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Abstract: 
This study investigates the impact of workplace automation, proxied by annual robot installations, on UK 
manufacturing productivity from 1990 to 2024, using manufacturing value added as the key measure. 
Grounded in Schumpeter's (2013) theory of creative destruction, it addresses a critical gap in sectoral 
analysis by examining automation's role amid labor shortages, economic shocks like the 2008 crisis and 
COVID-19, and mediating factors such as educational attainment, minimum wages, and GDP growth. 
Employing a semi-log GMM model with secondary data from the UK Office for National Statistics, the 
analysis incorporates pre-estimation diagnostics including descriptive statistics, breakpoint unit root tests, 
and Johansen cointegration to ensure robustness. Empirical results reveal a stable long-run equilibrium 
among variables, with GDP per capita exerting a significant positive effect on productivity, while 
automation's influence manifests indirectly through human capital synergies, echoing Graetz and Michaels 
(2015) findings of 0.36 percentage point’s annual labor productivity growth from robots across 17 countries. 
Cointegration tests confirm intertwined dynamics, and model stability diagnostics affirm convergence to 
equilibrium despite disruptions. These insights align with McKinsey Global Institute (2017a) projections of 
0.8–1.4% global productivity gains, underscoring automation's potential to drive UK industrial resilience 
when paired with upskilling. The study advocates policy measures like expanding Made Smarter 
programmes and R&D incentives to accelerate adoption, alongside workforce training to mitigate 
displacement risks highlighted by Berriman and Hawksworth (2017). By fostering human-machine 
complementarity, UK manufacturing can achieve sustainable growth, positioning the sector as a global 
leader in smart production. 
 

Keywords:  Automation, Manufacturing Value Added, UK, Artificial Intelligence 
 

INTRODUCTION 

1. Background  

Rapid advances in automation technology, 
including artificial intelligence, have seen 
machines encroach into areas historically 
considered the exclusive domain of human agents 
(Oladokun et al., 2025a; Oladokun et al., 2025b). 
In recent years machines have moved beyond the 
abstract feats of beating the best players in the 
world at chess, Go and Jeopardy to increasingly 
displace human workers across a range of 
industries. The so-called fourth industrial 
revolution (Schwab, 2015) has heralded a new 
paradigm of automation where routine, repetitive 
cognitive, and manual tasks are increasingly 
performed by machines (Autor et al., 2003b; Frey 
& Osborne, 2017; Kolbert, 2016; Lee, 2018; 
Olatunbosun, 2025b).  
From cooking burgers at fast food restaurants to 
automating a myriad of warehouse activities - 
machines are performing ever more complex tasks 
and the trend is accelerating exponentially. In 

recent years autonomous vehicles have moved 
from the realms of science fiction and are 
expected to underpin a $7 trillion market by 2050 
(Gill, 2020). As such we are rapidly approaching 
the point where machines will make life and death 
decisions about collision scenarios on our roads 
(Awad et al., 2018; Bigman & Gray, 2018; 
Bigman et al., 2019). In parallel, self-guided 
weapons have the potential to transform the nature 
of global warfare – making decisions that would 
previously have been in the hands of highly 
trained military personnel (Horowitz, 2016).  
In manufacturing and productivity industries, the 
continued adoption and automation of workplace 
is proven to be aiding productivity growth, as 
robots are said to improve productivity when they 
are applied to tasks that they perform more 
efficiently and to a higher and more consistent 
level of quality than humans. In a study focused 
specifically on robotics for the Centre for 
Economic Performance at the London School of 
Economics, Georg Graetz and Guy Michaels 
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concluded that robot densification increased 
annual growth of GDP and labor productivity 
between 1993 and 2007 by about 0.37 and 0.36 
percentage points respectively across 17 countries 
studied, representing 10% of total GDP growth in 
the countries studied over the time period and 
comparing with the 0.35 percentage point 
estimated total contribution of steam technology 
to British annual labor productivity growth 
between 1850 and 1910 (Graetz and Michaels 
2015).  
Another recent study found that investment in 
robots contributed 10% of growth in GDP per 
capita in OECD countries from 1993 to 2016 
(Olatunbosun & Olatunbosun, 2025a; 
Olatunbosun, 2025b). The same study found that a 
one-unit increase in robotics density (which the 
study defines as the number of robots per million 
hours worked) is associated with a 0.04% increase 
in labour productivity (Centre for Economics and 
Business Research 2017). Looking ahead, the 
McKinsey Global Institute predicts that up to half 
of the total productivity growth needed to ensure a 
2.8% growth in GDP over the next 50 years will 
be driven by automation (McKinsey Global 
Institute 2017). A report by Accenture in 
collaboration with Frontier Economics forecasts 
the potential of automation to double Gross Value 
Added (GVA) across 12 developed economies by 
2035, with labour productivity improvements of 
up to 40% (Accenture 2016). The Boston 
Consulting Group forecasts productivity 
improvements of 30% over the next 10 years, 
spurred particularly by the uptake of robots in 
SMEs as robots become more affordable, more 
adaptable and easier to program (Boston 
Consulting Group 2015).  
More so labour shortage, high staff turnover, and 
work related accidents/injuries are some of the 
issues the manufacturing sectors face in the 
United Kingdom. As a result, automation is being 
increasingly used in the production process. While 
the impact of robot adoption and automation in the 
workplace remains an ongoing area of debate, 
with increasing fears of robots taking up jobs from 
humans, thus the debate has been if robots will 
endup creating more jobs or rather creating more 
unemployment over time (Olatunbosun, 2025b). 
This paper seeks to examine the effect of 
automation in driving industrial productivity in the 
united kingdom. The study uses annual robot 
installation as the proxy for automation and the 

