sampling	and	Participants	
The	research	selected	122	participants	from	Dubai	
UAE	 who	 worked	 directly	 with	 production	
planning,	scheduling,	and	long	AI-based	practices.	
The	 research	 method	 used	 to	 validate	 the	
constructs	studied	was	to	apply	survey	participant	
and	 interviewee	operational	and	decision-making	
knowledge.	 The	 research	 participants	 were	
planners	 and	 scheduling	 officers	 and	 process-
improvement	 staff	 and	 digital-transformation	
professionals	 that	 demonstrated	 the	 capacity	 to	
analyze	 technological	 aspects	 as	 well	 as	
organizational	 factors	 of	 implementation.	 The	
survey	 gathered	 sufficient	 information	 for	
statistical	analyses	and	the	interview	participants	
had	 varying	 experiences	 and	 worked	 in	 varying	
departments	 to	obtain	multiple	perspectives.	The	
recruitment	strategy	was	based	on	research	guides	
as	the	purposive	sampling	is	best	suited	when	the	
researcher	wants	 to	access	 specific	 expertise	and	
not	 statistical	 data	 (Palinkas	 et	 al.,2015).	 The	
sampling	approach	allowed	the	research	to	obtain	
in-depth	 information	 with	 knowledgeable	
participants	on	their	AI	and	CPMAI	practices.	
3.3	 Instruments	and	Data	Collection	

The	 method	 of	 data	 collection	 followed	 by	 this	
research	 was	 structured	 survey	 and	 semi	
structured	 interviews	 to	 collect	 data	 on	 all	 the	
variables	in	the	conceptual	framework.	The	survey	
instrument	 used	 Likert-scaled	 items	 to	 measure	
predictive	 analytics	 capability	 and	 optimization	
support	 and	 real-time	 integration	 and	
explainability	 and	 business	 understanding	
discipline	 and	data	 readiness	 and	model	 lifecycle	
practices	 and	 iterative	 adherence	 to	 enable	
respondents	 in	 their	 assessment	 of	 their	
organization's	level	of	maturity	in	these	areas.	The	
research	team	selected	semi-structured	interviews	
as	 it	 is	 a	 method	 in	 which	 the	 participants	 can	
respond	 within	 the	 set	 parameters,	 but	 the	
researchers	can	determine	what	new	information	
emerges	in	the	interview	process	(Jamshed,	2014).	
The	researchers	employed	an	integrated	approach	
to	collect	different	kinds	of	data	which	yielded	both	
general	information	and	accurate	results	from	the	
evidence	collected.	
3.4	 Data	Analysis	Techniques	
The	 data	 analysis	 process	 was	 structured	 in	 a	
method	 that	 corresponded	 to	 the	mixed-methods	
research	 design	 and	 the	 conceptual	 framework	
structure.	 The	 initial	 process	 in	 the	 quantitative	
analysis	 of	 survey	 data	 involved	 the	 use	 of	
descriptive	 statistics	 to	 display	 the	 central	
tendency	 and	 dispersion	 values	 for	 all	 the	
constructs	 and	 reliability	 tests	 to	measure	multi-
item	 scales	 and	 correlation	 analyses	 to	 establish	
initial	 relationships.	 Multiple	 regression	 models	
were	 then	 estimated	 to	 determine	 the	 predictive	
effects	 of	 constructs	 on	 production	 planning	 and	
scheduling	 outcomes	 (AI	 and	 CPMAI)	 while	
controlling	 for	 organizational	 characteristics,	
following	 the	 emphasis	 on	 regression-based	
modelling	in	mixed-methods	integration	described	
by	Guetterman	et	al.	(2015).	The	researchers	used	
thematic	 analysis	 to	 study	 qualitative	 interview	
data	using	open	coding	which	led	to	higher	order	
themes	explaining	implementation	experience	and	
aspects	 of	 the	 intervention	 as	 positive	 and	
negative.		
3.5	 Ethical	Considerations	and	Data	Governance	
The	 research	 team	 developed	 ethical	 standards	
and	data	management	protocols	that	will	preserve	
the	 rights	 of	 the	 participants,	while	 ensuring	 the	
reliability	 of	 the	 evidence.	 The	 participants	were	
provided	 study	 information	 sheets	 containing	
information	 about	 the	 research	 goals	 and	
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voluntary	 participation	 rules	 and	 data	 handling	
procedures	 and	 research	 contact	 information	
before	participating	in	the	study.	The	research	was	
done	following	the	standards	of	digital	record	and	
organizational	 actor	 research	 by	 getting	 consent	
from	 the	 participants	 via	 current	 research	
protocols.	The	survey	data	were	kept	anonymous,	
and	 interviews	 were	 pseudonymized	 and	
encrypted	for	storage	in	research	team-accessible	
drives	 with	 all	 identifying	 information	 removed	
from	transcripts	for	the	benefit	of	participants	and	
organizations.		
	
