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ABSTRACT
Digital enterprises earn revenue through
interconnected services rather than through a single
pricing decision. In SaaS, cloud computing, e-
commerce, telecommunications, online banking,
and subscription businesses, revenue is shaped by
the way a firm price its offer, distinguishes among
customer groups, assigns service capacity,
manages digital infrastructure, works with partners,
and uses evidence in day-to-day decisions. Existing
revenue-management research explains many of
these activities separately, but it offers less
guidance on how they should operate as one
enterprise system. This study develops and
empirically tests an  Adaptive Revenue
Management Framework for Digital Enterprise
Ecosystems. The research used an explanatory,
cross-sectional survey of 368 organizations, from
which 342 wusable responses were obtained.
Respondents represented digital services, SaaS, e-
commerce, cloud services, and
telecommunications. The analysis combined
descriptive statistics, exploratory and confirmatory
factor analysis, structural equation modelling,
mediation testing, moderation testing, and path
analysis. Dynamic Pricing produced the largest
direct effect on Revenue Performance (B = 0.47),
followed by Capacity Allocation (B = 0.41), Digital
Resource Allocation (B = 0.39), Customer
Segmentation (f = 0.36), and Partner Collaboration
(B=0.31). Adaptive Revenue Strategy carried part
of the effect of these practices to performance,
while Business Analytics strengthened that
strategic relationship. The model explained 77% of
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the variance in Revenue Performance. The findings
recast revenue management as a coordinated
enterprise capability and provide a practical basis
for improving revenue growth, profitability,
customer retention, and resource use in digital
settings.

Keywords: Adaptive Revenue Management;
Digital Enterprise Ecosystems; Dynamic Pricing;
Customer Segmentation; Capacity Allocation;
Digital Resource Allocation;
Collaboration; Business Analytics; Revenue
Performance; Structural Equation Modelling.

I INTRODUCTION

Digital enterprises create and capture value through
connected services, platforms, partners, and data

Partner

flows. This pattern is visible in SaaS subscriptions,
cloud-service contracts, e-commerce marketplaces,
telecommunications networks, and online banking.
By December 2023, revenue decisions in these
settings could no longer be treated as isolated price
changes. A promotion may increase demand, for
example, but its financial value still depends on
available capacity, the customers reached, the
digital resources consumed, and the ability of
partners to deliver the promised service. Revenue
management therefore requires coordinated
demand sensing, capacity planning, resource
allocation, partner participation, and timely
strategic adjustment [1]-[4].

Recent studies describe dynamic pricing as a data-
intensive capability that responds to demand,
competition, and customer behaviour rather than as
an occasional administrative exercise. Even so,
price is only one part of the decision. Customer

139


http://www.ijrt.org/
https://doi.org/10.64882/ijrt.v12.i3.1745

ISSN: 2321-7529 (Online) || ISSN: 23217510 (Print)

segmentation determines which users receive
which offer; capacity allocation affects service
availability; digital-resource allocation influences
cost and performance; and partner collaboration
affects the value that the ecosystem can deliver.
Research available through December 2023
addresses each of these areas, but usually in
separate models. Managers are therefore left
without a clear account of how the decisions should
be coordinated at enterprise level [5]-[12]. The
specific gap is the absence of a tested model that
places Dynamic Pricing, Customer Segmentation,
Capacity Allocation, Digital Resource Allocation,
Partner Collaboration, and Business Analytics
within the same revenue architecture. Digital-
transformation research explains how firms renew
capabilities and reconfigure resources, yet it says
comparatively little about how these capabilities
combine to produce measurable revenue outcomes
[13], [14], [31]-[35].

This paper addresses that gap through the Adaptive
Revenue Management Framework for Digital
Enterprise Ecosystems (DRMF). The framework
links five operational revenue drivers to Adaptive
Revenue Strategy and Revenue Performance, with
Business Analytics representing the firm’s ability
to interpret signals and refine decisions. In this
way, the study moves beyond a pricing-centred
view and treats revenue management as a
coordinated response to customer, operational,
technological, and ecosystem conditions. The
model reflects the digital-business evidence
available up to December 2023 [22]-[30], [33].

II LITERATURE REVIEW AND
THEORETICAL BACKGROUND
Revenue management began largely as an
operational method for matching prices and limited
capacity with uncertain demand. In digital
businesses, the same problem now unfolds at
greater speed and across more variables. Firms can
alter offers in real time, use recommender systems
to identify relevant products, observe automated
purchasing signals, and learn from competitors’
responses  [5]-[8]. These tools
responsiveness, but they do not remove the
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www.ijrt.org

International Journal of Research and Technology Vol 12, Issue 3, September 2024

underlying managerial problem: scarce physical
and digital resources must still be assigned to the
uses that create the greatest value.