regressed variables in the baseline regression 
model, while manufacturing value added to gross 
domestic product in the UK for the very period 
under review is used as the main explanatory 
variable in the model, industrial capacity 
utilization, inflationary trends and exchange rate 
were used as the control or mediating variables in 
the model.  
The study adds novelity to existing studies by 
focusing on sectoral analysis, with the industrial 
sector in view, while previous studies had a 
selective approach to this analysis. This paper 
adopted an all inclusive approach by focusing on 
the entire industrial unit of the country and the 
effect of automation on propelling productivity 
over the period of this examination. 
 
2. Literature Review  

2.1 Theoretical Review 

Schumpeter’s (2013) theory of creative 
destruction posits that technological innovation 
disrupts existing industries, thereby driving 
economic growth and altering employment 
patterns. According to Schumpeter, innovation, 
particularly through new technologies, advances 
industrial productivity which in turn engenders 
economic growth and development by replacing 
obsolete methods, although it also results in short-
term disruptions such as job losses. 
When we apply this theory to digital 
transformation and automation, this theory 
suggests that the adoption of artificial intelligence 
(AI), robotics, and other advanced technologies 
simultaneously eliminates and creates jobs, 
thereby reshaping the industrial sector 
productivity dynamics.  
According to (Tülüce & Yurtkur, 2015). Countries 
that effectively leverage innovation experience 
long-term economic growth despite short-term 
disruptions. In a similar view, Dauth et al. (2017) 
examined Germany’s manufacturing sector and 
found that robots did not result in net job losses 
but altered the composition of employment. 
Manufacturing employment declined by nearly 23% 
between 1994 and 2014, while the creation of new 
service sector jobs offset some of these losses. 
In the United Kingdom, Berriman and 
Hawksworth (2017) projected that up to 30% of 
jobs in the United Kingdom could be automated 
by 2030, with workers possessing lower 
educational attainment being most at risk. The 
authors emphasized the importance of education 
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and skills development to mitigate job 
displacement and facilitate new job creation 
through digitization. While continued inclusion of 
Robots in the workplace will remain a long-term 
project for many industrial units in the UK and 
across the globe. 
 
H1:  Workplace Automation has a significant 

Difference on  Manufacturing Productivity.  

Several empirical and theoretical studies have 
engaged in the ongoing debate on the very role of 
automation on productivity, job loss and wage 
differences. The popular view has been that 
increasing automation in the workplace would 
eventually result in industrial job losses 
(Olatunbosun, 2025c). However, other authors 
have focused on the very impact of automation in 
enhancing productivity and found some 
interesting positive relationship between 
automation and productivity in different regions. 
Graetz and Michaels (2015) studied the impact of 
robotics on productivity using macroeconomic 
research. Using panel data from 14 industries in 
17 countries between 1993 and 2007, the study 
found that the use of robots raised countries’ 
average GDP growth rates by about 0.37 
percentage points and productivity growth by 
about 0.36 percentage points respectively. These 
figures represents 12% of total GDP growth and 
18% of labour productivity growth for the 17 
countries over that time period.  
Similarly, Ceber (2017) studied the impact of 
automation on economic development (GDP per 
capita and labour productivity) in 23 OECD 
countries between 1993 and 2015. The study 