4.	DATA	ANALYSIS	AND	RESULTS	
4.1	 Descriptive	Statistics	
	In	the	Table	1	below	the	central	values	and	spread	
of	data	points	in	the	descriptive	statistics	indicated	
the	 main	 characteristics	 of	 the	 three	 main	
constructs.	 The	 scores	 of	 AI	 evaluation	 showed	
average	understanding	towards	the	AI	capabilities	
because	 the	 participants	 scored	 3.24	 on	 average	
while	 their	 answers	were	distributed	across	2.33	
points.	The	scores	indicated	that	people	saw	the	AI	
capabilities	as	average	but	their	responses	did	not	
reveal	great	variations	in	their	opinions.	CPMAI	has	
the	highest	mean	of	3.77	and	the	greatest	range	of	
2.92	 which	 shows	 that	 CPMAI	 has	 the	 most	
advanced	 and	 varied	 knowledge	 of	 the	 lifecycle	
practices	of	AI.	The	results	of	the	PPSP	indicated	a	
mean	 score	 of	 3.41	 with	 a	 range	 of	 2.75	 which	
showed	 the	 level	 of	 planning	 and	 scheduling	
performance	to	be	stable	and	at	the	moderate	level.	
Standard	 deviations	 across	 all	 variables	 remain	
below	 1.0	 which	 indicates	 that	 the	 responses	
grouped	close	 to	 their	 corresponding	means.	The	
negative	 kurtosis	 values	 for	 each	 construct	
indicated	 that	 the	 distributions	were	 flatter	 than	
normal	 as	 the	 participants	 had	 spread	 their	
responses	onto	multiple	categories	rather	than	just	
focusing	on	the	average.	
Table	 1:	 Descriptive	 Statistics	 on	 Key	 Study	
Variables	

Variable	N	 Range	Mean	 Std.	
Deviation	 Kurtosis	

AI	 122	2.33	 3.2425	
(.05473)	 0.60454	

–0.659	
(0.435)	

CPMAI	 122	2.92	 3.7732	
(.07375)	 0.81454	

–0.859	
(0.435)	

PPSP	 122	2.75	 3.4112	
(.06205)	 0.68532	

–0.699	
(0.435)	

