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Abstract

Purpose — This study aims to examine the adoption of key Industry 4.0 technologies, perceived obstacles and
the role of organisational learning in manufacturing small and medium-sized enterprises (SMEs). It also
explores how contingency factors such as employee count, turnover, research and development (R&D)
spending and technological intensity influence adoption and obstacle severity.

Design/methodology/approach — A quantitative survey of 95 Finnish manufacturing SMEs was conducted.
Hierarchical clustering identified typologies of technologies and obstacles, and multivariate analyses tested the
effects of contingency factors. Organisational learning theory was used to interpret the findings.

Findings — Two clusters of technologies and obstacles were identified. Technology clusters reflect stages of
organisational learning, while obstacle clusters distinguish between internal learning needs and external
strategic coordination demands. Employee count and R&D spending were significantly associated with
adoption, but not obstacle severity.

Originality/value — This study provides a unified empirical framework and a learning-based interpretation
of SME digital transformation.

Keywords Industry 4.0 technologies, Contingency factors, Organisational learning, Obstacles,
Survey, SMEs

Paper type Research paper

1. Introduction
Originally a German government initiative, Industry 4.0 (I14.0) is now a key driver of
industrial transformation. To thrive in this environment, small and medium-sized enterprises
(SMEs) must go beyond technology adoption and develop organisational learning
capabilities for continuous adaptation and strategic renewal (Saadah and Hendarman, 2022).
Organisational learning is seen as a critical enabler of successful 14.0 adoption, helping firms
to rethink routines, challenge assumptions and adapt practices (Cheng et al., 2024; Lenart-
Gansiniec, 2019).

This study investigates the adoption 14.0 technologies, perceived obstacles and the influence
of contingency factors in manufacturing SMEs. It applies organisational learning theory to
interpret how different technologies and obstacles reflect varying learning demands and stages.
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JWL The research addresses the following questions:

38,9 RQ1. What are the primary 4.0 technologies adopted in manufacturing SMEs?

RQ2. What are the primary obstacles to 14.0 adoption in manufacturing SMEs?

RQ3. What is the influence of contingency factors on the degree of 14.0 adoption and
70 related obstacles?

In this context, the degree of adoption refers to the extent to which different 14.0 technologies
have been implemented by SMEs, based on self-reported use. Obstacles are perceived
barriers that hinder technology adoption, categorised by their constraining nature.

Previous studies have typically examined themes separately, focusing either on
technologies (Jankowska et al., 2023; Zheng et al., 2023; Baio Junior and Carrer, 2022;
Zheng et al., 2020), obstacles (Rahman et al., 2025; Aditya et al., 2021; Gonzales et al.,
2022; Javaid et al., 2023) or contingency factors (Tortorella et al., 2021b; Tortorella et al.,
2020a; Rossini et al., 2019). Few have integrated them into a single framework or applied
organisational learning theory in the SME context.

This study addresses that gap by using hierarchical clustering to identify data-driven
typology of technologies and obstacles, interpreted though organisational learning theory.
While previous studies have explored 14.0 adoption in SMEs in countries such as Germany
(Miiller and Voigt, 2018), Italy (Rossini et al., 2019) and Poland (Jankowska et al., 2023),
research in the Nordic context remains limited. By focusing on Finnish manufacturing
SMEs, this study also provides insights from an underexplored national context in
digitalisation research. The findings support SME decision-makers and policymakers in
identifying relevant technologies, anticipating obstacles and aligning support measures with
firm-specific learning needs and constraints.

The paper proceeds as follows. Firstly, we review the theoretical background. Then, the
data and methods are presented, followed by the empirical results. The findings are discussed
through the lens of organisational learning, and finally, the conclusions outline theoretical
contributions and practical implications.

2. Theoretical background

To analyse the theoretical background and prior related works, we review some advanced on
14.0 technologies, related obstacles and relevant contingency factors in SMEs.
Organisational learning is used as a unifying lens to understand how firms adopt and
internalise digital transformation.

