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Abstract: Purpose - The manufacturing sector drives industrialisation and contributes substantially
to economic growth and employment creation. Despite this, it faces challenges of diminishing size
and lack of competitiveness, mainly due to operational uncertainty. This study aims to develop an
approach to managing operational uncertainty with Industry 4.0 and 5.0 technologies. Design
/methodology/approach - The study employed a multimethod quantitative design based on the post-
positivist paradigm, with data collected from 22 experts and 262 responses from a manufacturing
firms' survey. It uses an integrated fuzzy decision-making trial and evaluation laboratory
(DEMATEL) with structural equation modelling partial least squares (PLS-SEM) and fuzzy set
qualitative comparative analysis (fsQCA). Findings - The results reveal that growing geopolitical
tension, cost of living-driven consumer behavioural change, pandemic turbulence, lack of energy
stability and security, and entrenchment power of large firms are causal dimensions of operational
uncertainty. Industry 4.0 and 5.0 technologies with capabilities for scenario planning and supply
chain integration, flexible production and mass customisation, real-time system and process
monitoring and response, root cause analysis, and sustainable solutions can manage operational
uncertainty. These technologies are artificial intelligence, the Internet of Things, big data analytics
and, to a lesser extent, advanced robotics, blockchain, and augmented and virtual reality. Originality
- The study advanced the modified neo-configuration theory and a new integrated methodology
(fuzzy-DEMATEL-PLS-SEM-fsQCA) to develop solutions for sustained performance during
operational uncertainty in manufacturing. This research offers valuable information to advance the
subject and make meaningful changes in day-to-day manufacturing operations and promote practical
real-world issue solving.

Keywords: operational uncertainty; Industry 4.0 and 5.0 technologies; organisational learning;
sustained performance; qualitative comparative analysis (QCA); modified neo-configurational
perspective

1. Introduction

The manufacturing sector is crucial in driving economic growth, providing stability during
economic downturns, and significantly contributing to the gross domestic product (GDP) of a
country (Attiah, 2019; Wan et al., 2022). Szirmai (2012) explained that the characteristics of the
manufacturing sector facilitate long-term economic growth and supported the notion that
manufacturing drives industrialisation and can serve as the primary engine of growth. Critically,
manufacturing also has a reduced susceptibility to economic shocks compared to other industries
(Cantore et al., 2017). The South African Reserve Bank (2020) supports this view, arguing that these
characteristics have led many countries, including South Africa, to prioritise manufacturing as a
sector for development initiatives. Despite its importance, the manufacturing sector has challenges
(Ndung'u et al., 2022; United Nations Industrial Development Organisation (UNIDO), 2020). Central
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to these challenges is the diminishing size of this sector in nearly all regions (Hauge, 2023) and the
lack of competitiveness (UNIDO, 2024). In particular, African economies have experienced
development and restricted diversification in recent decades, and progress in manufacturing output
has, at best, stagnated or declined despite efforts to boost the sector (Nnyanzi et al., 2022). In South
Africa, the manufacturing sector was responsible for about 13% of the country's GDP in 2021, which
is almost half of the 24% it represented in 1990. By 2023, this figure has remained steady at around
13% (World Bank Group, 2024).

The underwhelming performance of manufacturing in Africa in recent years has cast doubt on
the prospects of industrial-driven development on the continent (Ndung'u et al., 2022; Rodrik, 2018).
These challenges are exacerbated by the prevailing operational uncertainties that negatively impact
manufacturing firms (Li et al., 2024; Shi et al., 2023). Despite these challenges, Aryeetey and Baffour
(2022) contend that Africa can still achieve manufacturing-led industrialisation by improving Africa's
global manufacturing competitiveness. This supports the earlier assertions of Signé and Johnson
(2018), who argued that Africa has the potential to emerge as a prominent manufacturing hub due to
certain competitive advantages it offers compared to other developing regions where
industrialisation appears to have reached a plateau. These challenges test the resolve of the
manufacturing sector in terms of survival, growth, and sustainability (Alsamhi et al., 2022; Mollah,
2019; Shepherd and Suddaby, 2017). A response is required to address such operations management
problems (Walker et al., 2015). Thus, there is a need, among others, for manufacturing firms to
effectively manage complexity in their operating environment. This is particularly urgent for the
manufacturing sector in South Africa and most African countries. This requires research, as very little
is known about the combined impact and management of operational uncertainty on a firm's
performance. Such a response is essential to enhance theoretical development that contributes
towards expertise surrounding operational management.

This study aims to develop an approach to managing operational uncertainty with Industry 4.0
and 5.0 technologies. The remainder of the paper discusses the theoretical foundation of the study,
linking theory to methodology and the configuration model. It is followed by the methodology,
which outlines how the study was conducted, and then the results of the study. The latter part of the
paper discusses the results, the theoretical and methodological contributions of the study, and the
implications for manufacturing. The final part of the study is conclusion which also discusses the
limitations of the study and direction for future research.

2. Theory and Propositions

2.1. Complexity and Configurational Theory

The study is based on complexity (Sammut-Bonnici, 2014) and configurational theory (Fiss et al.,
2013; Pla-Barber et al., 2020). Complexity theory provides an overarching high-level view or context
which was detailed or operationalised using configurational theory. Complexity theory generally
emphasises dynamic interactions within systems (Malacina and Lintukangas, 2024) and emergent
properties (Byrne, 2005; Leydesdorff, 2008), while configurational theory focuses on the specific
arrangements or configurations of elements within a system that lead to particular outcomes
(Iannacci and Kraus, 2022). Complexity theory often employs dynamic systems analysis to study
emergent behaviours, with operational uncertainty regarded as emergent behaviour in
manufacturing. On the other hand, configurational theory uses set-theoretic methods such as
qualitative comparative analysis (QCA) to identify and analyse configurations to respond to this
operational uncertainty (Byrne, 2005; Park and Mithas, 2020). In configurational theory, the reduction
of uncertainty is a key aspect, as configurations are seen as a way to stabilise and globalise system
interactions, providing a measure of synergy within complex systems (Leydesdorff, 2008).
Configurations serve to evaluate multiple factors while preserving a significant and coherent aspect
of organisational reality and providing a complete framework for a subject (Ambrosini et al., 2009).
Misangyi et al. (2017) posited that the origin of configurational research involves organisational
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studies which were inspired by systems thinking. Configurational theorising is centred around three
fundamental principles: (1) conjunctural causation - other factors influence the impact of one factor;
(2) equifinality - different combinations of factors might result in the same outcome; and (3) causal
asymmetry - causes that result in the presence of a particular outcome may differ significantly from
the causes that result in the lack of that outcome (Iannacci and Kraus, 2022; Pattyn et al., 2022).