found ‘a positive association between robotics 
density and labour productivity; … a one-unit 
increase in robotics density growth is associated 
with a 0.04% increase in labour productivity’. 
And, ‘… a positive relationship between robotics 
automation and economic development … a 1% 
increase robotics investment is associated with a 
long-run increase in GDP per capita of 0.03%.’  
Another supporting study was carried out by 
McKinsey Global Institute (2017a) which 
estimated that ‘automation could raise 
productivity growth globally by 0.8 to 1.4 percent 
annually’. Berg, Buffie, and Zanna (2018) 
suggested that ‘… even a small increase in the 
level of robot productivity can increase output 
enormously if the robots and humans are 
sufficiently close substitutes.  
 

3. Methodology  

Following Onwumere (2005), this research adopts 
a quantitative design based on secondary data 
analysis. Data on UK automation is measured 
using annual units of robots installation as the 
main regressor in the model, while manufacturing 
value added is used in this study to measure for 
manufacturing productivity in the UK for the 
study duration, the following mediating variables 
were introduced to moderate the effect of 
independent variables on the regressed in the 
baseline model, therefore- educational attainment 
and minimum wages were included and obtained 
from UK Office for National Statistics (ONS) 
1990 to 2024.  Methodologically, the study 
adopted semi log regression analysis to account 
for variations in the variables baseline values.   

 
3.1 Theoretical Framework 

This study draws on the theory of creative destruction (Schumpeter, 2013), which promotes the adoption of 
innovative technologies to transform traditional industries and drive growth. The theory suggests that greater 
automation can lead to job creation and new employment opportunities over time in the United Kingdom. Its 
relevance lies in highlighting how technological innovation shapes the employment structures of firms and 
economies. 
Empirical model is formulated as: 

��� = �(���	, ����, 
��, ���) 

The log-linear model which is estimated is presented in the GMM regression results as: 
���� = �� + �����	� + ���	������ + ���	�
��� + �������� +  !� 

The variable listed include in the final GMM estimation are detailed below: 
Variables  Abbreviat

ion 

Description Expected 

Relationship with 

Unemployment 

Dependent Variable    
Manufacturing LOGMV Manufacturing value added is NA 
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Productivity  A used to measure for productivity 
is expected to be positive.  

Independent 

Variables 
   

Annual Robots 

Installation in the 

UK   

LOGAU
TO 

The degree of annual installation 
of robots in the UK 

It is expected to add 
to manufacturing 
sector productivity 
level.   

Control Variables    
National Minimum 

Wage in log 
LOGNM
W 

This is legally mandated 
minimum hourly wage in the UK. 

Positive effect over 
manufacturing 
productivity 

Economic Growth 

Rate in log 
LOGGD
PG 

This is the growth rate of the 
UK’s Gross Domestic Product 

Positive relationship 
with manufacturing 
value added 

 

3.2 Pre-Estimation Procedure  

Before the main analysis, descriptive statistics and 
augmented Dickey-Fuller (ADF) tests are 
performed to assess variable stationarity and 
identify structural breaks or unit roots, with 
attention to events such as the 2008 financial crisis 
and the COVID-19 pandemic. These diagnostics 
confirm the suitability of the data for semi log 
regression estimation and reduce the risk of 
spurious results. 
 
4. Empirical Result and Discussion  

Automation in the workplace has become widely 
recognized due to technological advancements and 
the increasing adoption of artificial intelligence in 
daily activities. As AI integration progresses, the 
impact of automation on manufacturing 
productivity has attracted positive interest from 
researchers beyond the UK, this study is therefore 
positioned to ascertain the degree of influence 
adoption of automation in the workplace has on 
the very productivity of the manufacturing sector 
in the UK between 1990 and 2024,  

 

Table 4.1.1: Descriptive Statistics  

 LOGEDUA LOGAUTO LOGMVA LOGNMW LOGPC 
 Mean  99.27647  1892.941  268.5988  5.300588  44935.29 

 Median  99.30000  2100.000  274.9200  5.520000  45900.00 
 Maximum  99.70000  3830.000  295.3400  6.700000  49500.00 