2.1 Organisational learning and Industry 4.0 technologies
Originally introduced in Germany in 2011, 14.0 emphasises advanced, connected and human-
centred manufacturing. Commonly cited technologies include additive manufacturing, artificial
intelligence (AI), automation and industrial robots, big data analytics, blockchain, cloud
technology, cyber-physical systems, Internet of Things, simulation and visualisation
(Ghobakhloo et al., 2022; Zheng et al, 2021). Although no unified list exists, similar
technologies appear across studies (e.g. Bosman et al., 2019; Fettermann et al., 2018) (Table 1).
These technologies vary in complexity and maturity, and adoption remains uneven across SMEs.
Organisational learning theory helps explain this variation. Learning is seen as a
multilevel process involving knowledge acquisition, sharing, interpretation and
institutionalisation (Crossan et al., 1999; Huber, 1991). Adopting complex technologies
requires not only technical competence but also the ability to embed new knowledge into
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Table 1. Acknowledged 14.0 enabling technologies Journal of
Workplace

Zheng etal. Salvadorinho and Torres da Rocha Ghobakhloo Kumar .
14.0 enabling technologies  (2021) Teixeira (2021) et al. (2022) etal. (2022) et al. (2020) Learning

Internet of things (incl. v v v

IoT)

Cloud technology v

Big data and analytics v

(incl. BDA)

Visualisation technology v/

(incl. AR, VR)

Simulation and modelling v

Blockchain v
v
v
v
v

v v
v v

Artificial intelligence
(incl. AT)

Cyber-Physical systems
(incl. CPS)

Automation and industrial
robot

Additive manufacturing
(incl. AM)

D N N T N N NN
A N N N N N N NN

Source(s): Authors’ own work

routines. Firms differ in absorptive capacity, which affects their readiness to implement
different technologies (Cohen and Levinthal, 1990).

More accessible technologies like cloud computing and big data analytics may require
only incremental learning, while advanced systems, such as Al or simulation often demand
deeper organisational change. Although prior studies cluster technologies by adoption
frequency (dos Santos et al., 2020; Tortorella et al., 2021a), few frame this within a learning
perspective, particularly in SMEs.

2.2 Organisational learning and obstacles to Industry 4.0

14.0 adoption is also hindered by various obstacles (Table 2), often classified as intrinsic
(internal) or extrinsic (external) obstacles (Chauhan et al., 2021; Jabbour et al., 2016).
Intrinsic obstacles include limited resources, employee resistance, organisational culture,
uncertainty and technological complexity (Stentoft et al., 2021; Horvéath and Szabd, 2019).
Extrinsic obstacles involve data security, cooperation gaps, demand uncertainty, competition,
lack of best practises, regulations, infrastructure deficiencies and insufficient policy support
(Horvath and Szabo, 2019; Miiller and Voigt, 2018).

From a learning perspective, intrinsic obstacles often reflect limitations in knowledge
acquisition, leadership support or cultural readiness for change. These barriers may hinder
double-loop learning and the development of adaptive routines (Vera and Crossan, 2004).
While extrinsic barriers lie outside the firm, they still require learning through strategic
scanning, policy interpretation or inter-organisational coordination. Although obstacles have
been clustered thematically (Leitdo et al., 2022; Hobscheidt et al., 2021), few studies
explicitly examine theme as learning-related challenges in SMEs.

2.3 Contingency factors and learning conditions
Firm-specific factors such as size, research and development (R&D) intensity and
technological environment influence the capacity to adopt 14.0 technologies and to
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overcome obstacles (Rossini et al., 2019; Tortorella et al., 2019). These contingency Journal of
factors shape how firms absorb and institutionalise knowledge (Lionzo and Rossignoli, Workplace
2013; Cohen and Levinthal, 1990). Smaller firms may rely on informal learning, while
larger ones can invest in structured programmes (Ivaldi et al., 2022; Lionzo and
Rossignoli, 2013). Similarly, low R&D spending may limit innovation but encourage
the efficient use of existing tools. Although contingency factors have been statistically
linked to adoption (Tortorella et al., 2020a), their role in enabling or constraining 73
learning processes in SMEs is less explored.

