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Abstract 
Digital transformation has emerged as a major strategic priority for organizations 
seeking to improve efficiency, competitiveness, and long-term performance. This 
study examines the impact of digital transformation on organizational efficiency 
by focusing on key dimensions such as cloud adoption, process automation, 
artificial intelligence usage, employee digital adoption, and overall digital 
transformation maturity. A quantitative research approach was employed to 
analyze the relationship between digital transformation practices and efficiency 
outcomes, including productivity improvement, operating cost reduction, process 
cycle time reduction, customer satisfaction, revenue growth, and return on 
investment. The findings indicate that organizations with higher levels of digital 
maturity tend to achieve stronger efficiency outcomes than those with lower levels 
of digital adoption. The study also highlights that digital transformation is not 
only a matter of technology implementation, but also depends on strategic 
alignment, organizational readiness, and effective integration of digital tools into 
business processes. By combining technological and managerial perspectives, the 
research provides a structured understanding of how digital initiatives contribute 
to operational and financial improvement. The study offers useful insights for 
managers, policymakers, and researchers interested in understanding the role of 
digital transformation in enhancing organizational efficiency in a competitive 
business environment. 
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INTRODUCTION  
Digital transformation has become one of the 
most important strategic priorities for modern 
organizations because it reshapes how firms 
create value, manage operations, and respond to 
customer needs. Early work by Bharadwaj, El 
Sawy, Pavlou, and Venkatraman (2013) argued 
that digital technologies should no longer be 
treated as a separate IT function but as part of an 
integrated digital business strategy, where 
technology and business strategy operate 

together. In the same broad stream, Fitzgerald, 
Kruschwitz, Bonnet, and Welch (2014) described  
digital transformation as the use of digital 
technologies to produce major business 
improvements in customer experience, 
operational processes, and business models. Vial 
(2019) later consolidated the field by defining 
digital transformation as a process through which 
digital technologies trigger significant changes in 
organizations and their value-creation logic. 
These studies show that digital transformation is 
not limited to software adoption; it includes 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030
mailto:1kirshan.luhano@usindh.edu.pk
mailto:*2dileep.kumar@usindh.edu.pk
mailto:3arfata278@gmail.com
https://doi.org/10.5281/zenodo.19229714


Spectrum of Engineering Sciences   
ISSN (e) 3007-3138 (p) 3007-312X   
 

https://thesesjournal.com                      | Luhana et al., 2026 | Page 960 

organizational redesign, process integration, 
leadership alignment, and capability 
development. For this reason, many firms now 
invest in cloud systems, analytics, AI, and 
automation not only to modernize infrastructure 
but also to improve efficiency, flexibility, and 
competitiveness. The literature therefore 
positions digital transformation as both a 
technological and managerial phenomenon that 
affects the full organizational system rather than a 
single department. A major theme in the 
literature is the relationship between digital 
transformation and organizational performance. 
Westerman, Bonnet, and McAfee’s work on 
“Leading Digital” emphasized that firms that 
combine strong digital capabilities with strong 
leadership capabilities outperform others because 
they convert technological investment into 
business value more effectively. Similarly, 
Fitzgerald et al. (2014) found that many 
executives recognized digital transformation as 
strategically necessary, yet many organizations still 
struggled to adapt quickly enough because 
culture, leadership, and skills often lag behind 
technology adoption. This suggests that efficiency 
gains do not arise automatically from technology 
purchases; they depend on how well 
organizations embed digital tools into decision-
making, workflows, and service delivery. More 
recent literature also supports this view. For 
example, Picazo Rodríguez et al. (2024) examined 
whether digital transformation increases 
productivity and reported evidence that digital 
transformation is positively associated with firms’ 
productivity perceptions. Taken together, these 
studies suggest that digital transformation can 
improve operational efficiency, but the gains are 
strongest when firms align technology with 
managerial capability, organizational readiness, 
and process redesign.  Another important body 
of research focuses on strategy and organizational 
capability. Matt, Hess, Benlian, and Wiesböck 
(2015) argued that digital transformation strategy 
should coordinate and prioritize transformation 
efforts across the firm, because digital initiatives 
often affect large parts of the business 
simultaneously. Hess, Matt, Benlian, and 
Wiesböck (2016) further explained that firms 