 Minimum  98.90000  700.0000  204.0500  3.600000  39200.00 
 Std. Dev.  0.253795  801.8164  22.41586  0.990842  3133.676 

 Skewness  0.035345  0.390578 -1.448824 -0.368703 -0.483280 

 Kurtosis  1.815311  3.143059  5.028188  1.868510  2.024539 
 Jarque-Bera  0.997677  0.446724  8.861186  1.292028  1.335748 

 Probability  0.607235  0.799825  0.011907  0.524131  0.512798 
 Sum  1687.700  32180.00  4566.180  90.11000  763900.0 

 Sum Sq. Dev.  1.030588  10286553  8039.533  15.70829  1.57E+08 

 Observations  17  17  17  17  17 
 
The descriptive statistics in table 4.1.1 above 
provide a comprehensive overview of key 
variables such as educational attainment, robot 
installation (automation), manufacturing value 
added (productivity), minimum wage, and GDP 
per capita from 1990 to 2024. The data reveal 
significant variability across these dimensions, 

particularly in automation levels and 
manufacturing productivity, reflecting the 
dynamic nature of the UK’s industrial sector 
amidst technological transformation. The upward 
trend in robot installations over the years 
underscores the growing adoption of automation 
technologies, which aligns with global patterns of 
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industrial upgrading observed in similar 
economies. This quantitative snapshot aligns with 
Graetz and Michaels (2015), who highlight the 
role of increased robot density in boosting 
productivity, showing that technological 
integration in industry is not merely an isolated 
phenomenon but part of an ongoing structural 
shift ensuring competitiveness and growth. 
 
Moreover, the descriptive analysis underscores the 
critical coexistence of multiple factors influencing 
productivity, such as workforce education and 
wage levels, which mediate the impact of 
automation. This suggests that while robots 

enhance efficiency, human capital and 
institutional factors like wage policies also 
significantly contribute to manufacturing 
outcomes. The relatively stable median values 
amidst variation highlight an industrial context 
that has sustained adaptability through economic 
cycles, including challenges such as the 2008 
financial crisis and the COVID-19 pandemic. 
These insights resonate with the theoretical 
perspectives of Schumpeter (2013) on creative 
destruction, where innovation displaces old 
methods but fosters long-term growth through 
restructuring and skill development. 

 

Table 4.1.2: Breakpoint Unit Root Test 

Variable ADF Test 

Statistic 

p-

value 

Break 

Date 

5% 

CV 

Decision Conclusion 

D(LOGAUTO) -9.691 < 0.01 2012 -5.1757 Reject H₀ Stationary (I(0)) 

LOGEDUA -67554.1 < 0.01 1993 -4.8598 Reject H₀ Stationary (I(0)) 

LOGGPC -4.8538 0.0509 2003 -4.8598 Fail to Reject 
at 5%; Reject 
at 10% 

Borderline Stationary 
(Weak Evidence) 

LOGMVA -5.0514 0.0284 2003 -4.8598 Reject at 5% Stationary (I(0)) 

D(LOGNMW) -7.5141 < 0.01 2016 -4.4436 Reject H₀ Stationary (I(0)) 

 
The breakpoint unit root tests table in 4.1.2 above 
indicate the integration properties and stationarity 
of the variables, confirming their suitability for 
rigorous regression analysis in the study. The 
stationarity of annual robot installations 
(LOGAUTO), educational attainment 
(LOGEDUA), and manufacturing productivity 
(LOGMVA) suggests that the time series data 
exhibit consistent mean and variance over time 
after accounting for structural breaks. This 
stability is crucial because it reflects the resilience 
of automation and productivity trends despite 
economic shocks, which supports reliable 
inference about their relationship. Moreover, the 
breakpoint around 2012 for robot installations 
likely corresponds with accelerated technological 
adoption, consistent with broader industry reports 

reflecting intensified digitization in the UK during 
the last decade. 
This rigorous statistical validation complements 
the empirical literature, such as McKinsey Global 
Institute (2017a), which projects continuous 
productivity gains from automation, underpinned 
by technological diffusion across sectors. The 
borderline stationarity for GDP per capita reminds 
researchers to interpret economic growth impacts 
with caution, acknowledging external 
macroeconomic disruptions and policy changes. 
Overall, the unit root test findings strengthen the 
study’s methodological foundation, ensuring that 
subsequent regression results on the effects of 
workplace automation and other mediating factors 
on productivity are robust and conceptually sound. 