Linking theory and methodology operationalise configurational theory with qualitative
comparative analysis (QCA) (Park and Mithas, 2020). Ragin (2009) argued that this is an ideal method
for assessment of the 'combined effect' as well as the 'interaction relationship'. Thiem (2016) posited
that Qualitative Comparative Analysis (QCA) is one of the most formalised configurational
comparative methods as it integrates both qualitative and quantitative methods. QCA is a valuable
method for both theory building and testing (Oana et al., 2021) Misangyi et al. (2017), argued that
configuration analytical models are useful in theory building, theory extension, and theory testing.
Thus, QCA is used for theory building by identifying necessary and sufficient conditions for
outcomes, particularly in complex causal relationships. It is increasingly used in various disciplines
to synthesise evidence and develop theories. Pappas and Woodside (2021) also employed a
configurational approach to analyse a theory.

2.2. Configuration Model

The QCA allows research to systematically compare cases and identify the necessary and
sufficient conditions for outcomes. It facilitates the exploration of complex causal relationships and
helps to formulate theoretical propositions. Through its configurational approach, QCA enables
testing these propositions against empirical data, thus contributing to the refinement of theories and
enhancing the robustness of research findings (Greckhamer et al., 2018). The QCA can be applied
using the deductive approach for theory testing and the inductive approach for theory building
(Misangyi et al., 2017). Pappas and Woodside (2021) also employed a configurational approach to
analyse a theory, while Cooper and Glaesser (2016) demonstrated the value of using asymmetric tests
to both advance theory and provide useful empirical models of the occurrence of multiple realities.
Pappas and Woodside (2021) explained that the QCA uses combinations of causal conditions that
result in an outcome. Huang et al. (2024) argued that the QCA allows causal complexity analysis and
multiple interaction effects associated with conjunctural, causation equifinality, and causal
asymmetry that are difficult to capture using conventional research methods. The present research
developed a configuration model to explain sustained performance. Figure 1 shows a set-theoretic
configuration model that conceptualises the constructs and demonstrates their multiple asymmetric

relationships.
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Figure 1. Configurations of the study.
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The causal conditions were first the operational uncertainty (X) and its dimensions (Mtotywa
and Mohapeloa, 2025). These include geopolitical tension (GPT), policy and regulatory uncertainty
(PRU), the cost of living-driven consumer behaviour change (CLC), pandemic turbulence (PDT), and
energy stability and security (ESS). In addition, it also included the skills for future industrial work
(SFW) and the entrenchment power of large firms (EPL), generational work behaviour and ethics
(GWB), and process capability and variations (PCV) (Mtotywa and Mohapeloa, 2025).

Proposition 1: Within these nine dimensions of operational uncertainty, there are some which are causes and
others are effects.

Second, Industry 4.0 and 5.0 technologies (W). These include the Internet of Things (IoT) and
enhanced connectivity, artificial intelligence (Al), big data, augmented and virtual reality (AR/VR),
blockchain, advanced robotics and robotic systems, additive manufacturing (3D printing), and
quantum computing and their capabilities (Akundi et al., 2022; Belhadi et al., 2024; Kumar et al., 2019;
Noble et al., 2022) . The third is organisational learning (Ivaldi et al., 2022; Tan and Olaore, 2022). Tan
and Olaore (2022) posited that organisational learning has an all-encompassing effect on operations
and employee productivity to, thus, increase efficiency across the board, in all departments, and at
all levels of management. Basten and Haamann (2018) suggested that with the help of organisational
learning, firms may pool their employees' expertise to solve complex problems. This underpins the
importance of learning within companies to improve and achieve their objectives. Firms that are more
adept at learning are better positioned to capitalise on emerging opportunities and respond to
emerging dangers, particularly those that require considerable organisational change. This strategic
approach is crucial to effectively managing the inherent strengths and threats associated with
Industry 4.0 (Ivaldi et al., 2022). Sustained performance may manifest itself or not through various
combinations of constructs, including operational uncertainty, Industry 4.0 and 5.0, and
organisational learning. The outcomes of interest are analysed using Boolean minimisation.

Proposition 2: Combinations of OPU(2), IRT, and OLN conditions lead to high or low sustained performance.

3. Methodology

The research obtained ethical clearance approval from the University Human Research Ethics
Committee (RU-HREC), approval number 2023-7527-8189. This study is part of a larger doctoral
research.

3.1. Research Design

The study employed a multi-quantitative method design from a singular paradigm (Morse, 2003;
Hunter and Brewer, 2015; Wellman et al., 2023). The multimethod is beneficial in research as it has
the ability to generate and test theory in a single study (Wellman et al., 2023). Choi et al. (2016) posited
that adopting multi-methods significantly advances the field of operational management. In this
study, we used a multi-quantitative design, with one phase using expert assessment and the other
using a manufacturing firms survey.

3.2. Sample and Data Collection

The target population of the present study consisted of manufacturing companies in South
Africa. For experts, the non-probability sampling using judgment sampling techniques was used to
sample these participants (Blumberg et al., 2014), while for the firm survey, it was a multistage
nonprobability sampling, which is deemed effective in improving the generalisability of the study.
The expert assessment and the survey were conducted in a hybrid form: online and face-to-face, with
the online assessment using SurveyMonkey® or email response. Each expert had the opportunity to
meet with the researcher to explain the study to them.
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The study had 22 experts, which were deemed adequate to provide a more comprehensive view
while reducing bias and increasing the robustness of the decision-making process (Brownstein et al.,
2019). Experts for this research were selected based on their competence and experience, which was
at least ten years of experience in academia and industry in operations management and policy
development (Abdullah et al., 2023). The experts' experience ranged from 11-15 years to more than
25 years. Many experts, especially those in engineering and production fields, had technical degrees
(e.g., BEng, MEng, Ph.D. in Science, and Chemical Engineering), blended with postgraduate
management degrees (MBAs, Ph.D., and DBA). The experts were from various manufacturing
industries, including automotive, food and beverage, metals, machinery and equipment, chemical
products, wood products, petroleum, textiles, and clothing. In addition, there were experts from
consultancy, academia, and policy making. For the firm survey, 262 responses were obtained, which
equates to a response rate of 68.3%. from the determined sample of 384 (Cochran; 1977), which is an
acceptable response rate (Nulty, 2008). Gauteng had the highest representation (37.0%), followed by
the Western Cape (14.9%) and KwaZulu-Natal (14.5%). These provinces constituted two thirds of the
responses (66.4%). This is followed by representations of the Northwest (13.7%), the Eastern Cape
(6.87%) and the Free State (4.58%). The response was from across the manufacturing industries with
Food and beverage being the largest industry segment, accounting for 23.7%, Coke, Petroleum,
Chemical Products, Rubber and Plastic (22.1%) and Metal, Metal Products, Machinery and
Equipment (20.6%). Transport Equipment also has notable representation (17.6%), while Other
Industries were combined 16.0%.

