
Factors Influencing the Acceptance of Smart Factories in the
Automotive Component Manufacturing Industry 

    Michael de Lange1, Margaret Cullen2, Andre Calitz3*, Sasha Boucher4,
Gordon Swans5

1Management Practice, NMU, Port Elizabeth, South Africa, Orcid: 0009-0002-7211-0770
2Business School, NMU, Port Elizabeth, South Africa, Orcid: 0000-0003-4225-4191
3*Computing Science, NMU, Port Elizabeth, South Africa, Orcid: 0000-0002-2555-9041
4Business School, NMU, Port Elizabeth, South Africa, Orcid: 0000-0002-3463-3741
5Business School, NMU, Port Elizabeth, South Africa, Orcid: 0009-0001-5510-4013
Keywords
Industry 5.0; 

Smart Factories;

Cobots;

Automotive
Component
Manufacturing
Industry.

Abstract
Manufacturers in South Africa, an emerging economy, are faced with

an  ever-increasing  threat  to  remain  relevant  and  competitive  in  the

global  market,  which  includes  competition  from  international

organisations,  making  the  transition  from  traditional  to  smart

manufacturing processes critical. A smart factory places a significant

emphasis on human-machine collaboration, which on its own presents

challenges as far as the acceptance of these technologies is concerned.

The study aimed to identify the  factors that  positively influence the

acceptance  of  digital  technologies  in  the  automotive  components

manufacturing industry. An empirical study was conducted with data

collected  through  means  of  a  questionnaire  using  a  sample  of  134

respondents  working  in  an  automotive  component  manufacturing

factory  in  South  Africa.  The  responses  were  statistically  analysed,

including exploratory factor analysis. 

A  conceptual  model  is  presented  using  the  Technology  Acceptance

Model as the theoretical basis of the study. The results suggested that

management provides the necessary skills  and training to ensure the

adaptability of employees to a constantly changing work environment.

In  addition,  investment  into  continuous  learning  and  training

programmes should be prioritised to promote a culture of digital trust,

which will facilitate workplace interaction and collaboration between

management, co-workers and machines.
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1. Introduction
The business environment has undergone rapid changes due to globalisation and advancements in

technology (Aslam et al., 2020). Industry 4.0 (I4.0), which was characterised by the digitisation of

manufacturing  processes  (Wankhede  &  Vinodh,  2021)  and  the  introduction  of  Cyber-Physical

Systems (CPS) into various manufacturing processes, saw the rise of the “Smart Factory” (Skobelev

& Borovik, 2017). One of the key constructs of I4.0 is the smart factory. It is envisaged as a fully

connected manufacturing system, which operates mainly without humans by generating, transferring,

receiving and processing necessary data to conduct all required tasks for producing all kinds of goods

(Osterrieder et al., 2020). 

The advent  of  Industry 5.0 (I5.0) has  seen a shift  from automation and robotic-driven processes

towards a more human-centric approach in which humans work alongside robots (Yavari & Pilevari,

2020). Barata and Kayser (2023) state the current industrial transformation is sociotechnical, with a

humanised vision of technological transformations in industry, which balance the current and future

needs of the workers and society, aligned with the sustainable development goals, with the sustainable

optimisation of energy consumption, materials processing and product lifecycles. I5.0 is the synergy

between humans and machines utilising the cognitive and creative abilities of humans with the smart

process  efficiencies  of  machines  (Nahavandi,  2019).   The  human-robot  co-working  (Cobot)

relationship will be defined by improvements to processes and innovation as well as the creation of

smart environments (Demir et al., 2019; Calitz et al., 2017), which forms the fundamental basis upon

which Smart Factories are built (Hozdić, 2015). 

Smart  Factories,  in  contrast  to  traditional  factories,  have  flexible  and  reconfigurable  production

systems (George et al., 2023) allowing for mass personalisation and customisation of products at a

lower cost (George & George, 2020).  The hallmark features of a Smart Factory operating within I5.0

are listed by  Maddikunta et  al.  (2022) as: (a)  a focus on customer satisfaction,  (b) provision for

greener solutions, (c) use of predictive analytics to inform decision making and (d) promotion of

skilled jobs. The core function of a smart factory is self-configuration, self-organising, self- sensing

and self- decision making (Puviyarasu & da Cunha, 2021; Jung et al., 2016).  

Despite the many benefits associated with the ingenuity surrounding Smart Factories, a number of

challenges  associated  with  the  acceptance  of  smart  technologies  by  employees  have  been  noted.

Some of these challenges, according to Demir et al. (2019) and Calitz et al. (2017) are: (a) acceptance

of robots in the workplace, (b) evolution of organisational behaviour and (c) education and training on

the use of technologies. These challenges have arisen because of its profound impact on economic and

social development (Ryalat et al., 2023).

With  Artificial  Intelligence  and  Machine  Learning  technologies  driving  the  smart  manufacturing

process within Smart Factories, the human component cannot be understated (Venkateswaran, 2020).