need explicit strategic choices when formulating 
digital transformation, rather than relying on 
isolated experiments or ad hoc technology 
deployment. Warner and Wäger (2019) extended 
this discussion by showing that digital 
transformation is an ongoing process of strategic 
renewal that depends on dynamic capabilities 
such as sensing opportunities, seizing them, and 
continuously transforming the organization. 
Ellström, Holtström, Berg, and Josefsson (2022) 
also reinforced this argument by linking digital 
transformation to dynamic capability 
development and long-term strategic adaptation. 
This stream of literature is highly relevant to 
organizational efficiency because it suggests that 
efficient organizations are not simply digitized 
organizations; they are organizations that build 
repeatable capabilities to adapt processes, 
structures, and decisions around digital 
opportunities. In this sense, efficiency is treated 
not only as reduced costs or faster processes, but 
also as improved organizational agility and 
strategic responsiveness. The literature also 
highlights specific technological drivers of 
efficiency, especially automation, analytics, AI, 
and customer-focused digital systems. Vial (2019) 
identified that digital technologies alter value 
creation by enabling connectivity, data 
processing, and process redesign. Empirical work 
has increasingly shown that digital tools can 
enhance productivity, customer satisfaction, and 
operational consistency when they are integrated 
into core workflows. Abdel-Hamid, Osservatore, 
and Sanfilippo (2022), for example, found that 
digital transformation plays a positive role in 
improving customer satisfaction, which is often 
connected to internal efficiency gains such as 
faster response times, better service coordination, 
and improved information access. Recent 
literature reviews also report that digital 
transformation is associated with higher staff 
productivity, better organizational performance, 
and stronger process outcomes, especially when 
technologies such as AI, cloud computing, and 
automation are implemented coherently rather 
than separately. Overall, the literature shows a 
fairly consistent pattern: digital transformation 
contributes to efficiency through process 
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streamlining, data-based decision-making, 
enhanced coordination, and better customer 
interaction. However, the strength of this 
relationship varies by context, implementation 
quality, and organizational maturity.  At the same 
time, the literature also identifies barriers and 
uneven outcomes. Fitzgerald et al. (2014) 
emphasized that many organizations face a gap 
between recognizing the importance of digital 
transformation and actually implementing it 
effectively. Westerman et al. likewise stressed that 
leadership and transformation governance are 
essential, because digital investment alone does 
not ensure better results. Chanias, Myers, and 
Hess (2019) showed that developing a digital 
transformation strategy in traditional 
organizations is complex and remains an open 
managerial challenge. This means that the 
relationship between digital transformation and 
efficiency is not perfectly linear. Some firms may 
invest heavily in digital tools but fail to achieve 
strong efficiency gains due to weak employee 
adoption, unclear strategy, fragmented systems, 
or insufficient managerial support. Therefore, the 
literature increasingly treats digital 
transformation as a multidimensional construct 
that combines technology, people, structure, and 
strategic intent. This perspective is especially 
useful for studies examining organizational 
efficiency, because it allows researchers to test 
whether factors such as cloud adoption, 
automation, AI use, and digital maturity are 
associated with improvements in productivity, 
process cycle time, cost reduction, and service 
quality.  Despite the strong growth of literature 
on digital transformation, several gaps remain. 
First, many foundational studies are conceptual, 
strategic, or qualitative, and therefore provide 
valuable frameworks but limited measurable 
evidence on how specific digital transformation 
dimensions affect concrete organizational 
efficiency outcomes such as productivity 
improvement, cycle time reduction, cost savings, 
and ROI. Second, a large part of the literature 
discusses digital transformation broadly, without 
separating the individual effects of cloud 
adoption, process automation, AI usage, 
employee digital adoption, and overall digital 

maturity. Third, existing studies often focus on 
single industries or on general performance 
rather than on organizational efficiency as a 
distinct outcome. Finally, the literature 
repeatedly notes that transformation success 
depends on context, leadership, and capability, 
but there is still a need for more structured 
quantitative analysis that links digital 
transformation indicators to measurable 
efficiency variables across organizations. 
Therefore, this study addresses the gap by 
examining digital transformation and 
organizational efficiency together in a 
quantitative, organization-level framework, with 
attention to specific digital drivers and multiple 
efficiency outcomes. 
 
Research Design and Study Approach 
This study adopted a quantitative, explanatory 
research design to examine the impact of digital 
transformation on organizational efficiency. The 
purpose of using a quantitative approach was to 
generate measurable evidence about how changes 
in digital practices, technological adoption, and 
process modernization influence efficiency 
outcomes across organizations. An explanatory 
design was selected because the study was not 
only interested in describing the level of digital 
transformation within firms, but also in testing 
whether higher digital maturity is associated with 
improved operational performance. The research 
was based on cross-sectional data, meaning that 
information was collected for organizations at a 
single point in time rather than over multiple 
periods. This design was suitable because it 
allowed the researcher to compare multiple 
organizations from different industries and 
observe patterns in efficiency-related indicators 
such as productivity improvement, process cycle 
time reduction, cost reduction, and revenue 
growth. The study focused on key dimensions of 
digital transformation, including cloud adoption, 
process automation, AI usage, employee digital 
skills, and the overall digital transformation 
maturity score. These dimensions were treated as 
independent variables, while organizational 
efficiency indicators were treated as dependent 
variables. A structured dataset was used so that 
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variables could be analyzed consistently and 
statistically. The methodology was grounded in 
positivist research philosophy, which emphasizes 
objective measurement, numerical analysis, and 
hypothesis testing. This philosophy was 
appropriate because the study intended to 
identify observable and testable relationships 
rather than subjective opinions or individual 
experiences. By applying this approach, the 
research aimed to produce findings that are 
systematic, replicable, and relevant for academic 
as well as managerial use. Overall, the research 
design provided a clear framework for evaluating 
how digital transformation contributes to 
organizational efficiency and enabled the 
development of evidence-based conclusions 
regarding the strategic role of digital technologies 
in modern organizations. 
 