Learning

2.4 Organisational learning as a theoretical lens adoption

Organisational learning provides an integrative theoretical foundation for this study, as it
helps explain how SMEs acquire, share and embed knowledge necessary for 14.0 adoption. A
central distinction is between lower-level learning, which supports incremental
improvements, and higher-level or double-loop learning, which questions and modifies
existing assumptions, strategies and routines (Vera and Crossan, 2004).

There is ongoing debate in the literature regarding the relationship between organisational
learning and digital transformation. One view considers organisational learning as a
prerequisite for capability development, whereby firms must first build learning capacity to
absorb technological (Vial, 2019). Another view, rooted in dynamic capabilities theory,
suggests that digitalisation itself transforms learning processes by altering how firms
experiment, adapt and innovate (Teece, 2018). These contrasting views suggest that firms
must not only build learning capacity to enable digital change but also remain responsive to
how digitalisation itself transforms the nature of learning.

3. Material and methods

This study is based on a quantitative survey of 95 Finnish manufacturing SMEs. The
survey captured the adoption of 10 14.0 technologies, perceived obstacles and four
contingency factors: number of employees, turnover, R&D spending and technological
intensity.

3.1 Sample selection and survey development
The sample consisted of SMEs following EU definitions (Eurostat, 2026a), with Chief
Executive Officers (CEOs) or similar roles as respondents to ensure data reliability.

The questionnaire included firm background, technology use (four-point scale) and
perceived obstacles (five-point scale). Technologies and obstacles were drawn from prior
research (Table 1, Table 2).

Ten Likert-scale items measured adoption, and sixteen measured intrinsic and
extrinsic obstacles. Contingency factors were included as standard firm-level variables.
For the cluster analyses, adoption and obstacle items were z-standardised and entered as
input variables, without further aggregation. This ensured that each survey item mapped
directly onto the respective construct and that differences in scale units did not bias the
clustering solution.

The questionnaire was pre-tested with practitioners and academics, leading to minor
adjustments. Table 3 provides an overview of the survey questionnaire. No ethical clearance
was required under The Finnish National Board on Research Integrity (TENK) guidelines.

The online survey was open between April and June 2021. Of 1,359 firms contacted via
Alma Talent’s database, 113 responded, resulting in a response rate of 8.3%, which is
comparable to other studies (Zheng et al., 2020, 11%; Verhovnik and Duh, 2021, 7.5%).

Downloaded from http://www.emerald.com/jwl/article-pdf/38/9/69/11456692/3wl-05-2025-0150en.pdf by University of Vaasa user on 11 August



JWL Table 3. An overview of the survey questionnaire

38’9 Part  Aim No. of elements Answer type
1 Provide data on respondents and 5 4 Multiple choice; 1 open-ended
companies (position, industry, size, years in
operation, turnover spent on R&D)
74 2 Provide the adoption degree of 14.0 10 Four-point scale
technologies
3 Provide the degree of obstacles 14 Five-point scale

Source(s): Authors’ own work

After exclusions, the final data set comprised 95 responses from 93 companies. A chi-square
test was used to assess non-response bias.

Respondents mostly held top management roles. SMEs were categorised by size based on
EU recommendation 2003 / 361, R&D spending and technology intensity based on Eurostat
classifications (Eurostat, 2026b). Table 4 presents sample characteristics.

Cronbach’s alpha values (0.67 for adoption, 0.86 for obstacles) exceeded the threshold of
0.6 (Van Griethuijsen et al., 2015), and no items improved reliability when removed.

3.2 Sample and method bias

To minimise common method bias, anonymity was ensured and questions left open to
respondents’ interpretation. It should be noted that the survey focused exclusively on
respondents from Finnish manufacturing SMEs, which helped to ensure the legitimacy and
validity of their responses. Harman’s single factor test showed no concerning variance
(16.3%, well below the 50% threshold), suggesting minimal method bias.