One of the challenges identified by Jerman et al. (2019) was the “people challenge”, which should be

addressed during the implementation of Smart Factories. One of the key impacts of I4.0 on people is

the automation of repetitive and mundane tasks. This allows humans to focus on more complex and

creative aspects of their jobs, leading to increased job satisfaction and productivity, which necessitates

ongoing skills development for individuals to remain competitive (Empowered Automation Solutions,

2023).

1.1. Problem Statement
The transformation of factories across all industries has enabled manufacturers to operate more cost-

effectively,  whilst  ensuring efficiencies in production (Soori  et  al.,  2023),  which is  of  paramount

importance  in  the  manufacturing  industry.  Manufacturers  today  face  multifaceted  challenges  in

remaining competitive in the global market, including competition from international organisations,

making the shift from traditional to the smart manufacturing processes critical (Mabkhot et al., 2018).

The emergence of Smart  Factories  has  seen changes to  the  planning of work,  division of  labour

between humans and robots, a change in job roles, the complexity of the job roles and the introduction

of  high-tech  tools  and  devices  (Jerman et  al.,  2019).  A Smart  Factory  relies  heavily  on human-

machine cooperation,  which presents  challenges  as  far  as  the acceptance of  these technologies  is

concerned (Shi et al., 2020). Shi et al. (2020) state that factory staff lack an understanding of the

benefits associated with Smart Factories.   

The problem investigated in this study is  that  the factors that influence the acceptance of digital

technologies in automotive component manufacturing smart factories in South Africa has not been

determined. In addressing the identified research problem, the study aimed to identify the factors that

positively influence the acceptance of digital technologies into automotive component manufacturing

smart factories. 

1.2. Research objective
A smart  factory and smart  manufacturing are  a broad category of manufacturing that  implement

computer-integrated manufacturing, digital information technology, high levels of adaptability and

rapid design changes, including a more flexible technical workforce. The research objective for this

study was to identify the factors, which will influence the employee acceptance of a Smart Factory in

an automotive component manufacturing organisation in South Africa.  

The layout of the paper proceeds as follows:  a literature review focusing on the principles of I4.0 and

I5.0, the  significant  applications  of  Cobots  and the  technology acceptance  model  as  an essential

element  for  the  introduction  and  implementation  of  autonomous  technology  in  an  automotive

manufacturing  environment was  conducted.  The  factors  identified  from the  literature  review are

discussed, followed by an explanation of the research methodology and the presentation of a revised



conceptual  model  after  exploratory  factor  analysis  (EFA).  Lastly,  the  managerial  implications,

conclusions, limitations and future research recommendations are proposed.  

2. Literature Review
As I5.0 marks a transition from an autonomous system-based I4.0, the human-centric approach of I5.0

ushers  in  a  new  paradigm  as  far  as  modern  and  sustainable  industrial  practices  are  concerned

(Gamberini & Pluchino, 2024). The manufacturing industry has for decades focused on the mass-

production  of  goods  (Fathi  &  Ghobakhloo,  2020),  however,  with  the  onset  of  I5.0  and  smart

manufacturing technologies, a greater focus has been placed on mass customisation of products at a

more affordable cost with shorter lead times, demanding more flexible and responsive manufacturing

systems (Parhi et  al.,  2020).  Automotive component manufacturing organisations are increasingly

adopting a system based I4.0 through introducing technologies, such as  Artificial Intelligence (AI),

Internet of Things (IoT), Big Data, Machine Learning (ML) and Cobots to increase productivity and

efficiency whilst reducing costs to remain competitive.

In  the  South  African  context,  various  councils  such  as  the  Automotive  Industry  Export  Council

(AIEC), National Association of Automotive Component and Allied Manufacturers (NAACAM) and

the National Association of Automobile Manufacturers of South Africa (NAAMSA), play a collective

transformative  role  through  policies  and  guidelines,  which  promote  a  more  standardised  and

sustainable industry to promote global trade competitiveness. Digitisation and automation therefore

remain  especially  important  in  the  automotive  component  manufacturing  industry,  where  smart

factory technologies and systems are essential for global competitiveness.  

2.1. Industry 5.0 and Smart Factories
The core focus of Smart Factories, which has emerged as a result of I4.0 and I5.0, is on human-centric

smart manufacturing, which capitalises on the precision associated with machines and the flexibility

of humans (Zhang et al., 2023), leading to greater efficiencies and productivity (Xiang et al., 2024).

The key technologies used in I5.0 Smart Factories can be seen in Figure 1.

The enabling technologies identified in Figure 1 illustrate an I5.0 advanced manufacturing model that

focuses primarily on the cross-pollination of job tasks between machines and humans, helping to

expose humans to alternative ways of thinking (Maddikunta et al., 2022). These technologies drive

manufacturing industries to increase production and deliver products more effectively and efficiently,

with shorter lead times, reduced costs, competitive pricing, mass customisation, standardisation and

precision. 

For the successful acceptance of a Smart Factory, both individual factors and trust, which form part of

the  human  component  of  a  manufacturing  environment,  are  a  prerequisite  for  Smart  Factories

pursuing flexibility, agility, quality, sustainability (Leng et al., 2022) and reduced costs (Golightly et

al., 2022). The human-centric thought process within the smart manufacturing sector is a feasible



solution to overcome existing trust barriers related to the introduction  of new technologies, which

helps to alleviate fears around job security, whilst promoting a culture that is open and transparent.