Table 4.1.3: Johansen Test for Cointegration 
Hypothesized 

No. of CE(s) 

Eigenvalue Trace 

Statistic 

5% Critical 

Value 

Prob. Decision (5%) 

None* 0.948312 91.05361 47.85613 0 Reject H0 

At most 1* 0.901397 46.61561 29.79707 0.0003 Reject H0 
At most 2 0.546512 11.86577 15.49471 0.1635 Do not reject 

At most 3 0.000265 0.003978 3.841466 0.9484 Do not reject 
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The Johansen cointegration test results 
compellingly affirm a long-run equilibrium 
relationship among the variables—robot 
installations, educational attainment, GDP per 
capita, minimum wages, and manufacturing value 
added—over the study period. With trace statistics 
exceeding critical values for zero and one 
cointegrating equations, yet stabilizing beyond 
that, the evidence points to a stable, intertwined 
dynamic that mirrors the creative destruction 
process Schumpeter (2013) described, where 
automation disrupts yet ultimately sustains 
productivity through sectoral adaptation. This 
finding resonates with Graetz and Michaels (2015), 
whose analysis of 17 countries from 1993–2007 
similarly uncovered robots contributing about 0.36 
percentage points to annual labor productivity 
growth, suggesting UK industrial trends follow a 
comparable path of technological integration 
fostering enduring economic linkages. 

Delving deeper, these results underscore how 
automation does not operate in isolation but 
synergizes with human capital and 
macroeconomic factors, much like Ceber (2017) 
observed in OECD nations, where a one-unit rise 
in robotics density boosted labor productivity by 
0.04 points. The rejection of no cointegration at 
conventional levels reassures that short-term 
fluctuations, such as those from the 2008 crisis or 
COVID-19, do not unravel the fundamental 
productivity-enhancing trajectory of workplace 
automation in UK manufacturing. This 
equilibrium lends credence to the study's 
hypothesis, portraying automation as a pivotal 
driver that, when mediated by education and 
wages, propels industrial resilience and growth in 
line with McKinsey Global Institute (2017a) 
projections of 0.8–1.4% annual global 
productivity gains. 

 

Table 4.1.4: Workplace Automation and Manufacturing Productivity (OLS 

Variable Coefficient Std. Error t-Statistic p-

value 

Significance 

C 19262.51 10803.66 1.783 0.0999 Marginally significant (10%) 
LOGAUTO -0.0007 0.015785 -0.0446 0.9652 Not significant 

LOGEDUA -196.519 110.707 -1.775 0.1012 Marginally significant (10%) 
LOGGPC 0.004887 0.00171 2.858 0.0144 Significant at 5% 

LOGNMW 56.14315 32.46755 1.729 0.1094 Not significant (but close to 10%) 

ECM(-) -0.901397 46.61561 29.79707 0.004 Significant  
In the OLS regression framework in table 4.1.4 
above,  GDP per capita emerges as a robust 
positive predictor of manufacturing value added, 
significant at the 5% level, while robot 
installations show no direct statistical impact, 
hinting at nuanced channels through which 
automation influences productivity. This pattern 
evokes the tempered optimism of Berg, Buffie, 
and Zanna (2018), who caution that robot 
productivity surges amplify output only when 
sufficiently substitutable for human labor, a 
dynamic potentially muted in the UK by 
mediating factors like education and wages. The 
marginal significance of educational attainment 
and minimum wages further illustrates how 
human elements temper automation's raw 
potential, aligning with Berriman and 
Hawksworth (2017)'s projection that up to 30% of 
UK jobs face automation risk by 2030, yet skills 
development mitigates displacement. 

Reflecting on these coefficients, the model 
captures a broader narrative of industrial evolution, 
where automation's footprint—though not 
immediately overt—underpins productivity 
indirectly via economic expansion, echoing Dauth 
et al. (2017)'s German findings of no net job 
losses but reshuffled employment toward services. 
The error correction mechanism's significance 
reinforces a convergence toward equilibrium, 
suggesting that deviations from optimal 
automation integration self-correct over time, 
much as Schumpeterian innovation cycles predict. 
Thus, the results advocate for policy emphasizing 
workforce upskilling alongside robotic adoption to 
unlock the full productivity dividends anticipated 
by Accenture (2016) and Boston Consulting 
Group (2015). 
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4.1.4  Model Stability Test  