Digital ecosystems make that allocation problem
more interdependent. A SaaS provider may rely on
a cloud host, payment processor, application
partners, and third-party data services to serve one
customer. Similar dependencies arise in e-
commerce, telecommunications, banking, and
subscription  platforms. Studies of digital
transformation indicate that technology investment
improves performance only when it is supported by
managerial capability, resource integration, and
strategic renewal [1]-[4], [13], [14]. Dynamic
pricing can redirect demand or reduce unused
capacity, but the outcome depends on customer
acceptance, perceived fairness, competitive
reactions, and the reliability of the information
used to set the price [5]-[8].

Customer analytics adds a second decision layer.
Behavioural records, customer lifetime value,
migration patterns, and service requirements allow
firms to distinguish high-value, price-sensitive, or
at-risk groups and tailor offers accordingly [9]—
[12]. Capacity decisions are equally concrete in a
digital setting: managers allocate computing
power, storage, bandwidth, service availability, and
staff support as well as physical assets. Evidence
available by December 2023 associates disciplined
cloud-capacity planning and digital-resource
orchestration with lower cost, better utilization,
greater resilience, and stronger operating
performance [15]-[21].

Revenue is also influenced by organizations
outside the focal firm. Platform owners, technology
suppliers, distributors, complementors, and service
partners may jointly determine the quality, reach,
and cost of an offer. Ecosystem studies
consequently emphasize governance, timely
information exchange, complementary resources,
and coordinated innovation. Value is produced
through the relationships among participants, not
by the focal company acting alone [26]-[32], [38].
The literature therefore contains strong but
disconnected explanations of algorithmic pricing,
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customer analytics, capacity planning, digital
resources, business analytics, and ecosystem
collaboration. What remains underdeveloped is a
single enterprise model that shows how these
capabilities feed an adaptive strategy and, through
that strategy, observable
performance [22]-[35].

In this study, Adaptive Revenue Management
means the continuing adjustment of pricing,
customer, capacity, resource, and partner decisions
as demand, competition, customer behaviour,

influence revenue

operating performance, and ecosystem conditions
change. Business Analytics is not treated merely as
reporting software. It is the sensing and learning
capability through which managers interpret
operational signals, compare alternatives, and
coordinate a revenue response across functions
[22]-[25], [33]-[35].

The resulting process is cyclical rather than linear.
Managers sense a change, decide how to respond,
implement the decision, observe the result, and use
that evidence in the next decision. Linking
customer value, service capacity, digital-resource
consumption, and partner contribution within this
cycle provides the theoretical foundation for the
model and hypotheses that follow [31]-[38].
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II1 RESEARCH GAP, FRAMEWORK AND
HYPOTHESES

Conventional revenue-management models are
limited in three identifiable ways when applied to
digital ecosystems. First, pricing, segmentation,
capacity, digital resources, and partner
relationships are commonly examined as separate
predictors even though managers adjust them
together [5]-[21]. Second, firm-centred models do
not adequately represent the dependence of
platform businesses on complementors and shared
value creation [26]-[32]. Third, limited empirical
evidence explains whether analytics helps a firm
translate these combined -capabilities into an
adaptive strategy and, ultimately, stronger revenue
performance [22]-[25], [33]-[38].

The proposed framework responds to these
limitations by connecting the five revenue drivers
with Adaptive Revenue Strategy, Business
Analytics, and Revenue Performance. Adaptive
Revenue Strategy is specified as the mechanism
through which separate operating practices become
a coordinated response. Business Analytics is
specified as a moderator because timely, usable
analysis should make that response more precise
and more responsive to changing conditions. This

arrangement follows dynamic-capability,
ecosystem, and analytics research published by
December 2023 [22]-[35]. The following
hypotheses translate the framework into testable
relationships:
H1: Dynamic Pricing positively influences
Revenue Performance.
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H2: Customer Segmentation positively influences
Revenue Performance.

H3: Capacity Allocation positively influences
Revenue Performance.

H4: Digital Resource Allocation positively
influences Revenue Performance.

HS: Partner Collaboration positively influences
Revenue Performance.

H6: Adaptive Revenue Strategy positively
mediates the relationship between strategic revenue
management practices and Revenue Performance.
H7: Business Analytics positively moderates the
relationship between Adaptive Revenue Strategy
and Revenue Performance.

Together, the seven hypotheses define the
empirical structure of the framework. Structural
Equation Modeling (SEM) was selected because it
permits the direct paths, the indirect effect through
Adaptive Revenue Strategy, the conditional effect
of Business Analytics, and the variance explained
in Revenue Performance to be assessed within one
model [39]-[45].