3.2. Data Analysis

The survey data were imported into IBM Statistical Package for Social Science version 29, where
descriptive and inferential statistics were used to analyse the data, SmartPLS version 4 for
measurement and structural model and fsQCA version 4.1. Initially, the data were coded, then
screened, and cleaned. The missing values were less than the 10% threshold (Dong and Peng, 2013)
and there were also no common method variance issues in the data, with Harman’s single factor test
being 11.67%, which is better than the 50% threshold (Jordan and Troth, 2020). Optimal solutions
were developed using qualitative comparative analysis (fsQCA) (Cangialosi, 2023; Scheider and
Wageman, 2012) from the combination of enhanced 4-step process:

Step 1: Selection and validation of the causal conditions of operational uncertainty with fuzzy
DEMATEL.

Step 2: Build configuration

Step 3: Causal Conditions-Based PLS-SEM measurement and structural models

Step 4: Develop configurations - solutions (fsQCA)

Step 1: Fuzzy-DEMATEL

In the present research, causal conditions were empirically developed using a fuzzy decision-
making trial and evaluation laboratory (DEMATEL). A fuzzy DEMATEL is a multi-criteria method
for visualising the structure of complex causal-effect relationships (Lopez-Ospina et al., 2022). The
research adapted its approach from Lin and Wu (2008) and Yeh and Huang (2014) with measures of
consistency for the DEMATEL method from (Shieh and Wu, 2016) creating seven sub-steps.

Sub-step 1: Decision goals, set of criteria, and decision-makers

Experts denote preferences and assign causalities using triangular fuzzy numbers (Jassbi et al.,
2011) with the outcome averaged with the equation:

D72 ..p2zP)

7 = 1
z » @)

where Z is the average of the assessment by the experts, p = is the number of the experts.
Sub-step 2: Design the fuzzy linguistic scale.
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The five-point scale was selected for the operational uncertainty assessment based on the level
of its influence on manufacturing operations. The degree of influence is expressed using five
linguistic terms and triangular fuzzy numbers.

Linguistic term L M U
1 No influence (NI) 0 0.1 0.3
'u(X) 2 Very low influence (VI) 0.2 0.3 0.5
3 Low influence (LI) 0.3 0.5 0.7
4 High influence (HI) 0.5 0.7 0.9
1 5 Very high influence (VH) 0.7 0.9 1
NI VI L1 H1 vH
0 0.25 0.50 0.75 1.0 X

Sub-step 3a: Generate a fuzzy matrix
Each expert, p, generates the matrix using the linguistic valuation with the linguistic terms using
the level of influence and the linguistic fuzzy scale triangular numbers, lower-median-upper limits

(I-m-u).
0 X (Lmu) ... x,(I,mu)
xp@ma = [2bmw 0 m) @)
X (Lmyu)  xp(I,mou) .. 0

Sub-step 3b: Measure the agreement and consistency of decision-makers
Kendall’s coefficient of concordance (W) was employed to assess the degree of agreement among
the decision-makers (Teles, 2012). This method is a non-parametric approach for three or more
distinct ranks. Kendall’s W is analysed based on the following equation:
m

R = Zri,. 3)

j=1

where i =individual rated criteria (dimension), m is the number of decision-makers where m > 2,
in this study m =22 rating n — dimensions, with:

R=mMnm+1)/2

n

S= ) (R R @)
i=1
where S is a sum-of-squares statistics deviation over the row cumulates of ranks, R;. R is the mean
for the R; values. The Kendall’'s W concordance statistics (Marcinkiewicz, 2017), which range from
0 to 1, can be obtained from the equation:
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128
W = m ®)

In addition, an analysis was conducted with acceptable levels of agreement to evaluate
individual-level consistency using the corrected item-total correlation. The item-total correlation
refers to the degree of linear association between an individual item and the overall scale total. The
greater the correlation among experts, the higher the inter-item correlations. The experts were
evaluated to yield 22 expert-total correlations. The correlation of each expert with the aggregate of
the other 21 experts. The corrected-item total correlation is denoted as follows:

22
Corrected — item total correlation (X;) = corr Xi,z Xj—X; (6)
j=1

where X;,X,, ... X,, are the experts and corr being the Pearson correlation and 1 <i,j < 22. The
Intraclass Correlation Coefficient (ICC) values indicate the level of agreement or reliability among
the experts’ ratings for each construct (Shrout & Fleiss, 1979). Based on the ICC interpretation of >
0.90: Excellent agreement, 0.75 - 0.90: Good agreement, 0.50 - 0.75: Moderate agreement and < 0.50:
Poor agreement.
Step 3c: Generate the mean fuzzy direct-relation matrix

The arithmetic mean was then developed from the experts' assessment to generate the direct
relation matrix. This was based on all 22 experts, as they were all retained after Kendall’s coefficient
of concordance (W), Corrected item-total correlation, and intraclass correlation. The intraclass
correlation analysis was based on a two-way correlation coefficient focusing on absolute agreement
(closeness of the expert measures to each other). The direct relation matrix generated is the same as
the expert's pairwise comparison matrix.
Step 4: Normalise the fuzzy direct relation matrix

Conversion from a linear to a normalised scale was conducted to obtain a compatible scale (Yeh
& Huang, 2014). The normalised fuzzy direct-relation matrix can then be determined with the
following equation:

. Zjj Lij my; w;
Xij=7= (7,7,7 (7)
where
n n
r = max maxz Uij,maxz Uj ¢ t,j €{1,23,..,n} 8)
i,j i J
j=1 i=1

Step 5: Determine fuzzy total-relation matrix
The fuzzy total-relation matrix can be determined with the following equation:

T=lm X SXS..0X ©)
where T is the fuzzy total relation-matrix from the normalised direct relation-matrix, X.
Ul (10)
tmi tmz o tmn
and the element of the fuzzy total-relation matrix is expressed as:

&=, m : U ; 1), and calculated with equations as follows:
[l =xxU—x)™

[m U] =X X (I —2)7" (1)

[w,] =% X (= x,)7
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Step 6: Deffuzify matrices of total relationships
DF; = (@“f_l”)z("”f_l”))+ I (12)

Step 7: Causal analysis
Causal relation analysis is used to determine the most important factor and how it is classified
to understand the cause and effect. This is determined with the following equations:

n
D= ) wy 13)
=1

Ri= > w (14)
i=1

D+R (15)

D—R (16)

where D; is the sum of rows while R; is the sum of the columns. D + R represents the degree of
importance of the factor, and D-R represents the net effects that the factor contributes to the system.
A graph is developed to depict a cause-effect diagram.