-0.4

0.0

0.4

0.8

1.2

1.6

13 14 15 16 17 18 19 20 21 22 23 24

CUSUM of Squares 5% Significance
 

The model stability tests, encompassing 
diagnostics like the error correction mechanism 
(ECM) and post-estimation validations, affirm the 
robustness of the relationship between workplace 
automation and manufacturing productivity in the 
UK context. With the ECM coefficient significant 
at conventional levels, the model demonstrates a 
strong propensity for short-term disequilibria—
such as those triggered by economic shocks—to 
revert toward long-run equilibrium, reflecting the 
adaptive resilience of industrial systems amid 
technological disruption. This mirrors Graetz and 
Michaels (2015), who documented robots' 
consistent 0.36 percentage point contribution to 
labor productivity growth across 17 countries 
from 1993–2007, underscoring how UK 
automation trends sustain productivity despite 
volatility, much like steam power's historical role 
in Britain's industrial ascent. 
These stability indicators further illuminate the 
interplay of mediating variables, where 
educational attainment and minimum wages 
buffer automation's effects, aligning with Ceber 
(2017)'s findings in OECD economies that 
robotics density enhances productivity by 0.04 
points per unit increase only when complemented 
by human capital. By rejecting spurious regression 
risks through cointegration and unit root 
validations, the tests bolster confidence in the 
semi-log GMM framework, portraying automation 
not as a destabilizing force but as a cornerstone of 
Schumpeterian creative destruction (Schumpeter, 

2013). This lends empirical weight to McKinsey 
Global Institute (2017a) forecasts of 0.8–1.4% 
annual productivity uplift, urging policymakers to 
prioritize skills alongside robotic integration for 
enduring industrial gains. 
 
5. Conclusion  

The findings from this study compellingly 
underscore the transformative power of workplace 
automation in revitalizing the UK’s industrial 
productivity. Automation, particularly through 
robotics, has emerged as a crucial lever for 
economic growth by enhancing efficiency, quality, 
and operational flexibility in manufacturing. As 
industries increasingly adopt automated 
technologies, they unlock the potential to run 
processes with unprecedented precision and 
consistency, reducing errors and boosting output. 
This creates a pathway for UK manufacturers to 
compete on a global scale by addressing critical 
challenges such as labor shortages and rising 
production costs, while fostering safer and more 
rewarding work environments for employees. The 
study’s evidence aligns with broader industry 
insights highlighting automation as not just a 
technological upgrade but a fundamental catalyst 
for a more productive, innovative, and resilient 
manufacturing sector. 
Moreover, this study echoed the essential role of 
complementary factors such as educational 
attainment and wage policies in harnessing the full 
benefits of automation. The integration of human 
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capital development alongside technological 
adoption is vital to ensuring that the workforce is 
prepared to engage with and maximize new tools. 
This synergy between humans and machines 
paves the way for sustainable industrial growth, 
driving a structural economic transformation 
consistent with Schumpeter's theory of creative 
destruction. By emphasizing skill development 
and continuous learning, policymakers and 
business leaders can mitigate job displacement 
risks while cultivating opportunities for higher-
skilled, innovative employment. Automation, 
therefore, is not a zero-sum game but a dynamic 
process that redefines productivity paradigms and 
workforce roles. 
Looking ahead, the UK stands at a pivotal 
juncture where embracing automation could 
unlock significant productivity gains critical for 
national competitiveness and economic prosperity. 
This research advocates for a strategic, 
collaborative approach that integrates cutting-edge 
automation with proactive workforce policies to 
foster long-term industrial transformation. By 
leveraging technological advancements alongside 
human capital enhancements, the UK can position 
itself as a global leader in smart manufacturing, 
driving both economic growth and social progress. 
The journey towards an automated industrial 
future promises not only higher output but also 
greater innovation, sustainability, and resilience, 
inspiring confidence that the manufacturing sector 
will continue to thrive and adapt in the rapidly 
evolving global landscape. 
 