Table 4. Sample (n=95)

Position in SME Frequency %
Lead management 63 66.3
Key personnel 30 31.6
Number of employees

1-10 28 29.5
11-50 37 38.9
51-249 29 30.5
Annual turnover

<2ME€ 34 35.8
2 ME<10ME€ 34 35.8
10 M€ < 50 M€ 25 26.3
Percentage of turnover spent on R&D

<2% 53 55.8
> 2% 31 32.6
Technological intensity

High-technology and medium-high-technology 29 30.5
Medium-low-technology and low-technology 66 69.5

Source(s): Authors’ own work
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3.3 Data clustering Journal of
To identify key 14.0 technologies adopted and the related obstacles (RQ1, RQ2), two Workplace
clustering analyses were performed. Following the method applied in Tortorella et al.

(2021a), 10 digital technologies were used as clustering variables. Ward’s hierarchical Learning
method with the squared Euclidian distance metric was employed to determine the
appropriate number (k) of clusters based on the adoption degree of 14.0 technologies. The
same clustering method applied to the perceived severity of obstacles. 75

3.4 Data analysis

The analyses were conducted using IBM SPSS Statistics (version 29.0.2.0). A Multivariate
Analysis of Variance (MANOVA) with Wilks’ lambda test was used to test the influence of
contingency factors on the degree of 14.0 adoption and the level of perceived obstacles
(RQ3).

Before running MANOVA, assumption tests (Zach, 2021) confirmed multivariate normality,
equal variances and absence of outliers. Likert-scale items were treated as continuous variables,
following established practice (Norman, 2010). This approach was supported by the results of
normality and variance tests and was appropriate for the multivariate design. While non-
parametric and ordinal methods (such as proportional odds logistic regression) are valid in
certain contexts, the parametric approach enabled comparability across multiple outcomes.
With at least 20 observations per group, the assumption of normality was considered reasonably
satisfied. Box’s M test (p > 0.05) supported equal covariance. As the Mahalanobis distance was
below the threshold of 0.001, no extreme outliers were detected. Overall, the data met the
assumptions required for MANOVA.

MANOVA was conducted using the four contingency factors as independent variables.
Following Tortorella et al. (2021a), the first test used “highly adopted 14.0 technologies” as
dependent variables, and the second used six “highly constraining obstacles”.

Following the MANOVA tests, univariate analyses were performed to examine each
dependent variable individually. Levene’s test confirmed equal for all variables except cloud
technologies in relation to number of employees (p =0.041). However, Welch’s test
produced consistent results, indicating that the assumption of equal variances between
groups was reasonably met. Univariate Analysis of Variance (ANOVA) tests were then
carried out for the cases where MANOVA produced significant F-values.

4. Results

Hierarchical clustering of the adoption degree of ten 14.0 technologies revealed two clusters
(Figure 1). The “highly adopted 14.0 technologies” cluster comprised big data analytics,
visualisation technologies (AR, VR), IoT and cloud technologies, while the “lowly adopted
14.0 technologies” included six less commonly adopted technologies: block chain, cyber-
physical systems, simulation and modelling, additive manufacturing, AI and automation and
industrial robots.

A similar clustering of obstacles revealed two clusters (Figure 2). The “highly
constraining obstacles” included lack of resources; employee resistance to change, lack of
management and of leadership; organisational culture and structure; unclear consequences
of 14.0; difficulties in integration, internal infrastructure, or complexity of technological
factors; and lack of strategy. These largely reflect internal organisational challenges.

The “lowly constraining obstacles” comprised data security and ownership issues; lack of
cooperation in supply chain; demand uncertainty; competitive pressure or shortcomings in
tendering; lack of best practises and case examples; requlations and standards; inadequate
infrastructure and lack of policy level support, which are mainly external in nature.
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JWL Dendrogram using Ward Linkage

38 9 Rescaled Distance Cluster Combine
> 0 5 10 15 20 25
1 1 1 1 1
ZBigDataAnalytics SJ
ZVisualizationTechnologies 4
76
. Highly adopted
ZloT .
14.0 technologies
ZCloudTechnologies 2

—————————— e el el el

ZBlockChains
>
ZCyperPhysicalSystems 8
P Lowly adopted
14.0 technologies

ZSimulationandModeling 5
ZAdditiveManufacturing 10
ZArtificialintelligence 7
ZAutomationandindustrialRobots 9

Figure 1. The Ward clustering method applied to illustrate the adoption degree of 14.0 technologies
through a dendrogram
Source: Authors’ own work

The cluster names are descriptive summaries based on the empirical differences in
adoption levels observed between the groups.