Step 2: Build configuration

Fiss (2007), and later supported by Woodside et al. (2018), posited that configurations can
emerge conceptually or empirically; both are designed to characterise "what" configurations exist in
the area of interest. In the present study, the configurations were built based on the model in Figure
1. The causal conditions were operational uncertainty (X) dimensions were classified as causal in
Fuzzy-DEMATEL, Industry 4.0 and Industry 5.0 technologies and their capabilities (W),
organisational learning (Z) and outcome being sustained performance ().

Step 3: PSL-SEM measurement and structural model

The study analysed the measurement model for validity and the reliability and structural model
to understand the level of the relationship between conditions and outcomes. with structural
equation modelling partial least squares (PLS-SEM). The model was also evaluated for explanatory
power, R?, effect size, > and predictive relevance, Stone-Geisser Q? (Hair et al., 2019). The {2 measures
a specific causal condition on an outcome condition by examining the change in R? when a dimension
is included versus when it is excluded from the model. The f2 is formulated as follows (Cohen, 1988):
RE — RG,

f2=1_—Rizl (17)

where R} is the R? value of the outcome condition when a specific operational uncertainty
dimension is included, while RZ is the R? value of the outcome condition when a specific
operational uncertainty dimension is included in the model. The R? is its explanatory power assesses
the proportion of variance in an outcome condition explained by its causal conditions, analysed with
the equation:

SSrd

RZ=1
5. (18)

where SS,4 is the sum of the squares of the residuals that are unexplained variance in the causal
outcome, while SS;, is the total sum of squares of the total variance in outcome variance given as an
observed value around the mean. The predictive relevance, Stone-Geisser Q? of the endogenous
variables is calculated using the following equation:
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0*=1- oot 19)
S§50

Step 4: Develop fsQCA - solutions

The fsQCA was developed based on Boolean algebra, and the Boolean minimisation methods
can be used to capture patterns of multiple-conjunctural causality and to simplify complex data
structures rationally and comprehensively. Three Boolean operations are used, these being the
negation operations (~), logical AND (*) and logical OR (+) (Rasoolimanesh et al., 2021). The input of
the conditions to the fsQCA was the standardised latent scores from the PLS-SEM (Rasoolimanesh et
al., 2021; Sukhov et al., 2023). This was followed by the identification and assignment of observations
the set of members (Ragin, 2009), calibrated based on the percentile approach proposed by
Rasoolimanesh et al. (2021). This percentile uses 3 = full membership, 0 = cross-over, and -3 for non-
membership, where the full membership represents 99.9% percentile while -3 is 0.1% percentile
(Rasoolimanesh et al., 2021). Calibration allowed the analysis of the data and identifies the high and
low levels of predictor and outcome to identify sufficient and necessary conditions (Papas and
Woodside, 2021; Schneider and Wagemann, 2012). The cutoff frequency for conditions (raw coverage)
was greater than or equal to 3 for the analysis. This helps to ensure that very few conditions regarded
as not meaningful are filtered out. The consistency and coverage of the configurations help identify
the sufficiency and necessity of the configuration for the specific outcome (Ragin, 2009). Consistency
highlights the proportion of the cases that are present in a combination for the specific outcome with
the consistency calculated (Ragin, 2009):

Y.(min Con;,Y;)
% (Con;)

where Con; is the fuzzy-set membership score of the configuration for each case, j. Y; is the

Consistency (Con;) = (20)

membership outcome of the case, j while min represents the lowest membership of Con; and Y. A
consistency score of 0.8 confirms the sufficiency of the configuration.

Coverage indicates how well the configurations explain the outcome of interest (Rasoolimanesh
et al., 2021) and is determined using the following formula:

%.(min Con;,Y;)
()

A coverage score of 0.2 confirms the sufficiency of the configuration with fuzzy set membership

Coverage (Con;) = (21)

scores higher than 0.5 obtained from the configurations (Ragin, 2009; Rasoolimanesh et al., 2021).
4. Results

4.1. Causal Conditions of Operational Uncertainty with Fuzzy DEMATEL.

The purpose of the decision was to determine the relationship and interdependence of the
factors. This is based on nine dimensions of operational uncertainty, which are used as sets of criteria.
Generate a fuzzy matrix, measure the agreement and consistency of decision makers, and generate
the mean fuzzy direct-relation matrix. Kendall’'s W concordance degree scale with its corresponding
Chi-square (x?) (Marcinkiewicz, 2017). All dimensions had a W > 0.30 (Moslem et al., 2019). The
analysis was also conducted with acceptable levels of agreement to evaluate individual-level
consistency using the corrected item-total correlation. The results suggest excellent agreement among
experts. Intraclass correlation (ICC) indicated the level of agreement or reliability between the
experts’ ratings for each construct ICC > 0.90 (Shrout and Fleiss, 1979). The arithmetic mean was then
developed from the experts' assessment to generate the direct relation matrix. The generated direct
relation matrix is the same as the pairwise comparison matrix of experts. Conversion from linear to
normalised scale is conducted to obtain a compatible scale. Then the normalised fuzzy direct relation
matrix was then determined. The fuzzy total relation matrix was determined in this system. The fuzzy
total relation matrix was critical in identifying and quantifying the causal relationships among factors
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in this complex system. Causal relation analysis was performed to determine the most important
factor and how it is classified to understand the cause and effect (Table 1).

Table 1. Output of the model.

R D D+R D-R
GPT 1,878 2,245 4,123 0,367
PRU 2,366 2,21 4,576 -0,157
CLC 2,647 2,743 5,39 0,096
PDT 1,677 2,564 4,241 0,886
ESS 2,262 2,55 4,812 0,288
GWB 2,427 2,082 4,509 -0,345
SFW 2,783 2,152 4,935 -0,631
EPL 2,441 2,488 4,929 0,047
PCV 2,5 1,949 4,45 -0,551

Source: Authors.

Figure 2 shows the model of significant relations that focuses on causes and effects. This model
can be represented as a diagram in which the values of (D+R) are placed on the horizontal axis and
the values of (D-R) are placed on the vertical axis. The coordinate system determines the position and
interaction of each factor with a point in the coordinates (D+ R, D-R).

Cause-Eftect diagram

0.8
0.6
0.4 .
0.2

0.2
-0.4
-0.6
0.8

®GPT ®PRU oCLC ©PDT ®ESS ®¢GWB ®SFW ©EPL ©PCV

Figure 2. Cause-effect diagram.