	
4.2	 AI	 on	 Production	 Planning	 and	 Scheduling	
Performance	
In	the	Table	2	below	the	regression	model	for	the	
evaluation	 of	 AI	 constructs	 and	 production	
planning	and	scheduling	performances	revealed	a	
very	strong	overall	effect.	With	N	=	122	and	an	F(4,	
117)	 =	 622.39,	 p	 <	 .001,	 the	 model	 was	 highly	
significant	and	an	R2	of	some	.96	(adjusted	=	.95)	
indicated	 that	 AI-related	 variables	 accounted	 for	
nearly	all	variance	in	PPSP.	The	dominant	predictor	
among	 all	 factors	 was	 optimization	 and	 decision	
support	which	had	a	B	value	of	0.389	and	a	beta	
value	 of	 0.499	 and	 a	 P	 value	 less	 than	 .001	
indicating	 that	 performance	 depended	 a	 lot	 on	
advanced	 scheduling	 and	 scenario	 tools.	
Explainability	 and	user	adoption	also	had	a	 large	
impact	 (B	 =	 0.261,	 β	 =	 0.317,	 p	 <	 .001),	 which	
supports	transparent,	trusted	AI	recommendations	
for	consistent	use	in	planning	decisions.	The	result	
found	 that	 real-time	 data	 integration	 had	 a	
moderate	 but	 significant	 effect	 (B	 =	 0.185,	 v	 =	
0.221,	p	<	.001)	and	predictive	analytics	capability	
had	a	smaller	but	significant	effect	(B	=	0.115,	v	=	
0.065,	p	=	.001)	which	supported	the	idea	that	the	
AI	capability	bundle	improved	PPSP.	
Table	4.	2:	Regression	PPSP	on	AI	
Key	 Value	
Dependent	
variable	

PPSP	 (Production	 Planning	 &	
Scheduling	Performance)	

N	 122	
F	 statistic	
(model)	 F(4,	117)	=	622.39,	p	<	.001	

R²	(Adjusted	R²)	 ≈	0.96	(≈	0.95)	
Constant	 B	=	0.074	(SE	=	0.085),	p	=	.390	

PAC	 B	 =	 0.115	 (SE	 =	 0.035),	 β	 =	
0.065,	p	=	.001	

ODS	 B	 =	 0.389	 (SE	 =	 0.027),	 β	 =	
0.499,	p	<	.001	

RDI	 B	 =	 0.185	 (SE	 =	 0.043),	 β	 =	
0.221,	p	<	.001	

EUA	 B	 =	 0.261	 (SE	 =	 0.039),	 β	 =	
0.317,	p	<	.001	

From	 the	 interviews,	 almost	 all	 respondents	
acknowledged	 that	 artificial	 intelligence	 has	
become	an	 integral	component	 in	 the	planning	of	
operations	 in	 their	manufacturing	 facilities.	Some	
comments	stated	“…AI	is	indispensable	because	of	
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its	 ability	 to	 predict	 future	 events	 with	 much	
ease…I	do	not	think	there	is	any	serious	production	
team	that	is	yet	to	adopt	artificial	intelligence	into	
their	planning	and	scheduling	activities,	especially	
in	this	digital	age…”	
4.3	 CPMAI	 on	 Production	 Planning	 and	
Scheduling	Performance	
In	 the	Table	3	below	 the	model	 that	was	used	 to	
assess	CPMAI	constructs	in	relation	to	production	
planning	and	scheduling	performance	exhibited	a	
high	level	of	explanatory	strength.	The	result	of	the	
regression	 analysis	 with	 a	 sample	 size	 of	 122	
participants	was	F(4,	117)	=	722.29	p	<	.001	and	an	
R2	 of	 0.961	 (adjusted	 0.960)	which	 showed	 that	
maturity	in	CPMAI	accounted	for	96.1%	of	the	total	
variance	in	PPSP	scores.	The	most	important	factor	
that	emerged	for	planning	system	success	was	data	
governance	 and	 readiness	 since	 organizations	
require	 stable	 data	 environments	 to	 have	
successful	 planning	 systems	 (B	 =	 0.468,	 beta	 =	
0.612,	p	<	 .001).	The	results	shows	 that	Business	
understanding	 discipline	 has	 a	 positive	 effect	 on	
the	outcome	(B	=	0.193,	,	 ,	p	<	.001)	which	means	
that	when	the	goals	and	metrics	are	well	defined,	
the	 outcome	 is	 better.	 The	 combination	of	Model	
lifecycle	 and	 MLOps	 practices	 was	 a	 significant	
contribution	(B	=	0.177,	beta	=	0.218,	p	<	.001)	in	
the	 process	 of	 continuous	 monitoring	 and	
controlled	 modifications.	 The	 results	 of	 the	
analysis	 showed	 that	 the	 adherence	 of	 Iterative	
phase	 results	 in	 a	 non-significant	 negative	
coefficient	(B	=	-0.042,	v	=	-0.058,	p	=	.124)	which	
showed	the	factor	of	iteration	was	not	a	significant	
predictor	of	PPSP	alone.	
Table	3:	Regressing	PPSP	on	CPMAI	
Key	 Value	
Dependent	
variable	