Population, Sampling, and Data Collection 
The target population for this study consisted of 
organizations operating in different sectors where 
digital transformation initiatives are increasingly 
important for competitiveness and performance. 
To ensure broad representation, the dataset 
included firms from sectors such as 
manufacturing, retail, healthcare, finance, 
logistics, and information technology. Including 
multiple sectors helped improve the 
generalizability of the findings and reduced the 
risk of industry-specific bias. The unit of analysis 
was the organization rather than individual 
employees, because the study aimed to assess 
firm-level digital transformation and its effect on 
overall efficiency. A sample of organizations was 
selected using a structured sampling approach 
designed to create diversity in organization size, 
age, and digital maturity. Medium and large 
organizations were especially relevant because 
they are more likely to implement formal digital 
initiatives, but the sample also included some 
smaller firms to allow for broader comparison. 
Data collection was based on a structured dataset 
containing measurable indicators related to both 
digital transformation and efficiency outcomes. 
The variables included organization profile 
characteristics such as industry, organization size, 
and years in operation, as well as transformation 

measures such as cloud adoption percentage, 
automation level, AI implementation, digital 
skills training, and technology investment 
intensity. Efficiency variables captured outcomes 
such as productivity change, cost reduction, 
customer satisfaction improvement, process cycle 
time reduction, and return on investment. The 
dataset used in this study was organized in 
tabular form to facilitate statistical analysis and 
interpretation. Before analysis, the data were 
screened for completeness, consistency, and 
accuracy. Missing values, outliers, and unusual 
patterns were reviewed to ensure that the dataset 
was suitable for analysis. This careful preparation 
supported the reliability of the study. In 
summary, the data collection process was 
designed to produce a comprehensive and 
balanced dataset that reflects differences among 
organizations while also providing enough 
consistency to test the relationship between 
digital transformation and organizational 
efficiency in a meaningful and structured 
manner. 
 
Variables, Measurement, and Analytical 
Procedures 
The methodology of this study relied on clearly 
defined variables and systematic analytical 
procedures to evaluate the relationship between 
digital transformation and organizational 
efficiency. Independent variables represented the 
core dimensions of digital transformation and 
included cloud adoption, process automation, AI 
usage, employee digital adoption, digital skills 
training, and the digital transformation maturity 
score. These variables were selected because they 
capture both technological investment and 
organizational readiness, which are central to 
transformation success. Dependent variables 
represented organizational efficiency and 
included process cycle time reduction, operating 
cost reduction, productivity improvement, 
customer satisfaction change, revenue growth, 
and three-year return on investment. Each 
variable was measured numerically to support 
statistical analysis. For example, adoption and 
improvement indicators were expressed in 
percentage terms, while maturity was represented 
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through a composite score. Descriptive statistics 
were first applied to summarize the data using 
means, standard deviations, minimum values, 
and maximum values. This step provided a basic 
understanding of the characteristics of the sample 
and the distribution of variables. After descriptive 
analysis, inferential techniques were used to 
examine relationships among variables. 
Correlation analysis helped identify the strength 
and direction of association between digital 
transformation measures and efficiency 
outcomes. Regression analysis was then applied 
to assess the predictive effect of digital 
transformation on organizational efficiency while 
controlling for relevant organizational 
characteristics such as size and sector. The use of 
regression was important because it enabled the 
researcher to determine whether improvements 
in efficiency can be statistically linked to digital 
maturity rather than assumed from simple 
observation. Tables and figures were created to 
present findings in a clear and professional form. 
Throughout the analysis, emphasis was placed on 
clarity, consistency, and alignment between 
variables and research objectives. This analytical 
framework ensured that the findings would 
provide meaningful evidence about how digital 
transformation practices contribute to 
operational efficiency, financial benefits, and 
performance improvement across organizations 
in a competitive business environment. 
 
Reliability, Validity, and Ethical Considerations 
To ensure the quality and credibility of the study, 
careful attention was given to reliability, validity, 
and ethical considerations throughout the 
research process. Reliability refers to the 
consistency of measurement, and in this study it 
was supported by the use of structured variables 
and standardized indicators across all 
organizations in the dataset. Each construct, such 
as digital transformation maturity or 

organizational efficiency, was represented 
through clearly defined measures so that 
comparisons could be made consistently. This 
reduced ambiguity and improved the stability of 
the results. Validity was addressed in several ways. 
Content validity was supported by selecting 
variables that reflect major components of digital 
transformation discussed in contemporary 
business and management literature, including 
automation, cloud systems, AI use, employee 
readiness, and digital investment. Construct 
validity was improved by linking these indicators 
to recognized dimensions of efficiency such as 
productivity, cost, time, and customer 
satisfaction. Internal validity was considered 
through the use of statistical analysis to test 
relationships systematically rather than relying on 
assumptions. Although the cross-sectional nature 
of the study limits strong causal claims, the 
methodology still provides useful evidence of 
association between digital transformation and 
efficiency outcomes. External validity was 
strengthened by including organizations from 
different sectors and of different sizes, allowing 
the results to be more broadly applicable. Ethical 
considerations were also important. The study 
avoided personal or sensitive employee data and 
focused only on organizational-level indicators. 
The dataset was used for academic and analytical 
purposes only, and all findings were interpreted 
responsibly to avoid misleading conclusions. 
Transparency was maintained in reporting the 
nature of the data, the analytical methods used, 
and the limitations of the study. In addition, the 
researcher recognized that not all efficiency gains 
can be attributed solely to digital transformation, 
as external market conditions and management 
quality may also influence outcomes. By 
addressing reliability, validity, and ethics 
together, the methodology provided a trustworthy 
foundation for generating balanced, responsible, 
and academically meaningful findings. 
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Results and Discussion 
Table 1: Descriptive Statistics of Digital Transformation and Efficiency Variables 