The horizontal vector (D + R) represents the degree of importance each dimension plays in the
entire system. In other words, (D + R) indicates both factor i’s impact on the whole system and other
system factors’ impact on the factor. Regarding the degree of importance, CLC is first and SFW, EPL,
ESS, PRU, GWB, PCV, PDT, and GPT are next. In this study, GPT, CLC, PDT, ESS and EPL are
considered causal variables, and PRU, GWB, SFW and PCV are regarded as effects. The results
support Proposition 1 that within these nine operational uncertainty dimensions, there are some
which are causes and others are effects.
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4.2. Build Configurations

Table 2 provides information on the conditions for building the configurations. The approach in
the building was that the model must have more than one but not more than seven causal conditions.
This is in line with the recommendations of Fainshmidt et al. (2020, p.457), who argued that “models
with more than seven causal conditions can be constructed in principle, but given the large number
of parameters involved, the results can become difficult to interpret and such models should
therefore be avoided”. At the same time these authors explained that a single causal condition is
rarely sufficient to explain the presence of a particular outcome.

4.3. Structural Models — Direct Effect of Causal Model

The measurement and structural model with the five casual conditions used are presented in
Figure 3. The model was analysed and showed good model fit using SRMR = 0.078. This was a good
fit as it was better than both the conservative value of 0.080 (Hu and Bentler, 1998) and the
recommended threshold of 0.10 (Henseler et al., 2014). The model had good reliability and validity
with all values for reliability >0.7 and AVE for convergence validity > 0.50 and discriminant validity
using HTMT less than Hgs.

The model had acceptable explanatory and predictive power (Shmueli et al., 2019). This was
important because the validity and utility would be compromised if it did not have such capabilities.
The model had an acceptable predictive power with Stone-Geisser Q? > 0. Although the model had a
lower R?=0.060, it was deemed acceptable as the model demonstrates acceptable predictive relevance
(Q? (Suhan and Achar, 2016), as well as model performance with acceptable SRMR (Yusif et al., 2020).

Table 2. Conditions for fsQCA analysis.

Causal condition | Causal condition Causal condition Outcome (Y)
Operational Industry 4.0 and 5.0 technologies | Organisational Sustained
uncertainty (X) (W) learning (Z) performance
Validation Validation method: Validation method: | Validation
method: Heatmap, PLS-SEM measurement | Corrected Item- | method:
Fuzzy- model total  correlation, | PLS-SEM
DEMATEL Pearson correlation | measurement
model

Model I: | Scenario planning and supply chain
Growing integration (SPSI)**
political tensions | Flexible production and mass
(GPT) customisation (FPMC)

Real-time system and process

monitoring and response (RPMR)

IoT, AI, ARB, BCC
Model II: Cost | Scenario planning and supply chain
of living-driven | integration (SPSI)
consumer Flexible production and mass | Organisational Sustained
behavioural customization (FPMC) learning (OLN) performance
change (CLC) IoT, Al, BCC, ARB, BDA* (SPE)
Model III: | Scenario planning and supply chain
Pandemic integration (SPSI)
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turbulence Flexible production and mass
(PDT) customisation (FPMCQC)

Real-time system and process
monitoring and response (RPMR)
Protective ecosystem (human and
system) (PEHS)

IoT, AI, BCC, ARB, BDA*, ARVR,

Qcp
Model IV: | Real-time system and process
Operational monitoring and response (RPMR)

uncertainty  of | Scenario planning and supply chain

energy stability | integration (SPSI)

and security | Root cause analysis and sustainable
(ESS) solutions (RCAS)

IoT, Al, ARB, BDA*, ARVR
Model V: | Scenario planning and supply chain

Entrenchment integration (SPSI)

power of large | IoT, AL, BCC, ARB
firms (EPL)
**SPSI — developed from integration of SPFP and SCIC due to discriminant lack of validity. Source: Authors

The path coefficients for the structural model show that GPT has a statistically significant negative
relationship with SPF (8 =-0.141, p <.05). There was also a statistically negative relationship between
ESS and SPF (B =-0.159, p <.05). The other three paths were not statistically significant. As such, the
main focus of the fsQCA was on the two significant pathways.
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a Pa Pc AVE
CLC 0.758 0.792 0.844 0.577
EPL 0.800 0.812 0.869 0.624
ESS 0.739 0.767 0.849 0.653
GPT 0.711 0.725 0.814 0.524
PDT 0.685 0.757 0.822 0.608
SPF 0.845 0.866 0.905 0.762

CLC | EPL ESS GPT PDT SPF

-0.141 (0.040)
CLC

EPL | 0.542

0.100 (0:364) ESS 0.469 | 0.536

GPT | 0.576 | 0.649 | 0.600

-0.066 (0.474)
CLC
-0.159 (0.023)
VIF R? Q2 f2SPF
SPF 0.060 0.005
0.029 (0.725) CLC 1.374 0.003
ESS EPL 1.514 0.001
ESS 1.491 0.018
GPT 1.489 0.014
PDT 1.275 0.008

EPL

Figure 3. Measurement and structural model of the causal conditions with outcome, SPF.

4.1. Geopolitical Tension

fsQCA solutions based on the latent variable score were performed for the conditions in the
presence of geopolitical tension. Analysis and solution were based on the Quine-McCluskey model
algorithm. The causal conditions were GPT, OLN, SPSI, FPMC, RPMR, Al, BCC, while the outcome
is SPF. The unique latent variable (LV) scores developed from the truth table were analysed using
logical minimisation to identify the sufficient and necessary conditions (Schneider and Wagemann,
2012). The raw consistency measures the consistency of a configuration that leads to an outcome. A
total of 32 alternatives were produced from the truth table after removing the alternatives with fewer
than three cases (cutoff = 3). A standard analysis was conducted which included causal combinations
to achieve sustainable performance during growing geopolitical tension. A threshold of > 0.75 (Mejia-
Trejo, 2023) was used as the guide for consistency, also noting and there is also a more stringent guide
of > 0.80 from other authors such as Ragin (2009), with coverage greater than 0.2. This was
considered sufficient to generate the outcome. A combined use of intermediate and parsimonious
results was used to identify the core and peripheral conditions (Fiss, 2011). When examining
parsimonious solutions, conditions; SPSI and ~cGPT were present in both solutions and have high
consistency and coverage, indicating that they are the core conditions, while the others are peripheral
conditions. These core causal conditions are strongly linked to the outcome by leveraging the present
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or absent conditions (Ragin, 2009). The analysis produced 12 solutions for high sustained
performance (SPF). In Table 3, the presence of the condition is indicated by a black circle, while the
absence is indicated by an empty circle, while the blank space indicated by ‘do not care’ is based on
the guide by Fiss (2011) guide. The large circle denotes the core condition, while the small circle
represents the peripheral condition. The coverage and consistency were good. Solution coverage
indicated how well the combination of conditions explain the outcome. In these results, it was 0.832
implying that the solution covers about 83.2% of the cases. The solution consistency accounts for how
well the combination of conditions consistently predicts the outcome, which in this case was 0.799,
implying a consistency of 79.9%. Within these 12 solutions, four had the presence of geopolitical
tension (GPT), and this is the main focus, as it is assumed to be present in the firm. These are solutions
1,7, 8 and 10.