According to Golightly et al. (2022), the impact of cloud computing was measured in the automotive

industry and was found to substantially reduce operating costs compared to traditional manufacturing

technologies, while increasing efficiency and resource optimisation. The initial capital outlay of Smart

Factories can be recovered through resource optimisation and reduced costs in the long term, reducing

payback periods of capital investments in technology. 

Figure 1:  Key Enabling Technologies of Industry 5.0 (Maddikunta et al., 2022)

This study identified the following factors from the literature to measure the acceptance of smart

technologies  in  an  automotive  component  manufacturing  organisation  in  South  Africa,  namely

Individual  Factors,  Job  Security,  Perceived  Benefits,  Trust,  Organisational  Culture,  Costs  and

Resources and Skills and Training.  

2.2. Factors influencing the acceptance of smart technologies in Smart Factories
Technological innovations within organisations cannot solely be driven by modern technologies. A

shift  in  organisational  culture  and the  appropriate  support  from executives  is  required  to  gain  a

competitive advantage (Elangoven, 2021). Although I5.0 provides better interaction between human

workers and robots, several factors influence the positive acceptance of smart technologies into the

Smart Factory environment. The Technology Acceptance Model (TAM) can be used as a base to

encourage acceptance and utilisation of new technologies by users (De Camargo Fiorini et al., 2018).

The following risk factors, which may negatively impact on the acceptance of new technologies were

identified (Shah et al., 2024; Sharma &Villányi, 2022; Sohn & Kwon, 2020):  



- individual factors such as skills, knowledge, education level and personal attributes;

- scarcity of skilled professionals to properly utilise smart technologies and fears of job loss

related to the implementation of new technologies;

- perceived ease of use and usefulness of new technologies in the workplace;

- organisational  culture  barrier  where  an  unwillingness  to  support  the  introduction  of  new

technologies by management exists; and

- infrastructure and facilities to accommodate new technologies and concerns over return on

investment.  

Individual Factors
The personal attributes of individuals (gender, age, job level and education) within an organisation

play a significant role in influencing the positive acceptance of Smart Factories (Shah et al., 2024).

I5.0 Smart Factories rely heavily on a human-machine collaboration (Tóth et al., 2023) meaning that

the cooperation between humans and machines is essential for the success of Smart Factories (Gong et

al., 2022).    

Job Security
I4.0 created concerns over potential mass unemployment and the loss of essential skills (Gamberini &

Pluchino,  2024).  The  rapid  advancement  of  technologies,  such  as  AI,  IoT,  Big  Data,  Machine

Learning and other advanced technologies, such as Cobots, which are being used to implement I4.0,

cause job insecurity amongst employees (Javaid et al., 2022).

Perceived Benefits 
Smart  Factories  place  an  emphasis  on  digitisation  and  automation  to  increase  efficiency  in  the

manufacturing process (Gamberini & Pluchino, 2024), whilst the other perceived benefits relating to

the acceptance of Smart Factories were flexibility and cost reductions (Berrío et al., 2022). I5.0 and

Smart Factories aim to provide a more prosperous and fulfilling work environment for employees,

which is  linked to  the  United Nations Sustainable Development Goals,  more specifically,  SDG8:

Decent work and economic growth, by considering the concepts of decent and healthy lives including

human security (Gamberini & Pluchino, 2024).

Trust
Smart Factories have brought about various challenges for organisations to manage when introducing

new technologies, one of which being Trust among internal and external stakeholders (Mubarak &

Petraite, 2020). Figure 2 shows the inclusion of I4.0 Technologies and the dimension of Trust to form

what is known as Digital Trust. A significant positive impact on technology acceptance within an

organisation  is  realised  when  employees  exhibit  a  high  degree  of  digital  trust  towards  new

technologies being introduced into the Smart Factory environment (Mubarak & Petraite, 2020).  



                                           Figure 2: Digital Trust (Mubarak & Petraite, 2020)

Organisational Culture
Transformational  leadership  is  needed  to  encourage  an  adaptive  culture  amongst  employees  to

achieve acceptance of new technologies in the workplace (Khin et al., 2021), while a clear strategy to

facilitate the acceptance of new technologies by employees is also required (Parhi et al., 2020). With

digital technologies increasingly shaping the manner in which work is performed, the responsibility to

encourage the notion of  ontological  reversal  (digital  first,  physical  second)  within the workplace

(Hund et al., 2021) and employees who are innovation-friendly (Kim et al., 2023) lies in the hands of

management. To attract skilled employees,  Gamberini and Pluchino (2024) emphasise the need for

organisations to foster a culture of openness by engaging in sustainable recruitment practices within

their organisations.