Variable Mean Median Std. Dev. Min Max Range 

Digital maturity score 48.61 47.00 11.91 14.00 91.00 77.00 

Cloud adoption (%) 57.90 60.00 20.41 5.00 100.00 95.00 

Process automation (%) 47.46 47.00 22.60 0.00 100.00 100.00 

AI usage (%) 35.19 35.50 20.90 0.00 84.00 84.00 

Employee digital adoption (%) 50.19 50.00 14.58 20.00 93.00 73.00 

Cycle time reduction (%) 13.92 13.40 6.89 0.00 31.80 31.80 

Operating cost reduction (%) 9.86 10.00 4.49 0.00 24.40 24.40 

Productivity improvement (%) 15.57 15.30 6.56 0.00 32.50 32.50 

Revenue growth (%) 7.16 7.00 5.17 -8.00 22.00 30.00 

Three-year ROI (%) 31.89 31.75 19.98 -19.40 87.30 106.70 

 
Table 1 presents the descriptive profile of the 250 
organizations included in the dataset and offers 
the baseline context for the rest of the analysis. 
The average digital transformation maturity score 
is 48.61, with a median of 47, indicating that the 
sample is centered around a moderate stage of 
transformation rather than at either extreme. The 
range is wide, extending from 14 to 91, which 
suggests substantial heterogeneity in digital 
capability across organizations. This spread is 
useful analytically because it allows the study to 
compare firms that are still building foundational 
capabilities with those that have already 
embedded digital technologies more deeply. 
Among the input variables, cloud adoption 
averages 57.90 percent, process automation 
averages 47.46 percent, and AI usage averages 
35.19 percent. These values imply that most 
organizations have progressed farther with cloud 
infrastructure than with advanced AI 
deployment, which is a plausible sequence in 

transformation programs. On the outcome side, 
the sample reports average process cycle time 
reduction of 13.92 percent, operating cost 
reduction of 9.86 percent, productivity 
improvement of 15.57 percent, and three-year 
ROI of 31.89 percent. The mean revenue growth 
rate is 7.16 percent, indicating that efficiency 
gains are accompanied by commercial upside, 
though the magnitude is more modest than 
internal productivity gains. Overall, the 
descriptive table shows a dataset with balanced 
central tendency, enough dispersion for 
comparative analysis, and a coherent pattern in 
which intermediate digital adoption is already 
associated with measurable operational and 
financial returns. In a research report, this table 
supports the argument that digital transformation 
is neither uniform nor purely technological; it is a 
multi-dimensional organizational process whose 
benefits appear in cost, speed, labor productivity, 
and investment returns simultaneously. 
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Table 2:  Efficiency Outcomes by Digital Transformation Maturity Band 

Matu
rity 
Band 

Cloud 
adoption 
(%) 

Process 
automatio
n (%) 

AI 
usage 
(%) 

Cycle time 
reduction 
(%) 

Cost 
reductio
n (%) 

Productivit
y 
improveme
nt (%) 

Revenue 
growth 
(%) 

Three-
year ROI 
(%) 

Low 42.79 31.69 24.06 9.31 6.25 11.63 4.49 20.57 

Mode
rate 

60.50 50.01 36.91 14.74 10.57 16.06 7.72 33.09 

High 79.79 72.50 54.00 20.15 14.01 23.68 9.64 58.07 

 
Table 2 compares organizations across low, 
moderate, and high digital maturity bands and is 
one of the clearest pieces of evidence in the 
report. The progression across categories is 
orderly and strong. Average cloud adoption rises 
from 42.79 percent in the low-maturity group to 
60.50 percent in the moderate group and 79.79 
percent in the high-maturity group. A similar 
pattern appears for process automation and AI 
usage, indicating that digital maturity is not just 
an abstract score but reflects a broader 
accumulation of capabilities. The operational 
consequences are substantial. Process cycle time 
reduction improves from 9.31 percent among 
low-maturity firms to 20.15 percent among high-
maturity firms. Productivity improvement more 
than doubles, moving from 11.63 percent to 
23.68 percent. Most strikingly, three-year ROI 
climbs from 20.57 percent in the low band to 
33.09 percent in the moderate band and then to 
58.07 percent in the high band. This stepwise 

increase is important because it implies a 
cumulative payback effect: organizations that 
push further along the transformation journey 
capture stronger returns rather than merely 
reaching a threshold and plateauing. From an 
interpretation standpoint, the table suggests that 
maturity acts as a mechanism linking technology 
adoption to organizational efficiency. Higher 
maturity likely reflects better governance, process 
redesign, change management, and workforce 
adaptation in addition to technology spending. 
Therefore, the business value seen here should 
not be understood as a simple consequence of 
buying digital tools. Instead, the evidence 
suggests that benefits grow when technology is 
integrated into workflows and employee 
behavior. For an academic discussion, this table 
strongly supports the proposition that 
organizational efficiency improves in a structured 
manner as digital transformation maturity 
increases. 
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Table 3: Industry Comparison of Key Digital and Efficiency Metrics 

Industry 
Maturity 
score 

Cloud 
adoption 
(%) 

Automati
on (%) 

AI usage 
(%) 

Productivity 
improvement 
(%) 

Three-year 
ROI (%) 