MANOVA results (Table 5) indicated that number of employees and R&D spending had a
statistically significant influence on the degree of adoption of the 14.0 technologies
(p <0.05), while annual turnover and technological intensity did not.

None of the contingency factors were significantly associated with the severity of
obstacles (p >0.05) (Table 5).

ANOVA results (Table 6) indicated that the level of the number of employees (i.e. 1-10,
11-50 and 51-249 employees) had a statistically significant effect on the adoption of cloud
technologies and big data analytics. Use of cloud technologies was significantly higher in
micro-sized SMEs compared to medium-sized firms, while adoption of big data analytics was
significantly higher in both micro- and small-sized SMEs than in medium-sized ones. No
significant differences were found between micro- and small-sized SMEs. In addition, no
significant effects were observed for Internet of Things or visualisation technologies (AR, VR).

The level of percentage of turnover spent on R&D (i.e.<2%,>2%) had a statistically
significant effect on the adoption of big data analytics and visualisation technologies (AR, VR)
(Table 6). The use of big data analytics was significantly higher among SMEs spending < 2%
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Dendrogram using Ward Linkage Journal of

Rescaled Di e Cluster Combi
0 5 10 15 20 25 VVOrkplace
1 1 1 1 1 :
Z_Inadequate_infrastructure 13 Learnlng
Z_Lack_of_policy_level_support 14
Z_Data_security_and_ownership_issues 7 77
Lowly constraining
Z_Lack_of_cooperation_in_supply_chain 8H obstacles
Z_Demand_uncertainty 9
Z_Competitive_pressure_or_shortcomings 10 J
in_tendering
Z_Lack_of_best_practices_and_case_examples 11
>

Z_Regulations_and_standards 12

e mm e mm mm mm mm mm e mm e o e Em em o mm e e
Z_Resistance_of_employees 2 Highly constl"aining

obstacles

Z_Organization_culture_and_structure 3 —
Z_Unclear_consequences_of_14.0 4 |
Z_Lack_of_strategy 6
Z_Difficulties_in_techological_factors 5

_  Z_lLack_of_resources 1

Figure 2. The Ward clustering method applied to illustrate the degree of obstacles associated with the
adoption of 14.0 technologies through a dendrogram
Source: Authors’ own work

on R&D compared to those spending more than 2%. Similarly, the adoption of visualisation
technologies (AR, VR) was significantly higher among SMEs with lower R&D spending. No
significant differences were found for Internet of Things or cloud technologies.

Table 7 presents a summary of the results concerning the contingency factors.

These findings overview adoption and challenges among Finnish manufacturing SMEs.
A chi-square test comparing respondents and non-respondents based on company size
showed a significant difference in the detailed classification (micro, small, medium; y* =
8.01, p =0.018), but not in the aggregated classification (micro versus others; x* = 0.00,
p =1.00).

5. Discussion

This study advances understanding of 14.0 adoption in manufacturing SMEs by interpreting
empirical patterns through organisational learning theory. The two clusters of 14.0
technologies reflect different levels of learning maturity. Widely adopted technologies
indicate more advanced stages of learning. In such stages, knowledge has already been
acquired, tested and institutionalised (Galy and LeMaster, 2006; Levine, 2001; Crossan
et al., 1999). In contrast, the lowly adopted cluster includes technologies that demand more
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extensive learning efforts and organisational transformation, suggesting earlier learning Journal of
stages. This interpretation links clustering to organisational learning theory and highlights Workplace
adoption as a learning-dependent process. While this typology is helpful, it may oversimplify

adoption realities, as some SMEs may selectively skip stages or outsource capability Learning
development.