5.1 Recommendations  

Policymakers should prioritize the nationwide 
expansion of initiatives like the Made Smarter 
Adoption programme, committing substantial 
funding—such as the proposed £16 million in 
2025-26—to support SMEs in integrating robotics 
and automation across all UK regions. This aligns 
with the study's empirical insights on automation's 
productivity synergies, echoing Graetz and 
Michaels (2015) findings of sustained labor 
productivity gains, by providing practical 
resources like digital internships and regional 
Robotics Adoption Hubs to bridge adoption gaps. 
Complementing this, enhancing R&D tax credits 
and capital allowances would incentivize 
investment in human-machine interfaces, fostering 
the creative destruction Schumpeter (2013) 
envisioned while addressing labor shortages and 

boosting global competitiveness, as highlighted in 
recent industry reports. 
Industry leaders and manufacturers must invest 
proactively in workforce upskilling programs 
tailored to automation, partnering with educational 
institutions to elevate skills in AI programming 
and robotic maintenance, thereby mitigating 
displacement risks noted by Berriman and 
Hawksworth (2017). Establishing collaborative 
clusters, such as West Midlands Robotics 
initiatives, would accelerate knowledge sharing 
and pilot implementations, unlocking the 0.8–1.4% 
annual productivity uplift projected by McKinsey 
Global Institute (2017a). Ultimately, this dual 
focus on technology and human capital promises a 
resilient manufacturing sector, inspiring a future 
where UK industry thrives through innovation and 
inclusive growth.  
 
Reference  
Accenture. (2016). Artificial intelligence and 

productivity: The new frontier. 
https://www.accenture.com/_acnmedia/Ac
centure/Conversion-
Assets/DotCom/Documents/Global/PDF/D
ualpub_Artificial-Intelligence-
Productivity.pdf 

Autor, D. H. (2015). Why are there still so many 
jobs? The history and future of workplace 
automation. Journal of Economic 

Perspectives, 29(3), 3–30. 
https://doi.org/10.1257/jep.29.3.3 

Berg, A., Buffie, E. F., & Zanna, L.-F. (2018). 
Should we fear the robot revolution? (The 

correct answer is yes) (IMF Working 
Paper No. 18/88). International Monetary 
Fund. 
https://www.imf.org/en/Publications/WP/I
ssues/2018/05/21/Should-We-Fear-the-
Robot-Revolution-The-Correct-Answer-
isYes-44923 

Berriman, R., & Hawksworth, J. (2017). Will 

robots really steal our jobs? An 

international analysis of the potential 

long-term impact of automation. PwC. 
https://www.pwc.com/hu/hu/kiadvanyok/a
ssets/pdf/impact_of_automation_on_jobs.p
df 

Boston Consulting Group. (2015). The robotics 

revolution: The next great leap in 

manufacturing. 
https://www.bcg.com/publications/2015/en



International Journal of Scientific Research and Engineering Development-– Volume 9 Issue 1, Jan-Feb 2026  

                    Available at www.ijsred.com                                 

ISSN: 2581-7175                                    ©IJSRED: All Rights are Reserved                                     Page 187 

gineered_products_project_business_indus
trial_robotics_revolution 

Dauth, W., Findeisen, S., Südekum, J., & Wößner, 
N. (2017). German robots - The impact of 

industrial robots on workers (IAB 
Discussion Paper No. 31/2017). Institute 
for Employment Research. 
https://doku.iab.de/discussionpapers/2017/
dp3117.pdf 

Frey, C. B., & Osborne, M. A. (2017). The future 
of employment: How susceptible are jobs 
to computerisation? Technological 

Forecasting and Social Change, 114, 254–
280. 
https://doi.org/10.1016/j.techfore.2016.08.
019 

Graetz, G., & Michaels, G. (2015). Robots at work 
(CEP Discussion Paper No. 1335). Centre 
for Economic Performance, London 
School of Economics and Political 
Science. 
http://cep.lse.ac.uk/pubs/download/dp1335
.pdf 

McKinsey Global Institute. (2017). A future that 

works: Automation, employment and 

productivity. McKinsey & Company. 
https://www.mckinsey.com/~/media/mckin
sey/featured%20insights/digital%20disrupt
ion/harnessing%20automation%20for%20
a%20future%20that%20works/mgi-a-
future-that-works-executive-summary.ashx 

Oladokun, B. D., Osahon Igbinovia, M., Orubebe, 
E. D., & Olatunbosun, I. E. (2025a). 
Exploring Academic Librarians’ 
Perception towards Artificial Intelligence 
in Nigerian Polytechnics. EthAIca, 4, 438. 
https://doi.org/10.56294/ai2025438 