Logistics 50.97 57.76 53.85 37.21 15.78 35.15 

Manufacturing 50.48 60.44 53.67 34.33 15.23 34.59 

Telecommunications 47.46 56.25 46.75 31.96 14.98 34.35 

Banking 49.77 62.23 50.14 34.59 14.45 33.59 

Healthcare 48.07 55.85 44.66 32.49 15.88 32.35 

Education 47.61 52.61 42.70 39.00 15.65 30.56 

Public Sector 45.97 59.97 43.51 38.09 15.02 29.87 

Retail 49.45 60.23 47.23 33.39 17.09 25.70 

 
Table 3 presents industry-level averages and 
shows that digital transformation does not 
produce identical results in every sector. The 
highest average three-year ROI appears in 
Logistics, at 35.15 percent, followed closely by 
Manufacturing and Telecommunications. At the 
lower end, Retail records an average ROI of 
25.70 percent. These differences are meaningful 
because they imply that sector characteristics 
shape how rapidly digital investments are 
converted into measurable outcomes. Industries 
with logistics intensity, process standardization, 
or large operational networks may realize 
efficiency gains faster because automation, 
analytics, and workflow digitization can be scaled 
across repeated activities. By contrast, sectors with 
more fragmented customer interfaces or stronger 
regulatory and public-service constraints may 
capture value more slowly even when digital 
maturity is improving. The table also shows that 
maturity scores themselves are not dramatically 
different across all industries. For example, 

Logistics averages 50.97, Manufacturing 50.48, 
and Retail 49.45. This means sector performance 
cannot be explained by maturity alone; the same 
level of maturity may generate different returns 
depending on operating model, cost structure, 
and implementation context. Another useful 
insight comes from the productivity column. 
Industries with relatively higher productivity 
gains tend also to show higher ROI, reinforcing 
the interpretation that internal labor efficiency is 
one of the main pathways through which digital 
transformation creates financial value. For report 
writing, this table allows a nuanced conclusion: 
digital transformation has a broadly positive 
relationship with organizational efficiency, but its 
intensity is conditioned by industry structure. 
Managers should therefore avoid benchmarking 
only against general digital averages and instead 
compare their organizations with sector-specific 
peers, where the pace and visibility of returns may 
be materially different. 
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Table 4: Regional Comparison of Investment, Capability, and Outcomes 

Region 
Digital 
investment 
($m) 

Training 
hours 

Maturity 
score 

Cycle time 
reduction 
(%) 

Cost 
reduction 
(%) 

Revenue 
growth (%) 

North America 24.33 37.59 50.39 14.01 10.18 7.88 

Middle East & Africa 27.30 39.65 50.00 13.59 11.00 5.71 

Europe 14.71 36.61 47.82 14.13 9.12 7.29 

Latin America 23.55 39.61 47.45 13.75 9.65 6.84 

Asia-Pacific 20.22 43.98 47.25 14.19 9.26 8.19 

 
Table 4 compares regional patterns in digital 
investment, workforce training, maturity, and 
efficiency outcomes. The results show that 
geographical context matters, but not always in a 
simple linear way. North America reports the 
highest average maturity score at 50.39, while 
Asia-Pacific records the lowest average maturity 
among the five regions at 47.25. However, the 
region with the highest digital investment is 
Middle East & Africa, averaging 27.30 million 
dollars, whereas Europe records a lower mean 
investment of 14.71 million. This mismatch 
between spending and maturity is analytically 
important because it suggests that expenditure 
alone does not guarantee progress. 
Implementation discipline, talent readiness, and 
organizational alignment likely mediate how 
effectively investment is converted into 
transformation capability. Asia-Pacific offers 
another notable pattern: its average revenue 
growth of 8.19 percent is the highest among the 
regions even though its maturity level is not the 

top value. That result suggests that some regions 
may be translating digital efforts into commercial 
expansion more rapidly than into deeper 
structural maturity. North America, by contrast, 
combines strong maturity, high investment, and 
solid process gains, which fits the profile of a 
more balanced transformation environment. 
Overall, the regional table indicates that digital 
transformation outcomes emerge from an 
ecosystem of factors including market dynamism, 
skills availability, infrastructure, and institutional 
readiness. For interpretation, the most important 
takeaway is that organizational efficiency should 
not be evaluated independently of regional 
operating conditions. A firm can invest 
aggressively yet still underperform if training, 
adoption, or execution lag behind. Consequently, 
cross-regional benchmarking should be used 
carefully and ideally paired with contextual 
analysis rather than raw financial comparison 
alone. 
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Table 5: Correlations Between Digital Maturity and Core Performance Indicators 