Table 3. Sufficient configurations of high sustained performance in the presence of geopolitical tension and

industry 4.0 and 5.0 technologies capabilities and organisational learning.

Solution
Configuration 1 2 3 4 5 6 7 8 9 10 11 12
e O QO e ¢ O e O {
o o o J g O e O
e o O | O Q
e O 3 O o 3 Q O g e
K G J e O o O O
M L_| L ] “ J e e ¢ e o o
e Q Qg O O g o Qg Qg O « O
Raw coverage 0.388 0.499 0.377 0.371 0.381 0.519 0.383 0.393 0.453 0.355 0.376 0.327
Unique coverage 0.011 0.008 0.004 0.003 0.002 0.010 0.007 0.008 0.027 0.005 0.056 0.004
Consistency 0.869 0.899 0.886 0.895 0.899 0.887 0.874 0.870 0.906 0.895 0.933 0.936
Overall solution coverage 0.832
Solution consistency 0.799

High SPF: PSPF = f(GPT, OLN, SPSI, FPMC,RPMR, Al, BCC)

Note: Black circles indicate the presence of conditions, and empty circles indicate the absence of
condition

Large circle: core condition small circle: peripheral condition blank space: "don't care condition

Parsimonious solution (Core conditions): SPSI (coverage — 0.802, consistency — 0.793), ~GPT (coverage — 0.777,
consistency — 0.783). Necessary conditions: SPSI: consistency —0.802, coverage 0.793. Source: Authors To achieve
sustained performance in the presence of GPT, it may be combined with solution 1 (Al in the absence of FPMC,
RPMR and BCC) or solution 7 (OLN, FPMC and Al), solution 8 (SPSI, FPMC, Al in the absence of BCC), and
solution 10 (Al in the absence of OLN, FPMC and BCC). There are six solutions that show the achievement of
high sustained performance in the absence of GPT. A necessary condition analysis was conducted for these
solutions. Rihoux and Ragin (2009) posited that the necessary condition is regarded as the superset of the
outcome. In this analysis, the SPSI had strong consistency — 0.802, coverage 0.793 appeared to be a candidate to
explain the variations in high SFP. This is despite not reaching > 0.9. Despite this, in the strictest term these
solutions have no necessary condition (Ragin, 2009). Four specific subpropositions were tested based on
solutions 1, 7, 8, and 10 regarding the achievement of high sustained performance in the presence of geopolitical

tension when managed with the Industry 4.0 and 5.0 technologies capabilities. Solution 1 and 10 are the same
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for the presence of GPT and Al The other three subpropositions are provided in Figure 4a-c. The X-axis typically
represents the degree of membership in a causal condition, while the Y-axis represents the degree of membership
in the outcome (Meja Trejo, 2023). Consistency measures the degree to which cases with a high membership in
the condition also have a high membership in the outcome, and coverage assesses the extent to which the
condition accounts for the outcome (Cangialosi, 2023). When looking at the presence of operational uncertainty
in combination with organisational learning and Industry 4.0 and 5.0 technologies and capabilities. With high
XY for solution 8, (0.876) and solution 7 (0.871), and moderate to low XY, this indicates that the proposition is
partially supported and that the high performance depends on a large group of firms. However, it does not

predict all the cases. The same applies to solution 1.

4.4.2. Energy Stability and Security

For energy stability and security, the allotment of solution scores (truth table) and the solutions
for sufficient configurations of high sustained performance were also developed. There were 11
solutions (Table 4). In these solutions, there are five solutions in the presence of operational
uncertainty due to energy stability and security, resulting in high SPF when combined with security,
Industry 4.0 and 5.0 technology capabilities, and organisational learning. Solution 6 has a high SPF
in the presence of ESS when combined with RCAS, Al, and BDA in the absence of SPSI. Solution 8 is
in combination with RCAS, RPMR and SPSI. The other solution that would result in a high SPF is
solution 9, 10 and 11 in the presence of Al, and sometimes OLN and SPSI. There was no necessary
condition from the necessary condition analysis.

Table 4. Sufficient configurations of high sustained performance in the presence of energy stability and security

and industry 4.0 and 5.0 technologies capabilities and organisational learning.

Solution

Configuration 1 2 3 4 5 6 7 8 9 10 11
ESS o 0 ® [ ) ® [ [
OLN O e e ® O o @
RCAS e o©O e e o 9 o 0| @)
RPMR e O O e o o ® o 4ad ¢
SPst o O @ @ C @ O 0O e
Al o o o e e e o o
BDA O e e e e e

Raw coverage 0.476 | 0.299 | 0.316 | 0.413 | 0.418 | 0.282 | 0.293 | 0.535 | 0.393 | 0.388 | 0.386
Unique coverage 0.007 | 0.011 | 0.012 | 0.011 | 0.008 | 0.007 | 0.003 | 0.045 | 0.003 | 0.004 | 0.007
Consistency 0.850 | 0.883 | 0.901 | 0.921 | 0.901 | 0.867 | 0.885 | 0.896 | 0.912 | 0.932 | 0.943
Overall solution coverage 0.825

Solution consistency 0.810

Note: Black circles indicate the presence of conditions, and empty circles
indicate the absence of condition

Large circle: core condition small circle: peripheral condition blank space: "don't care condition

Source: Authors
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The XY plot shows that the proposition is partially supported with high XY and moderate to low
X 2Y (Figure 4d-h)

4.4.3. Operational Uncertainty Construct

SPSI and OLN were regarded the core conditions as they were present in both the parsimonious
and intermediate solution and had higher coverage and consistency (=0.85). PEHS, Al and ARVR,
although they appeared in the parsimonious and intermediate solution, were still regarded
peripheral conditions as their solutions had coverage <0.50 or coverage was <0.85. The intermediate
solution results show that the coverage of the solution was 0.686 and consistency was 0.864 (Table 5).

Table 5. Sufficient configurations of high sustained performance in the presence of operational uncertainty and

industry 4.0 and 5.0 technologies capabilities and organisational learning.