Cost and Resources
Financial  support  is  one  of  the  crucial  factors  impacting  on  the  success  of  implementing  Smart

Factories (Berrío et al., 2022).  Migration from an automated factory to a Smart Factory requires the

acquisition of new technologies and an investment into infrastructure to support the technologies,

which comes at a high cost (De Assis Dornelles et al., 2022).  Training and re-skilling of employees is

also  an  important  cost  consideration  together  with  additional  recruitment  costs  associated  with

acquiring new human capital that is required to successfully run Smart Factories.

Skills and Training
One of the main obstacles impacting  the successful implementation of Smart Factories is the skills

needed by employees to work alongside new technologies (Berrío et al., 2022). New job roles and an

increase in the complexity of tasks performed, will require training of the workforce to ensure that

they possess the necessary skills to operate within a digitised environment (De Assis Dornelles et al.,

2022). The acceptance of Smart Factories requires a workforce who possess competencies relating to

digital literacy, data analysis and Cobots. Extensive investment into capacity development of both

management and employees, as well as legal and regulatory amendments that come with human-cobot

collaboration, will be required (Gamberini & Pluchino, 2024). As the skills that existed in the 20 th

century become obsolete, the ability to re-skill and upskill employees to remain relevant in a dynamic

work environment infers the importance of training by organisations (Gamberini & Pluchino, 2024).   



Proposed Conceptual Model of the variables influencing acceptance of Smart Factories
The literature review identified a proposed conceptual model of the factors, which can influence the

acceptance of a Smart Factory. This proposed model is illustrated in Figure 3 below and comprises

seven independent factors (IF) namely, Individual Factors, Job Security, Perceived Benefits, Trust,

Organisational Culture, Cost and Resources and Skills and Training. The identified factors all have

measurable effects on Smart Factory acceptance by an organisation. 

 

 Figure 3: Proposed conceptual model of the factors influencing the acceptance of Smart Factories

3. Research Methodology
This study used a quantitative approach with a positivistic philosophy. The questionnaire was adapted

from other validated studies relating to smart factories at the Nelson Mandela University Business

School.  Closed-ended  statements  were  used.  They  investigated  the  relationship  between  the

independent and dependent factors as identified in the literature review. The questionnaire collected

demographic information relating to gender, age, education, job level and department or function

within the organisation. The second section used a five-point Likert scale (1=Strongly Disagree- 5=

Strongly Agree) to test the respondents’ perceptions of certain factors. This section included eight

sub-sections, comprising of 60 different statements. The sampling strategy used for the study was

convenience sampling with a sample size of 134 employees.  

A link  to  the  questionnaire  was  distributed  electronically  via  email  and  printed  hardcopies  were

disseminated  to  employees  who  did  not  have  email  addresses.  The  responses  were  captured  via

QuestionPro.  The  aggregated  responses  were  downloaded  and  imported  into  Excel  for  further

statistical analysis.



Both descriptive and inferential statistics, which included Exploratory Factor Analysis (EFA), were

used  in  this  study to  analyse the data.  Reliability  of  the  data  was  tested  using  Cronbach Alpha

coefficients.  An  analysis  using  Pearson’s  correlation  coefficient  was  also  conducted  to  critically

examine the correlation between the independent and dependent factors.  Tests were conducted and

factors  greater  than  0.30,  were  regarded  as  practically  significant,  while  those  exceeding  0.50

suggested a strong positive correlation. 

1.
2.
3.

3.1. Hypotheses
The  following  hypotheses  were  formulated  to  test  the  relationship  between  the  Dependent  and

Independent factors:

 H1: Individual factors positively influence automotive component manufacturing Smart Factory
acceptance.

 H2:  Job  security  positively  influences  automotive  component  manufacturing  Smart  Factory
acceptance.

 H3:  Perceived  benefits  positively  influence  automotive  component  manufacturing  Smart
Factory acceptance.

 H4:  Trust  does  positively  influence  automotive  component  manufacturing  Smart  Factory
acceptance.

 H5:  Corporate  culture  positively  influences  automotive  component  manufacturing  Smart
Factory acceptance.

 H6:  Cost  and  resources  positively  influence  automotive  component  manufacturing  Smart
Factory acceptance.

 H7:  Skills  and  training  positively  influence  automotive  component  manufacturing  Smart
Factory acceptance.

3.2. Ethics
The University Research Ethics committee approved the study.

4. Results and Findings
The results and findings of the study are discussed in this section.

4.1 Demographics
The demographic  information  of  the  respondents  is  presented  in  Table  1  below.  A total  of  134

employees were sampled, comprising 80% male and 20% female with the age ranging from younger

than  35 to  45.  The  majority  of  the  respondents  had  no formal  degree.  A total  of  69  employees

representing 52% of the respondents are classified as either operators and/or general workers. This

correlates with the production department, which accounted for 55% (n=73) of the respondents. They

are  classified  as  blue-collar  workers.  This  can  also  be  attributed  to  the  fact  that  the  production

department serves as the primary function of the organisation, whilst the other departments perform a

secondary role. A total of 48% (n=65) of the respondents were classified as management, ranging



from junior management to executive management. Technical, quality, warehouse and distribution

and support services accounted for 41% (n=56) of the respondents.