The obstacle clusters show a parallel structure. The highly constraining obstacles reflect
challenges that may require more advanced, systematic organisational learning and change. 81

Vera and Crossan (2004) discussed how such learning involves questioning underlying
assumptions and adapting organisational routines. These intrinsic barriers may require
shared understanding, continuous feedback and effective internal communication, which are
central mechanisms in organisational learning (Huber, 1991). This aligns with literature on
workplace learning, which emphasises the role of reflection, leadership support and
collaborative practices in enabling employee learning and capability development (Ivaldi
et al., 2022; Lenart-Gansiniec, 2019). In contrast, the lowly constraining obstacles cluster
may be less responsive to internal learning processes. Instead, these challenges often
necessitate coordination with external networks or strategic repositioning. This typology
highlights the importance of distinguishing between obstacles that demand internal
development and those that call for strategic positioning.

The limited influence of structural contingency factors suggests that internal learning
mechanisms, rather than structural characteristics, explain variation in how firms experience
and manage barriers (Cheng et al., 2024; Ivaldi et al., 2022; Lenart-Gansiniec, 2019).

Taken together, the four clusters align with different organisational learning processes
described in the 41 framework (Crossan et al., 1999). High adoption and low obstacle
severity suggest learning that has progressed towards integration and institutionalisation,
whereas low adoption or high obstacle severity reflect earlier stages of intuition and
interpretation and more exploratory learning demands.

5.1 Limitations

This study has limitations. The modest sample size (n =95), although comparable to similar
studies, may limit statistical power and increase the risk of Type II errors, particularly in the
multivariate analyses. The Finnish context may limit generalisability, as SMEs benefit from
strong public support for innovation and digitalisation, including targeted funding and
advanced infrastructure (OECD, 2023). Voluntary participation may have introduced self-
selection bias, as digitally engaged firms could be overrepresented. Despite a non-response
bias test, the low response rate and observed differences mean bias cannot be fully excluded.
Finally, clustering results may be sensitive to the choice of distance metric and linkage
method. Although alternative metrics were not tested, evaluating multiple cluster solutions
(k=2-6) supported the robustness of the selected typology.

6. Conclusions
This study first identified the key 14.0 technologies adopted, the obstacles they face and the
role of contingency factors. Clustering analysis revealed two clusters of technologies and
two clusters of obstacles. Employee count and R&D spending influenced adoption, while
turnover and technological intensity did not. None of the contingency factors affected
obstacle severity.

6.1 Theoretical contribution

The study’s theoretical contribution lies in developing a data-driven typology of technologies
and obstacles interpreted through organisational learning theory. It links adoption clusters to
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JWL different learning stages and shows how technology adoption can be seen as part of the
38,9 learning processes within SMEs.

In addition, the study presents a learning-oriented way to understand obstacles by
distinguishing between intrinsic and extrinsic challenges from the standpoint of
organisational learning. These two types of obstacles call for different responses: intrinsic
ones are often best addressed through internal learning and adaptation, while extrinsic ones

82 may require strategic coordination beyond the organisation. This approach extends to earlier
research, which typically categorised obstacles without linking them to how organisations
learn and adapt.

Importantly, structural factors did not shape how obstacles were perceived, underscoring
the centrality of internal learning processes in shaping how SMEs respond to the challenges
of digital transformation.

6.2 Contribution to practice

The findings suggest that smaller firms may benefit from scalable or off-the-shelf solutions
such as cloud or big data, while firms with limited R&D resources can still progress through
accessible technologies. In addition, a learning-based typology of obstacles helps managers
decide which barriers can be solved internally and which demand for strategic networking
and external engagement.

SMEs can foster learning environments that reduce internal barriers by supporting employee
training, encouraging shared reflection and enabling collaborative experimentation. Finally, the
lack of association between contingency factors and perceived obstacles means that SMEs
should focus on practices and culture that support organisational learning, not just in resources.

These insights support SME managers in evaluating their digital readiness and
prioritising capability development. At the societal level, promoting SME digitalisation may
contribute to regional resilience and economic competitiveness. Policymakers can use the
results to better tailor support for SME needs, for instance by facilitating peer learning and
knowledge-sharing.

6.3 Future research

Future studies could explore how SMEs build learning capabilities via mechanisms such as
experimentation, feedback and leadership, and explore how these shape digital adoption
across different contexts.
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