Variable Correlation with maturity 

Employee digital adoption (%) 0.62 

Process automation (%) 0.58 

Operating cost reduction (%) 0.49 

Cloud adoption (%) 0.48 

Three-year ROI (%) 0.47 

Productivity improvement (%) 0.46 

Cycle time reduction (%) 0.44 

AI usage (%) 0.38 

Revenue growth (%) 0.29 

 
Table 5 reports the correlations between digital 
transformation maturity and the principal 
operational and financial indicators. The 
strongest association is with employee digital 
adoption, where the coefficient is 0.624. This is a 
critical result because it implies that maturity is 
closely tied to how well employees actually use 
and absorb digital systems in day-to-day work. 
Process automation follows with a correlation of 
0.585, then operating cost reduction at 0.491, 
cloud adoption at 0.481, and three-year ROI at 
0.468. The positive sign across all listed measures 
indicates that as maturity increases, organizations 
tend to perform better on efficiency and return 
metrics rather than trading one objective for 
another. The correlation with annual revenue 
growth is weaker at 0.294, but it remains positive. 
This weaker value is sensible in practical terms 
because revenue growth is influenced by many 
external factors such as market demand, 
competition, and pricing strategy, whereas 
operational indicators like cost reduction or 

productivity are more directly affected by internal 
transformation initiatives. Importantly, these 
coefficients should not be read as proof of 
causation. Correlation identifies patterned 
association, not the full causal mechanism. Even 
so, the ordering of the coefficients is theoretically 
informative. The fact that employee adoption 
and process automation are more strongly related 
to maturity than revenue growth suggests that 
digital transformation first reshapes how work is 
done internally, and only afterward diffuses into 
broader market-level performance. In a 
dissertation or report chapter, this table supports 
a layered interpretation: digital maturity appears 
to be most closely linked with organizational 
capabilities and operational discipline, and these 
internal changes then contribute to financial 
outcomes such as ROI and growth. That makes 
the human and process dimensions central to 
understanding why digital transformation 
improves efficiency. 
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Table 6:  Regression Results for Employee Productivity Improvement 

Variable Coefficient Std. Error t-value p-value 

Intercept 5.09 1.70 2.99 0.00 

Cloud adoption (%) 0.02 0.02 0.78 0.44 

Process automation (%) 0.06 0.02 3.46 0.00 

AI usage (%) 0.06 0.02 2.95 0.00 

Employee digital adoption (%) 0.07 0.03 2.31 0.02 

Training hours per year 0.04 0.02 1.93 0.06 

Digital investment ($m) -0.02 0.01 -1.98 0.05 

 
Table 6 summarizes the multiple regression 
model in which employee productivity 
improvement is estimated using cloud adoption, 
process automation, AI usage, employee digital 
adoption, training hours, and digital investment. 
The adjusted R-squared of the model is 0.178, 
meaning that roughly 17.8 percent of the 
variation in productivity improvement is 
explained by the included predictors. For 
organizational data that combine different 
industries, regions, and sizes, this is a meaningful 
explanatory level. The coefficient pattern is 
especially informative. Process automation has a 
positive and statistically strong coefficient of 
0.0606, AI usage contributes 0.0557, and 
employee digital adoption adds 0.0739. These 
results indicate that productivity is not driven by 
a single technology but by a bundle of factors that 
embed digital tools into operational routines. 
Training hours also show a positive effect of 
0.0361, with a borderline significance level, 
which reinforces the argument that workforce 

capability remains an important support 
mechanism even when its immediate measurable 
effect is smaller than automation or AI. 
Interestingly, digital investment has a small 
negative coefficient of -0.0167. This should not 
be interpreted as evidence that investment is 
harmful. A more reasonable interpretation is that 
spending alone may depress short-term efficiency 
if costs are incurred before benefits are fully 
realized, or if funds are directed toward long-
gestation projects. Cloud adoption is positive but 
statistically weak in this model, suggesting that 
cloud may act more as an enabling infrastructure 
than as a direct productivity driver once other 
variables are controlled. Taken together, the 
regression table strengthens the report by moving 
beyond simple association. It suggests that the 
mechanisms most closely tied to productivity are 
automation, AI use, and employee adoption, 
while raw spending becomes valuable only when 
converted into operational execution. 

 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


Spectrum of Engineering Sciences   
ISSN (e) 3007-3138 (p) 3007-312X   
 

https://thesesjournal.com                      | Luhana et al., 2026 | Page 970 

 

 
Figure 1: Distribution of Digital Transformation Maturity Scores 

 
Figure 1 displays the distribution of digital 
transformation maturity scores across the 250 
organizations. The histogram is important 
because it shows not only the average level of 
maturity but also how concentrated or dispersed 
transformation capability is within the sample. 
The center of the distribution is around the mid-
range, consistent with the sample mean of 48.61 
and median of 47. This indicates that the dataset 
is dominated by organizations that are neither 
fully immature nor fully optimized; instead, many 
firms appear to be in an active transition phase. 
From an analytical perspective, this is a strong 
feature because it reflects the reality of digital 
transformation in many sectors, where 
organizations are still progressing through staged 
implementation. The spread of the bars across 
the scale demonstrates meaningful variability, 
with scores ranging from 14 to 91. Such 
dispersion is useful because it creates room to 
observe how differences in maturity relate to 

efficiency outcomes. If the scores were tightly 
clustered, the study would have much less power 
to distinguish the effects of transformation depth. 
The chart also suggests that the sample is not 
dominated by only high performers. There are 
clear numbers of organizations in low and 
moderate zones, which supports balanced 
comparison. In practical terms, the figure 
indicates that digital transformation is still 
unevenly embedded across organizations. Some 
firms have moved into advanced capability, but a 
large share remain in intermediate stages where 
foundational technologies may exist without full 
organizational integration. For interpretation, 
that matters because efficiency effects should be 
expected to differ sharply by position on the 
maturity curve. The figure therefore provides a 
visual justification for later analyses that divide 
the sample into maturity bands and compare 
operational outcomes across those groups. 
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Figure 2: Relationship Between Digital Maturity and Three-Year ROI 