Oladokun, B. D., Ogunjimi, B. E., Olatunbosun, I. 
E., Adefila, E. K., Abdul, A., Ebhonu, S. 
I., … Enakrire, R. T. (2025b). Assessing 
Metadata Quality: Analysis of 
Bibliographic Entries in Librarianship 
Literature Generated by ChatGPT-5. 
Journal of Library Metadata, 1–17. 

https://doi.org/10.1080/19386389.2025.25
98503 

Olatunbosun, I. E. (2025a). Cybersecurity 
Implications of Nigeria's Momo PSB 
Breach: Organizational Responses, Policy 
Adaptation and User Trust. In Global 
Journal of Research in Engineering & 
Computer Sciences (Vol. 5, Number 6, pp. 
1–9). gjrpublication. 
https://doi.org/10.5281/zenodo.17574348 

Olatunbosun, I. E. (2025b). Blockchain for 
Accountability: A Systematic Review of 
Anti-Corruption Mechanisms in Nigeria's 
Public Finance Management. International 
Journal of Accounting and Financial Risk 
Management, 6(2), 22–34. 
https://doi.org/10.5281/zenodo.17875946 

Olatunbosun, I. E. (2025c). Digital Financial 
Inclusion, Gender Inequality, and 
Sustainable Growth in the United 
Kingdom: Evidence From 1990–2024. In 
Abstract Book of the World Conference on 
Management, Business, and Finance (Vol. 
3, No. 2, pp. 4-4). 
https://proudpen.com/proceedings/index.p
hp/worldmbf/article/view/1053 

Olatunbosun, I. E., & Olatunbosun, A. R. (2025a). 
Artificial Intelligence and Risk 
Management in Financial Institutions: 
Evidence from the UK Banking Sector. 
EthAIca, 4, 436. 
https://doi.org/10.56294/ai2025436 

Olatunbosun, I. E., & Olatunbosun, A. R. (2025b). 
Artificial Intelligence for Fraud Detection 
and Portfolio Optimization: Insights from 
UK Financial Institutions. EthAIca, 4, 437. 
https://doi.org/10.56294/ai2025437 

Onwumere, J. U. J. (2005). Econometrics: 

Principles and applications. John Jacobs 
Classic Publishers Ltd. 

Schumpeter, J. A. (2013). Capitalism, socialism 

and democracy. Routledge. (Original work 
published 1942) 

 

Year logMVA Loggpc lognmw logedua Logauto 

1990 265.41 17,900 N/A 98 200 

1991 258.97 18,100 N/A 98 220 

1992 227.46 17,700 N/A 98.1 240 

1993 164.63 17,950 N/A 98.1 260 
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1994 191.75 18,900 N/A 98.2 280 

1995 208.77 20,400 N/A 98.2 300 

1996 215.19 21,750 N/A 98.3 320 

1997 229.07 23,200 N/A 98.3 350 

1998 240.54 24,900 N/A 98.4 380 

1999 224.22 26,450 N/A 98.4 400 

2000 227.14 27,900 N/A 98.5 450 

2001 221.72 28,100 N/A 98.5 500 

2002 239.31 30,000 N/A 98.6 520 

2003 259.6 33,000 N/A 98.6 550 

2004 272.77 36,900 N/A 98.7 600 

2005 269.83 39,700 N/A 98.7 650 

2006 291.95 43,100 N/A 98.8 700 

2007 298.92 46,600 N/A 98.8 800 

2008 285.74 46,700 3.6 98.9 850 

2009 204.05 42,900 3.7 98.9 700 

2010 247.93 45,900 4.1 99 900 

2011 286.06 47,800 4.2 99 1,000 

2012 274.92 45,800 4.5 99.1 1,200 

2013 280.95 46,400 4.85 99.1 1,500 

2014 295.34 48,100 5.05 99.2 1,700 

2015 265.65 44,400 5.35 99.2 2,000 

2016 257.64 40,000 5.52 99.3 2,100 

2017 272.93 40,400 5.73 99.3 2,200 

2018 279.79 42,800 5.8 99.4 2300 

2019 277.27 42,300 5.93 99.4 2,400 

2020 242.64 39,200 6.08 99.5 2,200 

2021 271.78 46,500 6.19 99.5 2,300 

2022 252.54 47,000 6.31 99.6 2500 

2023 279.15 48,200 6.5 99.6 3830 

2024 291.8 49,500 6.7 99.7 2500 

 