PPSP	 (Production	 Planning	 &	
Scheduling	Performance)	

N	 122	
F	 statistic	
(model)	 F(4,	117)	=	722.29,	p	<	.001	

R²	(Adjusted	R²)	 0.961	(0.960)	
Constant	 B	=	0.409	(SE	=	0.060),	p	<	.001	

BUD	 B	 =	 0.193	 (SE	 =	 0.026),	 β	 =	
0.261,	p	<	.001	

DGR	 B	 =	 0.468	 (SE	 =	 0.040),	 β	 =	
0.612,	p	<	.001	

MLM	 B	 =	 0.177	 (SE	 =	 0.036),	 β	 =	
0.218,	p	<	.001	

Key	 Value	

IPA	 B	=	 –0.042	 (SE	=	0.027),	 β	=	 –
0.058,	p	=	.124	

The	 interviews	 compounded	 the	 narrative	 that	
CPMAI	 has	 a	 profound	 effect	 on	 production	
planning	 and	 scheduling.	 One	 respondent	
remarked	“The	[CPMAI]	framework	is	fit	for	use	in	
our	situation	and	also	easy	to	adapt	regardless	of	
the	 highly	 dynamic	 nature	 of	 our	 planning	 and	
scheduling	 operations…”	 These	 findings	 suggest	
that	the	framework	is	popular	among	planning	and	
scheduling	teams	because	of	its	effectiveness.	
4.4	 AI	and	CPMAI	on	Production	Planning	and	
Scheduling	Performance	
In	 the	 Table	 4	 below	 the	 combined	 regression	
model	 for	 AI	 and	 CPMAI	 against	 production	
planning	 and	 scheduling	 performance	
demonstrated	an	extremely	high	overall	model	fit.	
With	N	=	122	and	F(2,	119)	=	2135.28,	p	<	.001,	the	
model	was	highly	 significant	and	 the	R2	of	0.973	
(adjusted	0.972)	indicated	that	the	two	predictors	
explained	almost	all	the	variance	in	PPSP.	The	two	
variables	 showed	 independent	 strength	 as	
predictors	 since	 AI	 got	 a	 B	 value	 of	 0.596	 (SE	 =	
0.045)	with	a	beta	of	0.526	and	p	<	.001	and	CPMAI	
got	B	=	0.404	(SE	=	0.033)	with	a	beta	of	0.480	and	
p	<	 .001.	The	results	showed	that	better	planning	
and	scheduling	results	occurred	when	participants	
scored	better	on	one	or	the	other	dimension.	The	B	
value	of	 -0.044	and	p	value	of	 .442	indicated	that	
PPSP	levels	were	mainly	affected	by	the	combined	
effect	 of	 AI	 capabilities	 and	 CPMAI	 maturity	
because	 the	 combination	 of	 these	 two	 factors	
yielded	 a	 robust	 model	 to	 explain	 operational	
performance.	
Table	4:	Regressing	PPSP	on	AI	&	CPMAI	
Key	 Value	
Dependent	
variable	

PPSP	 (Production	 Planning	 &	
Scheduling	Performance)	

N	 122	
F	statistic	(model)	 F(2,	119)	=	2135.28,	p	<	.001	
R²	(Adjusted	R²)	 0.973	(0.972)	