Table 1: Demographics (n= 134)
Gender Age Department

Male 107 (80%) <35 55 (41%) Finance    8 (6%)
Female 27 (20% ) 36 - 45 55 (41%) HR & Administration 18 (13%)

Education >46 24 (18%) Production 73 (55%)
No Degree 92 (69%) Job Level Technical 15 (11%)
Degree 42 (31%) Management 65 (48%) Quality  10 (7%)

General worker 16 (12%) Warehouse & Distribution 5 (4%)
Operator level 53 (40%) Other 5 (4%)

4.2 Frequency distributions
The respondents rated the independent factors on a 5-point Likert scale. The responses for the options

Strongly Disagree and Disagree, as well Agree and Strongly Agree were combined for discussion

purposes (Table 2). The items retained after EFA per factor are presented in Table 5. 

Table 2: Frequency distributions
Factors    Disagree  Neutral     Agree
IF1 - Individual Factors 3 (2%) 4 (3%) 127 (95%)
IF2 - Job Security 27 (20%) 60 (45%) 47 (35%)
IF3 - Perceived Benefits 4 (3%) 23 (17%) 107 (80%)
IF4 - Trust 15 (12%) 50 (37%) 69 (51%)
IF 5 - Company Culture 26 (19%) 65 (49%) 43 (32%)
IF6 - Costs and Resources 4 (3%) 38 (28%) 92 (69%)
IF7 - Skills and Training 2 (1%) 13 (10%) 119 (89%)
DF - Adoption 2 (1%) 14 (11%) 118 (88%)

The independent factor, Individual Factors listed items relating to how the individuals embrace, use,

understand and implement new technologies, take initiative implementing new ideas and how new

technologies  can  improve  their  job  performance.  The  majority  of  the  respondents  (95%; n=127)

agreed with the statements, indicating their willingness to accept and work in the I5.0 smart factory

environment.

The independent factor,  Job Security,  indicated that 20% (n=27) of the respondents disagreed and

45%  (n=60)  were  neutral  regarding  the  statements  relating  to  their  job  security  and  that  new

technologies could lead to job losses. The  Company Culture and  Trust received neutral to disagree

ratings from the respondents. 

The majority of the respondents (89%; n=119) agreed that  Skills and Training is important and that

new skills training is required when new technologies are introduced. Eighty-eight percent (n=118) of

the  respondents  indicated  that  Implementing  smart  technologies  is  essential  to  become  a  smart

automotive component factory.

4.3 Cronbach’s Alpha Coefficient Values



The tools used to measure the significance of each factors were Eigenvalues, scree plots and the

Cronbach alpha coefficient. The results of the EFA generated a multiple one-factor model and the

reliability of most factors was deemed to be either good or excellent based on the Cronbach alpha’s

coefficient values as indicated in Table 3. None of the factors presented in Table 3 were considered

unacceptable as they all had coefficients exceeding 0.50. Only job security was considered as poor

reliability, which is still acceptable for basic research purposes (Nunnally, 1978).  The independent

factor Job Security did however show poor reliability, whereas Trust and Skills and Training had fair

reliability. 

Table 3: Cronbach’s alpha coefficients (n=134)
Factors Coefficien

t
Reliability

Individual Factors 0.81 Excellent
Job Security 0.51 Poor
Perceived Benefits 0.78 Good
Trust 0.67 Fair
Organisational Culture 0.86 Excellent
Cost and Resources 0.78 Good
Skills and Training 0.67 Fair
Acceptance of technology 0.84 Excellent

4.4 Pearson’s Correlations
Pearson’s correlation coefficient (r)  measures the linear association between the factors (Collis  &

Hussey, 2014). The correlation coefficient is considered statistically significant at 0.05 for a sample

size  of  134  if  r  >=  .170.  For  practical  significance,  r  >=  .300  irrespective  of  the  sample  size.

Therefore, a correlation is considered both statistically and practically significant if r >= .300. 

The findings from the study showed that the most significant correlation was between  Perceived

Benefits and Individual Factors, (r >= .696) indicating that perceived benefits and individual factors

are important for the acceptance of technology within the organisation. In Table 4, Trust was found to

be  significantly  correlated  to  Acceptance,  (r  >=  .627).  This  can  be  attributed  to  the  fact  that

organisations that have a trust culture will positively impact the introduction and acceptance of new

technology and thus ultimately lead towards implementation. Acceptance and Perceived Benefits also

have a high correlation at (r >= .540), which highlights the high degree of likelihood that accepting

new  technology,  directly  correlates  with  the  benefits  that  the  new  technology  can  bring  to  the

organisation. Skills and Training and Acceptance also have a high correlation at (r >= .496) indicating

that the rate of acceptance of new technology correlates to the upskilling and training of employees

within the organisation to use the new smart and automated technology.  