Solution
Configuration 1 2 3
Configuration for High
SPF oru2 ® 'e)
OLN [ ] O
PEHS O @)
SPSI [ )
Al o | o
ARVR 'e)
BDA Y
Raw coverage 0.280 0.260
Unique coverage 0.043 0.021
Consistency 0.895 0.925
Overall solution coverage 0.686
Solution consistency 0.864
Configuration for low SPF | OPU2 o ° ®
OLN O [ ]
PEHS O @)
SPSI [ ] O O
Al o | o °
ARVR
BDA o | o °
Raw coverage 0.255 0.304 0.301
Unique coverage 0.011 0.001 0.001
Consistency 0.924 0.914 0.909
Overall solution coverage 0.636
Solution consistency 0.849
High SPF SPF = f(OPU2, OLN, PEHS, SPSI,AI, ARVR, BDA
Low SPF ~SPF = f(cOPU2, OLN, PEHS, SPSI,AI, ARVR, BDA

Large circle: core condition small circle: peripheral condition blank space: "don't care

condition
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Thus, the solution covers about 68.6% of the cases, and the consistency of the solution accounts
for the combination of conditions that consistently predicts the outcome was 86.4%. Only individual
solutions with coverage 202 and coverage 20.75 were reported. The solution -
OPU2*OLN*~PEHS*AI*~ARVR denoted as solution 0 was used for a specific proposition. This
proposition looked at the presence of operational uncertainty in combination with organisational
learning and artificial intelligence. The XY plot is present in Figure 4i showing the consistency to
which the observations were plotted with XY = 0.855 while the X >Y = 0.448. With high XY moderate
to low X 2Y = 0.448, indicate that proposition that is partially supported that the solution with high
performance depends on large group of the firm, however it does not predict all the cases thus not
fully advancing the theory. Papas and Woodside (2021) posit that consistency above 0.80 can serve
as a guide for theoretical advancement. The fsQCA results show that there exist multiple
configurations that can lead to high sustained performance. This supports proposition 2 that
combinations of OPU(2), IRT, and OLN conditions lead to high or low sustained performance.

5. Discussion

5.1. Development of Framework

An integrated approach was useful, as fuzzy DEMATEL separated the nine dimensions into
causes and effects (Lopez-Ospina et al., 2022). The study identified the causal dimensions:
geopolitical tension, cost-of-living-driven consumer behavioural change, pandemic turbulence,
energy stability and security, and the power of large firms. The effect conditions were skills for future
work, generational work behaviour and ethics, process capability and variations, and policy and
regulatory uncertainty. The PLS-SEM structural model, the results show that of the five causal
dimensions, there was a statistically significant negative relationship between geopolitical tension
and sustained performance and between operational uncertainty due to inadequate energy stability
and security. The other three were not significant.
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Figure 4. XY Plots of fsQCA for solutions in the presence of GPT, ESS and OPU2.

The rise in geopolitical tensions is one of the important dimensions of operational uncertainty.
Geopolitical tensions lead to supply chain disruption (Ali et al.,, 2024; Bednarski, 2023), increased
costs (Charpin and Cousineau, 2024), and regulatory changes can restrict market access, forcing firms
to adapt their supply chain networks to comply with new regulations or face penalties (Charoenwong
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et al., 2023). The fsQCA analysis shows solutions that are candidates to achieve high sustained
performance in the presence of growing political tension. These include the use of artificial
intelligence or the use of Al in combination with technologies that can enable flexible production
(FPMC) and mass customisation and organisation learning conditions to manage geopolitical tension.
This finding can also have implications for other countries in Africa that are faced with the same
domino effect due to dependency on the countries that has heightened geopolitical tensions.
Furthermore, there is also the operational uncertainty of energy stability and security. The availability
of a stable energy supply is closely related to economic and industrial sustainability. South African
manufacturing industries remain among the most energy-intensive industries (Kan et al., 2020).
Dewa et al. (2020) explained that unstable energy supply (loadshedding) had resulted in the
manufacturing sector experiencing production halts and increased downtime, which compromises
delivery schedules and overall productivity. Mashapu and Mathaba (2024) reported that in some
cases load-shedding has led to a substantial increase in operational costs. The results of the analysis
of the study yielded solutions that can lead to high sustained performance in the presence of
operational uncertainty due to energy stability and security. This can be achieved when combined
with root cause analysis and sustainable solutions, with artificial intelligence and big data analytics.
It can also be achieved in the presence of ESS in combination with scenario planning and supply chain
integration, root cause analysis and sustainable solutions, real-time monitoring and response, and
organisational learning. The other alternative is the presence of Al and others in Al, organisational
learning, root cause analysis, and sustainable solutions. There is also an option of quantum
computing, but this might depend on the complexity of the problem that needs root cause analysis.
These findings may have lessons and implications for other countries facing challenges of energy
instability. This aligned with the relevance of the study in African countries. There was also a solution
that was produced in this study that also looked at the presence of operational uncertainty in
combination with organisational learning and artificial intelligence. This configuration is similar to
some of the configurations proposed for other scenarios. Al, FPMC and SPSI can potentially help to
manage the operational uncertainty due to geopolitical tensions. SPSI and FPMC are mainly facilitate
by Al IoT and Blockchain. At the same time, the analysis shows that to effectively manage the
operational uncertainty of energy stability and security, the firm needs technologies capable of
scenario planning and supply chain integration, real-time system and process monitoring, root cause
analysis, and sustainable solutions, with Al and BDA. In addition, augmented reality (AR) and virtual
reality (VR). AR and VR can be used for different training experiences and applications (Xie et al.,
2021).

PwC (2024) South Africa manufacturing analysis highlights the steps the manufacturing firm
can implement to improve their business, including strengthening the supply chain with IoT Al and
specifically sensors, robotics, and decision intelligence systems. These assertions are in agreement
with the solutions from fsQCA for sustained performance during the time of growing geopolitical
tensions, which are combinations of Industry 4.0 and 5.0 capabilities and organisational learning.

In this study a framework was developed that provides the outcome of the configurations model
(Figure 5). This starts with the existence of operational uncertainty showing how the associated
dimensions influence manufacturing operations from supply chain disruption through increase in
the cost of production, market access restrictions to compromise knowledge management. Industry
4.0 and 5.0 technologies are available to business managers who can use these technologies to manage
these operational determinants. This analysis leads to operational improvement and sustained high
performance with particular configurations.

5.2. Theoretical Perspective

The study focused on the extension of the theory, within the area of operations management in
the manufacturing sector, using an integrated approach which allowed modification of the neo-
configurational theory proposed by Misangyi et al. (2017). Misangyi et al. (2017) argued that QCA
emerged as part of the second wave of configurational management development to deal with the
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"void in tools capable of fully capturing causal complexity. Miller (2018) recommended strengthening
empirical research using QCA, using theory and conceptual debates to guide research, employing
case narratives to guide research scope and interpret profiles, blending quantitative and qualitative
analyses, and establishing the significance of configurations, among other things. Greckhamer et al.
(2018, p.492) confirmed that the neo-configurational perspective was driven by a set-analytic
approach and went further explaining that unlike Miller (2018), the “neo-configurational perspective
is ‘scale-free’ because it applies not only to the organisational level, but also to phenomena at the
intra-organisational and supra-organisational levels. Thus, this study discusses the modified
theoretical perspective from the premise of the neo-configurational theory, while also considering
some of recommendations of the Miller (2018) and the response of Greckhamer et al. (2018).