Constant	 B	 =	 –0.044	 (SE	 =	 0.057),	 p	 =	
.442	

AI	 B	 =	 0.596	 (SE	 =	 0.045),	 β	 =	
0.526,	p	<	.001	

CPMAI	 B	 =	 0.404	 (SE	 =	 0.033),	 β	 =	
0.480,	p	<	.001	
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Interview	sessions	also	concurred	that	combining	
AI	and	CPMAI	result	in	a	tremendous	positive	effect	
on	 the	 effectiveness	 of	 production	 planning	 and	
scheduling	 operations.	 In	 one	 instance,	 a	
participant	 argued,	 “Both	 AI	 and	 CPMAI	 are	
important	 to	us	 in	planning	and	scheduling…they	
are	 even	 more	 effective	 when	 applied	 together.”	
The	 quantitative	 and	 qualitative	 findings	 both	
indicate	that	the	two	work	better	jointly	than	when	
used	separately.	
	
5. DISCUSSION	
The	 three	 regression	models	 have	 shown	 that	AI	
capabilities	 and	 CPMAI	 maturity	 independent	 of	
each	 other	 improve	 production	 planning	 and	
scheduling	performance	and	when	combined	they	
achieve	 over	 97%	 explanatory	 power.	 The	 AI	
bundle	 showed	 that	 optimization	 and	 decision	
support	 were	 its	 greatest	 individual	 driver	
followed	by	explainability	 and	user	 adoption	and	
real-time	data	integration	and	predictive	analytics.	
The	 study	 indicates	 that	 the	 highest	 level	 of	 AI	
performance	 was	 achieved	 when	 AI	 was	 within	
scheduling	 tasks	 and	 was	 able	 to	 provide	
immediate	data	and	explanations	that	workers	on	
the	production	floor	could	understand.	The	CPMAI	
side	 showed	 that	 data	 governance	 and	 readiness	
together	created	the	greatest	impact	on	results	but	
business	 understanding	 discipline	 and	 model	
lifecycle	 practices	 also	 made	 significant	
contributions	 to	 the	 results	while	 iterative	 phase	
adherence	did	not	produce	any	noticeable	effect.		
5.1	 Comparison	to	Previous	Studies	
The	 optimization	 and	 decision	 support	 systems	
yield	 results	 that	 are	 commensurate	 with	 the	
results	 of	 metaheuristic	 and	 reinforcement	
learning	research	which	indicates	that	flexible	job	
shops	 benefit	 from	 major	 improvements	 in	
makespan	 and	 tardiness	 with	 the	 use	 of	 genetic	
algorithms	 or	 learning-based	 schedulers	 rather	
than	the	traditional	dispatching	rules	according	to	
Meng	et	 al.	 (2023)	Park	 et	 al.	 (2021),	 and	Li	 and	
Chen	 (2023)	 each	 demonstrate.	 The	 study	
conducted	 by	 Al	 Bashar	 et	 al.	 confirms	
manufacturing	research	from	the	US	which	proves	
that	 accurate	 forecasting	 leads	 to	 improved	
inventory	management	and	lead	time	performance	
when	 it	 is	 operated	 within	 a	 comprehensive	
planning	framework.	The	study	by	Al	Bashar	et	al.	
(2019)	verifies	U.S	manufacturing	research	which	
proves	 that	 forecasting	 leads	 to	 better	 inventory	