4.5 One Sample t-Tests
The results  of  the  t-tests  indicate  that  the  factors  with  positive  mean scores  and small  practical

significance were  Skills and Training  (μ = 4.06; d = 0.25);  Organisational Culture  (μ = 3.15; d =



0.36), Individual Factors (μ = 4.04; d = 0.31) and Job Security (μ = 3.12; d = 0.40). Acceptance of

technology (μ = 3.88; d = 0.66), Perceived benefits (μ = 3.78; d = 0.69) and Costs and Resources (μ =

3.64; d = 0.49) yielded a positive mean score with a moderate practical significance.  Trust  had a

positive mean score, however this factor had low statistical significance (p = 0.004) and was therefore

deemed practically insignificant as the Cohen’s d score was below 0.20. This finding shows that

employees  did  not  value  Trust  as  a  significant  factor  in  technology  acceptance,  therefore  the

organisation  should  firstly  focus  on  aspects,  such  as  Skills  and Training and  Individual  Factors

followed by Acceptance of technology and Perceived Benefits.

5. Discussion of Findings
The aim of the study was to identify and analyse the factors that will assist an automotive component

manufacturing organisation in South Africa become a Smart Factory and identify the factors that will

contribute to a higher acceptance rate of the said technologies. Medium to strong correlations were

recorded between the independent factors and the dependent factor (Table 4). The correlations were

both statistically (p<.0005) and practically significant (Cohen’s d >0.2), except for the independent

factor, Perceived benefits.

Table 4: Correlations and hypotheses 

Factors
Pearson

Correlation
r

Correlation
Strength p-value Cohen’s d

Hypotheses
Accepted

or
Rejected

IF1: Individual Factors ,566 Strong <.0005 0,31
Small

H1:
Accepted

IF2: Job Security ,381 Medium <.0005 0.40
Small

H2:
Accepted

IF3: Perceived Benefits ,540 Strong 0.456 0,69
Moderate

H3:
Rejected

IF4: Trust ,627 Strong <.0005 0,26
Small

H4:
Accepted

IF5: Organisational Culture ,363 Medium 0.001 0,36
Small

H5:
Accepted

IF6: Costs and Resources ,481 Strong <.0005 0,49
Small

H6:
Accepted

IF7: Skills and Training ,496 Strong <.0005 0,25
Small

H7:
Accepted

DF: Acceptance of 
technology ---- --- 0,004 0,66

Moderate

Six of the seven hypotheses were accepted as indicated in Table 4. They all had strong to medium

correlations. A total of 48% (n=65) of the respondents were classified as management, ranging from

junior management to executive management.  This could result in bias as the common belief, which

is not true, is that the factory workers are most at risk with Smart factory implementation. A summary

of the EFA results and items related to each factor are presented in Table 5. 



Table 5: Summary of results after EFA



Factors and Items Cronbach alpha Eigenvalue Variance (%)
IF1: Individual Factors 0.810 3.400 48.6%
Innovation enhances my job performance .804
I perceive adaptability as important for new technologies. .760
I take initiative in implementing new ideas. .738
New technologies are easy to understand. .691
I trust my abilities to perform my organisational duties. .672
New technologies enhance my job performance. .652
New technologies are easy to use. .525
IF2: Job Security 0.510 1.656 41.4%
Implementation of new technologies does not lead to job losses. .801
Technology will not eventually take over my current job. .772
I feel my job is secure, regardless of new technologies being implemented. .460
Job Security is negatively impacted when new technologies are implemented. .455
IF3: Perceived Benefits 0.780 3.231 46.2%
Training in the use of new technologies enhances my career opportunities. .772
The implementation of innovation will improve productivity within the organisation. .732
Technology improves my job performance. .719
The implementation of new technology will improve productivity within the organisation. .718
The implementation of innovation will lower the costs within the organisation. .650
The implementation of new technology will lower the costs within the organisation. .619
Automation improves my job performance. .511
IF4: Trust 0.670 2.033 50.8%
New technologies in my organisation are reliable. .811
I trust my manager’s knowledge of new technologies. .789
I trust new technology in the workplace. .648
I accept new technologies more readily from people I trust. .576
IF5: Company Culture 0.860 4.065 50.8%
The culture in an organisation supports innovation. .781
I am part of the decisionmaking process when innovation is implemented. .753
I am part of the decisionmaking process when new technologies are implemented. .748
Innovation and new ideas get rewarded in my company. .745
My organisation actively encourages new technology adoption. .738
My organisation is open and supports new innovative ideas from employees. .725
The culture in my organisation supports new technologies adoption. .721
My organisation actively encourages innovation. .427
IF6: Cost and Resources 0.780 3.276 41.0%
My organisation has the financial resources to innovaye. .801
My organisation has the required resources to innovate. .744
Expenditure innovation is worth it. .720
Basic infrastructure exists to enable advanced technologies adoption. .592
Expenditure on new technologies is worth it. .580
My organisation has the financial resources to adopt new technology. .575
The benefits of innovation outweigh the cost of inplementing new technology. .534
My organisation has the required resources to adopt new technologies. .511
IG7: Skills and Training 0.670 2.281 57.0%
Training enhances my interest in new technologies. .871
New skills are required when technologies are implemented. .802
Training is important when new technologies are implemented. .760
In my organisation, adequate training is provided when new technologies are introduced. .550
DF: Adoption 0.840 4.266 42.7%
In order to remain competitive, management must transform the organisation into a smart automotive component factory. Smart .786
I would trust the smart technologies when they are implemented in our automotive component factory. .744
It is crucial that Dana Spicer South Africa becomes a smart automotive component factory. .672
Training and skills development programmes are important to make us a smart automotive component factory. .664
It is important to invest money and other resources to make our organisation a smart automotive component factory .649
Our organisation’s culture plays an important role in becoming a smart automotive component factory. .610
I can contribute to making my organisation a smart automotive component factory. .605
My job is safe even if my organisation embarks on becoming a smart automotive component factory. .600
Implementing smart technologies is essential to become a smart automotive component factory. .591
It will benefit ne if our organisation becomes a smart automotive component factory. .577