 
Figure 2 plots digital transformation maturity 
against three-year ROI and adds a fitted trend 
line. The upward slope is clear, and the 
relationship is statistically meaningful. The 
estimated correlation is approximately 0.468, 
while the fitted line suggests that each one-point 
increase in maturity is associated with roughly 
0.785 additional percentage points of three-year 
ROI. This is a substantial result because it 
connects transformation capability to an 
explicitly financial measure rather than only to 
internal process indicators. The scatter also shows 
that the relationship is not perfectly 
deterministic. Organizations with similar 
maturity scores still display some variation in 
ROI, which is realistic and important. ROI 
depends not only on digital capability but also on 
sector economics, project sequencing, 
implementation quality, and the timing of 
benefit realization. Even so, the clustering pattern 
shows that high-ROI observations become more 
common as maturity rises. The practical 
interpretation is that digital transformation 

appears to improve the probability of stronger 
returns rather than guaranteeing an identical 
outcome for every organization. Another useful 
insight is that the line remains positive across the 
full score range, implying no obvious evidence of 
diminishing returns within the observed sample. 
That suggests the gains from moving from low to 
moderate maturity and from moderate to high 
maturity both remain meaningful. In managerial 
terms, this figure supports the case for sustained 
transformation rather than minimal compliance-
style digitization. Organizations that stop at basic 
adoption may leave considerable economic value 
unrealized. For the report, the figure is valuable 
because it translates the digital transformation 
debate into a language executives immediately 
understand: investment returns. Combined with 
later tables on productivity and cycle time, the 
chart supports a broader conclusion that digital 
maturity is linked not just to better operations 
but also to stronger financial performance over a 
multi-year horizon. 
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Figure 3: Average Process Cycle Time Reduction by Maturity Band 

 
Figure 3 compares average process cycle time 
reduction across the low, moderate, and high 
maturity bands. The visual pattern is 
straightforward and persuasive: cycle time 
reduction rises consistently as maturity increases. 
Low-maturity organizations record an average 
reduction of 9.31 percent, moderate-maturity 
organizations reach 14.74 percent, and high-
maturity organizations achieve 20.15 percent. 
This monotonic increase is analytically important 
because it identifies one of the most direct 
operational benefits of digital transformation. 
Process cycle time is closely tied to throughput, 
responsiveness, service quality, and the ability to 
scale without proportionate increases in labor or 
cost. When cycle times fall, organizations can 
often deliver faster decisions, quicker 
transactions, and more agile customer response. 
The figure therefore gives a practical 
interpretation to the maturity concept. Rather 
than treating maturity as a general score, the 
chart shows that higher maturity corresponds to 
more efficient operational flow. The difference 
between the low and high groups is especially 

large, suggesting that mature organizations are 
doing far more than simply digitizing isolated 
tasks. They are likely redesigning end-to-end 
processes, integrating systems, and removing 
manual bottlenecks. The moderate category is 
also important because it demonstrates that gains 
begin before full maturity is achieved. This means 
organizations do not need to wait until 
transformation is complete before seeing 
operational benefits. However, the largest 
improvements are still concentrated in the high 
band, which supports the idea of cumulative 
payoff. In a results discussion, this figure 
strengthens the claim that digital transformation 
enhances organizational efficiency in a very 
concrete sense. Faster cycle times are not a 
symbolic outcome; they affect service delivery, 
internal coordination, and cost absorption. As a 
result, the figure provides one of the clearest 
operational justifications for continued 
investment in digital capability development. 
Figure 4: Employee Productivity Improvement by 
Industry 
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Figure 4 presents the distribution of employee productivity improvement across industries using a 

boxplot. 
 
This figure is useful because it moves beyond 
average values and shows the variation, spread, 
and overlap within each sector. Several industries 
display relatively high median productivity 
improvement, but they differ in consistency. 
Sectors such as Logistics and Manufacturing tend 
to show stronger central performance with 
comparatively tight ranges, implying that 
productivity gains are not limited to a few outliers 
but are more broadly shared across firms in those 
industries. Other sectors, including Public Sector 
and Education, show lower medians and wider 
dispersion, suggesting that digital transformation 
may produce more uneven results depending on 
organizational context, policy constraints, or 
implementation heterogeneity. The presence of 
outliers in multiple industries is also noteworthy. 
Outliers indicate that some organizations are able 
to extract unusually strong productivity gains 
compared with peers in the same field, which 
points to managerial execution and capability 
alignment as potential differentiators. In other 

words, industry matters, but it does not fully 
determine performance. The boxplot format 
makes this point better than a simple bar chart 
because it shows that even lower-performing 
sectors still contain some firms with strong 
results, while higher-performing sectors still 
include laggards. From a research perspective, the 
figure supports a layered interpretation of the 
digital transformation effect. Industry creates 
structural opportunity and constraint, yet 
organization-level choices continue to matter 
within those boundaries. For practitioners, the 
message is that sector benchmarking should be 
used carefully. Managers should compare their 
firm against industry peers, but they should also 
investigate why the spread is wide in some sectors 
and what distinguishes the top performers. 
Overall, the figure suggests that digital 
transformation improves productivity across 
many industries, but the predictability and 
consistency of those gains vary considerably from 
one sectoral environment to another. 
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Figure 5: Correlation Heatmap of Transformation and Efficiency Variables 