management	 and	 lead	 time	 performance	 but	
requires	 connection	 to	broader	planning	 systems	
for	 optimal	 results	 2024)	 and	by	 smart	 PPC	 case	
studies	 such	 as	 Oluyisola	 (2020).	 The	 research	
findings	 regarding	 data	 readiness	 and	
understanding	 of	 the	 business	 in	 the	 case	 of	
governance	 support	 the	 idea	 of	 the	 trustworthy	
industrial	 AI	 requires	 excellent	 data	 governance	
and	 precise	 use	 case	 definition	 instead	 of	
algorithmic	excellence	as	stated	by	Ahangar	et	al.	
(2025),	Lahusen	et	al.	(2024)	and	Vyhmeister	et	al.	
(2025).	The	importance	of	model	lifecycle	practices	
falls	 under	 the	MLOps	 principles	which	 focus	 on	
monitoring	 and	 controlled	 deployment	 as	 key	
requirements	 for	 ensuring	 sustainable	 shop-floor	
AI	 according	 to	 Paul	 and	 Sarkar	 (2022)	 and	
according	to	Martínez-Arellano	et	al.	(2024)	which	
maintain.	
5.2	 Implications	for	Theory	and	Practice	
The	 AI-	 CPMAI	 model	 indicates	 that	 smart	
production	planning	theories	must	shift	their	focus	
from	 algorithm-based	methods	 to	 socio-technical	
frameworks	 which	 integrate	 optimization	 with	
explainability	 and	 real-time	 integration	 and	
governance	 and	 data	 quality	 and	 lifecycle	
capabilities.	 Rahmani	 et	 al.	 (2022)	 suggest	 that	
PPSP	 conceptual	 models	 should	 consider	 the	 AI	
capability	constructs	and	the	CPMAI	constructs	as	
connected	 elements	 instead	 of	 retaining	 them	 as	
separate	 layers.	 The	 method	 extends	 smart	 PPC	
and	industrial	AI	theories	which	separate	technical	
aspects	 and	 organizational	 aspects	 from	 each	
other.	 Findings	 by	 Lahusen	 et	 al.	 (2024)	 suggest	
that	 practitioners	 need	 to	 adopt	 a	 two-part	
strategy	 which	 includes	 implementing	 better	
scheduling	 and	 forecasting	 systems	 and	
establishing	data	 governance	programs	and	 clear	
business	 definitions	 for	 AI	 projects	 and	 reliable	
MLOps	systems.	The	implementation	of	AI	projects	
entails	 operational	 set	 up	 that	 includes	 defining	
measurable	 PPSP	 results	 and	 securing	 data	
streams	 from	 MES	 and	 IoT	 systems	 and	
implementing	 continuous	 monitoring	 and	
retraining	 protocols	 into	 regular	 planning	
activities.	
6. CONCLUSION	AND	RECOMMENDATIONS	
The	research	shows	that	the	capabilities	of	AI	are	
independent	 of	 the	 CPMAI	 maturity	 levels	 to	
improve	 production	 planning	 and	 scheduling	
performance	 through	 optimization	 and	 decision	
support	 and	 explainability	 and	 data	 governance	
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and	 model	 lifecycle	 discipline.	 The	 research	
evidence	supports	the	socio-technical	approach	to	
smart	production	planning	because	the	algorithmic	
power	 and	 the	 real-time	 data	 and	 lifecycle	
governance	 are	working	 as	 a	 unified	 system	 and	
not	independent	tools.	AI	operational	components	
require	 direct	 links	 to	 governance-based	
constructs	for	PPSP	to	move	forward	in	the	future.	
Manufacturers	 who	 want	 to	 improve	 their	
performance	 need	 to	 spend	 money	 for	 not	 only	
sophisticated	 scheduling	 and	 forecasting	 systems	
but	also	reliable	data	connections	and	well-defined	
business	 objectives	 for	 AI	 projects	 and	 stable	
model	operations	using	the	MLOps	practices.	The	
research	had	several	limitations	because	it	used	a	
single	 region	purposive	 sample	 and	 self-reported	
measures	 and	 a	 cross-sectional	 design	 which	
limited	both	in	generalizability	and	in	the	ability	to	
establish	cause	and	effect.	Future	research	needs	to	
overcome	 these	 limitations	 by	 implementing	
research	 that	 covers	 multiple	 time	 periods	 and	
multiple	locations	and	using	performance	metrics	
and	 complete	 models	 of	 how	 AI	 impacts	 CPMAI	
constructs	in	various	manufacturing	settings.	
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