Figure 4: Revised model after EFA

Figure 4 illustrates the critical factors influencing the acceptance of technology for Smart Factories

within the automotive component manufacturing industry. The independent factors  Organisational

Culture and Job Security were found to be positively correlated (r >= .433) indicating that the culture

within the organisation  promotes  favourable  job  security.  The  dependent  factor  was significantly

correlated to Costs and Resources (r >= .481) indicating that the successful acceptance of technology

within the organisation, requires adequate financial resources to be available. 

The  independent  factor  Individual  Factors  was  not  statistically  significant  with  Organisational

Culture  (r  >=  .08)  meaning  that  the  respondents  do  not  think  that  individual  factors  had  much

influence over  organisational  culture.  There were small  observed significant  correlations  between

Perceived Benefits and Organisational Culture (r >= -.34) but there was no independent factor that

fell short of the required (r >= .300) against all the other factors meaning that they are practically

significant and that the respondents do in fact believe that the selected independent factors will have

an influence on new technology acceptance. 

Individual Factors
Exploratory Factor Analysis was conducted to ascertain the influence that Individual Factors have on

the acceptance of Smart Factories. The Individual Factors that were used in this study were gender,

age, education and job level. After statistical analysis it was found that these factors had a significant

positive effect on technology acceptance, which confirms the literature, whereby personal attributes



play a significant role in influencing the positive acceptance of Smart Factories (Shah et al., 2024).

The correlation strength between individual factors and the acceptance of Smart factories is strong.  

Job Security
The results show that employees within the organisation view Job Security as a positive factor when it

comes to accepting smart manufacturing technologies.  According to  Matošková et al. (2023), the

human capital  barrier  can be  the  leading  cause  of  failure  of  Smart  Factories,  due  to  fear  of  the

unknown and lack of information, which can lead to low motivation on the part of an employee to

accept  technological  changes.  It  is  recommended  that  management  ensure  open  lines  of

communication to alleviate any uncertainties amongst employees when investing in Smart Factories,

thus ensuring buy-in from its employees from the outset.  

Perceived Benefits
The hypothesis perceived benefits was rejected. The study found that there was a notion that Cobots

would bring about significant and positive change in the way automotive component manufacturing

facilities conducted business. More importantly, it would bring about positive change to the intangible

feelings  and attitudes  of  employees  but  also  tangible  benefits  in  terms  of  flexibility,  agility  and

precision or quality of work to name a  few (Hermann, 2018). This was further explored with EFA,

which  confirmed  that  most  employees  are  aware  of  the  advantages  associated  with  using  new

technologies involving automation and Cobots in the workplace.

Trust
This study  examined  the  effects  of  Trust  on  the  acceptance  of  smart  automotive  component

manufacturing using EFA and the results conclude that trust plays a significant role in employees'

acceptance  of  new  technologies.   According  to  the  literature,  to  successfully  deploy  smart

technologies into the Smart Factory, Trust is one of the crucial components in facilitating workplace

interaction and collaboration between management, co-workers and technology (Zheng et al., 2023).  

Organisational Culture
It is essential that organisations promote an environment that is open to the use of new innovations

and technology and a culture that is  inclusive, making the employees part of the implementation

process. EFA was conducted to better understand the inclusive and open culture and according to the

results, the majority of employees encountered an environment that promotes new technologies and

innovations. This was further supported with the positive correlation between Organisational Culture

and the acceptance of Smart Factories (r=0,363). 

Cost and Resources
Cost and Resources were found to significantly impact the acceptance of Smart Factories within the

automotive  component  manufacturing  sector.  The  analysis  revealed  that  employees  believed  the

initial capital investment in technology and innovation was worthwhile and the organisation had the



necessary resources for new technology implementation. The literature revealed that the first obstacle

in accepting new technologies is a lack of willingness to invest as well as insufficient funds (Gartner,

2023). Investment into the I4.0 manufacturing environment was poor due to a lack of transparency as

far as the economic value such an investment can bring to the industry in the medium to long term

(Herrman, 2018). 

Skills and Training
The results of the study indicate a strong positive connection between the value employees place on

organisational  skills  and  capacity  development  when  introducing  new  technologies  into  the

workplace, while the EFA further concluded that Skills and Training were highly regarded within the

organisation and are a significant factor for acceptance of a Smart Factory. Although technical skills

and competences of employees were considered important in a Smart Factory environment, research

found that  greater  emphasis  is  put  on  behavioural  and  soft  competences  such  as  self-leadership,

teamwork, communication skills etc. (Jerman et al., 2019).  To ensure the adaptability of employees

to  a  constantly  changing  work  environment,  investment  into  continuous  learning  and  training

programmes should be considered (Gartner, 2023).       