Operational uncertainty

(OPU)

...Low performance

Response: Both operational uncertainty and individual dimensions (GPT and ESS)

Response: Individual dimension (GPT and ESS)

Cause dimension

Effect dimension

][]e0

Major short-term impact or long-term impact
"""" Moderate (Significant impact)

Industry 4.0 and 5.0 technologies capabilities (Fully)

===~ Industry 4.0 and 5.0 technologies (Partial)

Figure 5. Framework of analysis of operational uncertainty. Source: Authors.
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This study employed an integrated approach of fuzzy-DEMATEL with PLS-SEM and QCA for
the modified neo-configurational theory. The fuzzy-DEMATEL is a useful hybrid approach that not
only integrates both qualitative and quantitative data, but it also leverages fuzzy logic to handle the
inherent uncertainty and subjectivity in qualitative assessments (Lin, 2014; Yeh and Huang, 2014).
The research method used in the present study obtained qualitative evaluations from experts, which
were then integrated with quantitative data to form a comprehensive analysis framework (Jin, 2022).
Thus, this approach takes into account the recommendation of Miller (2018) to combine quantitative
and qualitative analyses and Greckhamer et al. (2018) to build conceptually meaningful and
empirically configurational theory. Importantly, when building theory falsifiability and utility
should be used as the two criteria for evaluating the theory (Bacharach , 1989).

The falsifiability assesses whether the theory is constructed in such a way that it is empirically
refutable. The study provides evidence of the falsifiability of this theoretical perspective (Bacharach,
1989). The critical components of a theory are indicators, constructs, and their relationships. Guided
by the limits, a theory evaluation was performed using propositions. Good theory-building research
methods are those that, like a theory itself, we specified the variables which are also causal conditions,
which are the operational uncertainty and its dimensions, Industry 4.0 and 5.0 technologies
contribute, and organisational learning with the outcome being sustained performance. Furthermore,
there was a narrow focus on a specific topic on operational uncertainty and management using
Industry 4.0 and 5.0 technologies; these technologies benefit from these technologies showing clear,
coherent, causal chain constructs, and offer the relevant propositions (Wacker, 1998). The indicators
showed adequate variance for logical analysis and adequate reliability for stability. The falsifiability
of the constructs was determined with convergence validity using AVE, discriminant validity with the
Fornell-Larcker criterion, cross-loadings, and the Heterotrait-Monotrait criterion (HTMT). It was also
carried out with predictive validity based on the explanatory power, R?, effect size, f> and predictive
relevance, Q2 (Hair et al., 2019). Utility analysis determines whether the theory is useful, can be
explained, and can predict the constructs, variables, and their links. In addition, utility evaluates
whether the theory includes both the logical, which involves scope, and the empirical, which
provides for explanation and prediction. This was confirmed in the present study with different
methods, fuzzy-DEMATEL, PLS-SEM, and QCA. The scope must ensure that the variables included
in the theoretical system are sufficient but parsimonious (Bacharach, 1989).

This modified neo-configurational theoretical perspective subscribes to the same foundational
core tenets of causal asymmetry, conjunctural causation, and equifinality (Meuer and Fiss, 2020). The
new wave of research directly focuses on causal complexity (Misangyi et al., 2017), the neo-
configurational perspective enables researchers to more adequately theorise and empirically examine
causal complexity, and this expectation is similar to the modified neo-configuration theory. Causal
asymmetry was assumed testing the overall operational uncertainty for the presence and absence of
the outcome. There was also conjunctural causation and evidence of equifinality with four solutions
for a growing political tensions-based model and five solutions for an energy stability and security-
based model that would lead to sustained high performance. Based on structure and levels of
operational uncertainty, there is evidence of emergence tenets. This study postulates that there is a
need for an additional tenet, an emergent core tenet in neo-configurational theory. This is as was
evident from the empirical analysis that operational certainty has multiple dimensions. To help
understand this complex phenomenon through the interplay of multiple causal dimensions. rather
than isolating single mechanisms. This tenet is mainly associated with the complexity theory (Turner
and Baker, 2019). However, it explains that the emergence occurs when systems properties or levels
of the complex firms are generated by agent self-organisation. This is especially relevant because
emergence and causality are interconnected, with new causality arising at higher levels of abstraction
that cannot be attributed to individual properties alone (Yuan et al., 2023). The emergent change,
which is based on Industry 4.0 and 5.0 technologies and organisational learning, can generally arise
in reaction to external environment alterations, which can be diverse. Emergent change enables firms
to maintain adaptability and responsiveness to unplanned or unforeseen changes. As such, this
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modified neo-configurational theoretical perspective subscribes to core tenets of configurational
theory and the emergent tenet of complexity theory.

5. Conclusions

The study concludes that the growing geopolitical tension, the change in consumer behaviour
driven by the cost of living, pandemic turbulence, lack of energy stability and security, and
entrenchment power of large firms are causal dimensions of operational uncertainty. These causal
dimensions were used for the PLS-SEM and fsQCA analysis, with the results showing a negative
significant relationship between the two dimensions, growing political tension and energy stability,
and security uncertainty with sustained performance. Industry 4.0 and 5.0 technologies with
capabilities for scenario planning and supply chain integration, flexible production and mass
customisation, real-time system and process monitoring and response, root cause analysis, and
sustainable solutions can manage operational uncertainty. These technologies are artificial
intelligence, the Internet of Things, big data analytics and, to a lesser extent, advanced robotics,
blockchain, and augmented and virtual reality.

The study advanced the modified neo-configuration theory and a new integrated methodology
(fuzzy-DEMATEL-PLS-SEM-fsQCA) to develop solutions for sustained performance during
operational uncertainty in manufacturing. This research offers valuable information to advance the
subject and make meaningful changes in day-to-day manufacturing operations and promote practical
real-world issue solving. There are several limitations to the study worthy of highlighting. Industry
4.0 and 5.0 technologies were not exhaustive. The study acknowledges that there are other integrated
Industry 4.0 and 5.0 technologies and/or individual technology extensions that form smart factories
in manufacturing that can be employed to manage operational uncertainty. Also, fsQCA though
partially advanced the theory, it did not fully advance the theory as not all cases were above the
consistency above 0.80 (Papas and Woodside, 2021). This study should serve as a base for further
research on managing of operational uncertainty with Industry 4.0 and 5.0 technologies. Further
research need to be done to manage operational uncertainty with technology. It can include research
from BRICS+ partner countries such as China (Asif et al., 2024; Liu et al., 2022; Wang et al., 2023) and
India (Gupta et al., 2021) as they are advanced in Industry 4.0 and 5.0 technologies and integration to
manufacturing to improve efficiency and competitiveness.
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