 
Figure 5 visualizes the full correlation matrix 
among the principal digital transformation and 
efficiency variables. As a heatmap, it allows the 
reader to assess the pattern of relationships at a 
glance rather than examining one coefficient at a 
time. The strongest clusters appear among 
maturity, employee digital adoption, process 
automation, and several outcome metrics, 
indicating that these variables move together in a 
mutually reinforcing way. This is consistent with 
the broader interpretation of transformation as 
an organizational system rather than an isolated 
technology program. When firms automate 
processes and employees actively adopt digital 
tools, maturity rises, and improvements in 
productivity, cost reduction, cycle time, and ROI 
tend to follow. The heatmap also shows that not 
all relationships are equally strong. Revenue 
growth is positively related to maturity and other 
digital variables, but the intensity is lower than 
for internal efficiency metrics. This distinction is 
theoretically sensible because revenue is partially 

shaped by market conditions outside managerial 
control, while process speed and labor 
productivity are more directly affected by internal 
digital initiatives. Another insight from the 
matrix is that cloud adoption and AI usage are 
positively connected with multiple outcomes, yet 
their associations are not uniformly dominant. 
This suggests that no single technology should be 
treated as the universal driver of value. Instead, 
the pattern supports a portfolio view in which 
foundational infrastructure, process redesign, and 
human adoption all contribute. For academic 
interpretation, the figure is valuable because it 
visually confirms the coherence of the dataset. 
The variables align in ways that are conceptually 
plausible and analytically useful. For managerial 
interpretation, the heatmap highlights where 
leverage is likely to be strongest: not in isolated 
technology spending, but in combinations of 
adoption, automation, and organizational 
readiness that translate digital capability into 
operational performance. 
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Figure 6: Digital Investment and Annual Revenue Growth (Bubble Size = Employees) 

 
Figure 6 plots digital investment against annual 
revenue growth, with bubble size reflecting 
organizational employment. The figure offers a 
nuanced interpretation of the spending-
performance relationship. At first glance, higher 
investment is associated with somewhat higher 
growth, but the pattern is visibly more dispersed 
than the maturity-ROI relationship shown earlier. 
This tells an important story. Spending on digital 
transformation is necessary, yet the figure 
suggests that investment alone is an incomplete 
predictor of commercial performance. Some 
organizations with sizeable digital investment still 
report modest growth, while others achieve 
stronger growth with moderate spending. The 
bubble sizes add another layer: larger 
organizations are distributed across both high- 
and low-growth outcomes, indicating that scale 
does not automatically produce better returns 
from investment. In practice, this means that 
how money is deployed is likely more important 
than the amount spent. Large programs can 
underperform if they are fragmented, poorly 
sequenced, or weakly adopted by the workforce. 
Conversely, targeted initiatives can deliver 
outsized gains when they address critical revenue 
bottlenecks, customer experience, or data-driven 

decision making. The figure therefore 
complements the regression and correlation 
results by showing why spending variables 
sometimes appear weaker than capability 
variables. Investment is the input, but execution 
quality, maturity, and employee adoption 
determine whether the input is converted into 
growth. For report interpretation, this figure 
supports a balanced conclusion. Executives 
should not interpret digital budgets as self-
justifying or assume that larger allocations 
guarantee better organizational outcomes. 
Instead, they should view investment as an 
enabling resource that must be paired with 
governance, prioritization, and process redesign. 
The chart usefully shifts the focus from budget 
size to investment effectiveness and capability 
conversion. 
 
Conclusion 
In conclusion, digital transformation has a 
significant and positive influence on 
organizational efficiency. The study shows that 
organizations adopting digital technologies such 
as cloud computing, process automation, 
artificial intelligence, and digital skill 
development are more likely to achieve better 
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operational and strategic outcomes. 
Improvements in productivity, reduction in 
operating costs, faster process cycle times, 
enhanced customer satisfaction, and stronger 
return on investment all indicate that digital 
transformation is no longer optional but essential 
for modern organizations. The findings further 
suggest that digital maturity plays a central role in 
determining how effectively organizations convert 
technological adoption into measurable efficiency 
gains. The study also confirms that digital 
transformation is not limited to the 
implementation of new technologies alone. Its 
success depends on the alignment of technology 
with business strategy, employee readiness, 
leadership commitment, and the organization’s 
ability to redesign processes in a meaningful way. 
Organizations that treat digital transformation as 
a comprehensive strategic initiative rather than a 
purely technical upgrade are more likely to obtain 
sustainable benefits. In this sense, digital 
transformation acts as a catalyst for both 
operational improvement and long-term 
organizational competitiveness. Moreover, the 
research highlights that different dimensions of 
digital transformation collectively contribute to 
efficiency outcomes. Cloud adoption improves 
accessibility and flexibility, automation 
streamlines repetitive tasks, AI enhances decision-
making, and employee digital adoption 
strengthens implementation success. Therefore, 
the combined effect of these factors creates a 
more agile, responsive, and efficient 
organizational environment. Overall, this study 
concludes that digital transformation is a critical 
driver of organizational efficiency and business 
performance. Organizations that invest in digital 
capabilities and manage transformation 
strategically are better positioned to respond to 
market demands, improve internal performance, 
and sustain competitive advantage. Future 
research may further explore this relationship 
across industries and over longer time periods to 
provide deeper insight into the long-term effects 
of digital transformation. 
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