6. Managerial Implications
Organisations must continuously adapt and transform their offerings to remain competitive in I5.0.

The acceptance of Smart Factories across all industries allows for increased efficiency, cost saving as

well as customer satisfaction. Accepting technologies into the workplace and fostering a culture of

innovation, both at managerial and shop floor level, is important.   

The  following  managerial  implications  are  recommended  to  facilitate  the  acceptance  of  Smart

Factories in the automotive component manufacturing industry: 

- A  well-defined  strategy  for  the  implementation  of  Smart  Factories  should  firstly  be

developed.   A  clear  timeline,  budget  and  indication  of  roles  and  responsibilities  for

implementation of the strategy should be provided;

- Collaboration between management and technology providers, to ensure implementation of

the  most  appropriate  technologies  and  systems  to  achieve  the  identified  digitisation,  is

recommended; and

- A phased approach to the implementation of Smart Factories should be considered, allowing

for better management of resources.       

In order to facilitate the acceptance of Smart Factories by employees, the following is recommended:

- Management should be acutely aware of the response from employees and therefore develop

a  change-enablement  programme  to  support  the  integration  of  technologies  into  the

workplace, which is closely aligned to the employee value proposition (EVP);  



- Management should continuously engage with employees regarding developments around the

integration  of  technologies  to  build  trust  and  acceptance  of  new  technologies  in  the

workplace; and  

- Smart Factories require a highly skilled and competent workforce.  Investment in training and

capacity development initiatives is required, to allow employees to gain an understanding of

the  benefits  related  to  the  digitisation  of  the  sector,  whilst  fostering  a  willingness  to

collaborate with and work alongside these technologies. 

Grealou (2023) mentions a Gartner report that suggests that successful smart factory initiatives require

accompanying cultural and operational transformations that are slow by nature and in many cases will

require entirely new organisational designs to integrate the new capabilities within the broader supply

chain.

7. Conclusions, Limitations and Future Research
A new model of production systems should include technologies with smart capabilities to address

transformable,  networked  and  learning  factories,  depending  on  several  drivers  such  as  high-

performance,  extreme  customisation,  environmental-friendliness,  superior  efficiency  of  resources,

eminent  human potential  and significant  knowledge creation (Jardim-Goncalves  et  al.,  2016;  EC,

2016). The desire to enhance connectivity and communication while simplifying data used to improve

and optimise products and processes has driven many organisations within developed economies to

invest  heavily  in  implementing  smart  technologies  for  manufacturing,  however  organisations  in

developing economies, as is the case in this study, have shown apprehension and mistrust towards the

technologies (Atieh et al., 2022).

This  study  analysed  the  factors  influencing  the  acceptance  of  a  smart  automotive  component

manufacturing factory. Pearson’s correlation coefficient was used to measure the linear association

with  the independent  factors  that  included job  security,  trust,  cost  and resources  and skills  and

training,  which all  had a positive  association with the dependent  factor.  The independent  factors

individual  factors,  perceived  benefits  and  organisational  culture further  indicated  a  positive

relationship with the dependent factor. One of the challenges identified by Jerman et al. (2019) was

the “people challenge”, which should be addressed during the implementation of Smart Factories.

Gartner (2023) emphasises the following top five risks, which the company under review should heed:

 Confusing factory optimisation with business model transformation.

 Overlooking the scope of change management.

 Underestimating the complexity of aligning and converging IT, OT (operational technology)

and ET (engineering technology).

 Insufficient funding for upskilling, reskilling and talent development.

 Narrow focus on a single use case and technology.



The study was limited to employees at a  tier 1  automotive component manufacturing organisation

based in Gqeberha (Port Elizabeth), South Africa. The results of the study could reveal alternative

perspectives if distributed to other automotive component manufacturers in South Africa. Based on

this, opportunities for further research exist both nationally and internationally. Structural Equation

Modelling  could  also  be  used  to  determine  if  the  proposed  model  is  suitable  for  acceptance  of

technology in the automotive component manufacturing industry. It  must be noted that the South

African company in this study is  a subsidiary of an American company. The implications of having

the  mother  company  in  the  developed  world  could  imply  that  the  issues  with  implementing

technology in a factory have been ironed out.

Future  research can explore  additional  factors  influencing the acceptance of  Smart  Factories  and

investigate the impact of I5.0, artificial intelligence, machine learning technologies the deployment of

mobile manipulators and Cobots within the manufacturing industry. Further research can investigate

the new role of employees in a “Cobot” South Africa. As Cobots increase productivity and perform

more complex operational tasks with greater precision (Javaid et al., 2022), employees will have to

upskill themselves focusing on interpersonal skills in order to remain sought after and employable

(Bhargava et al., 2020).  A model can be developed to determine the co-existence between machines

and humans for the automotive component manufacturing sector in South Africa.
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