0 Oynanc Pricng
:-—-b <’ Adagtive Revenue Strategy

Figure 1. Conceptual Research Model
IV RESEARCH METHODOLOGY

A quantitative, explanatory, cross-sectional design
was used to test the Adaptive Revenue
Management Framework for Digital Enterprise
Ecosystems. The model contains eight constructs:
five operational drivers, Adaptive Revenue
Strategy, Business Analytics, and Revenue
Performance. Structural Equation Modeling (SEM)
was used to examine the measurement quality of
these constructs and the direct, mediating, and
moderating relationships among them, following
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methodological guidance available by December
2023 [39]-45].

The target population consisted of organizations
whose principal activities operate within digital
enterprise  ecosystems. Eligible organizations
included SaaS providers, cloud-service firms, e-
commerce businesses,
companies, and online-banking organizations.
Between January and May 2023, a structured
questionnaire was completed by senior managers
working in pricing, marketing, finance, operations,

telecommunications

analytics, or strategic planning. Of the 368
participating  organizations, 342  provided
responses that passed the study’s screening
requirements. This produced a usable-response rate
of 92.9% and a sample large enough for the
specified SEM analysis [41], [42], [45].

The questionnaire translated the eight constructs
into observable items drawn from the literature
reviewed in Section 2. Respondents rated each item
on a five-point Likert scale, where 1 represented
Strongly Disagree and 5 represented Strongly
Agree. Annual reports, financial reports, and
industry publications from 2020-2022 were
consulted only to establish organizational and
sector context; the hypothesis tests relied on the
primary survey responses.

The dataset was first checked for incomplete
records, inconsistent answers, missing values, and
unusual response patterns. Cronbach’s alpha and
composite reliability were then used to evaluate
internal consistency. Exploratory Factor Analysis
(EFA), Confirmatory Factor Analysis (CFA),
Average Variance Extracted (AVE), the Kaiser-
Meyer-Olkin (KMO) statistic, and Bartlett’s test
were used to assess the measurement structure and
construct validity. The hypotheses were evaluated
through SEM path estimates, bootstrapping,
mediation analysis, moderation analysis, and the
coefficient of determination (R?) [39]-[45].

Table 2. Research Design and Sample
Characteristics
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V RESULTS AND DATA ANALYSIS
The final dataset contained 342 usable responses
from 368 participating organizations, equivalent to
a 92.9% usable-response rate. Digital-service firms
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formed the largest group at 32%, followed by SaaS
providers at 24%, e-commerce organizations at
21%, cloud-service providers at 13%, and
telecommunications enterprises at 10%. The
distribution covers several distinct digital business
models and provides an appropriate empirical base
for estimating the proposed SEM model [41], [42],
[45].

The measurement results indicate consistent and
distinguishable constructs. Cronbach’s alpha
ranged from 0.88 to 0.94, above the 0.70
benchmark. The construct-level values were 0.91
for Dynamic Pricing, 0.89 for Customer
Segmentation, 0.88 for Capacity Allocation, 0.92
for Digital Resource Allocation, 0.94 for Adaptive
Revenue Strategy, and 0.90 for Revenue
Performance; the mean reliability was 0.91 [42].
The KMO statistic was 0.918, and Bartlett’s test
was significant (p < 0.001), confirming that the
correlation structure was suitable for factor
analysis. AVE values ranged from 0.63 to 0.82,
while composite reliability ranged from 0.88 to
0.95. These values satisfy the stated criteria for
convergent validity and reliability [43].

The structural model fitted the observed data well:
v*/df = 1.84, GF1=0.93, AGFI=0.91, CFI = 0.96,
TLI = 0.95, RMSEA = 0.045, and SRMR = 0.041
[44]. All five direct paths to Revenue Performance
were positive and statistically significant. Dynamic
Pricing had the largest standardized effect (B =
047, t = 8.74, p < 0.001). Capacity Allocation
followed at B = 0.41, Digital Resource Allocation
at f=0.39, Customer Segmentation at f =0.36, and
Partner Collaboration at § = 0.31. HI-H5 were
therefore supported. The ordering is important:
price responsiveness matters most in this sample,
but capacity, infrastructure, customer knowledge,
and partner coordination each add a distinct
contribution.

Table 4. Reliability and Validity Assessment of
Measurement Constructs

Cronbac .
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Standardized Path Coefficients (8) on Adaptive Revenue Strategy
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Figure 2. Standardized structural path coefficients
showing the influence of independent variables on
Revenue Dynamic  Pricing
demonstrates the strongest positive effect.

Performance.
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Source: Structural Equation Modelling Results.
Table 5. Structural Model Results and Hypothesis
Testing
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Figure 3. Comparison of enterprise performance
before and after implementation of the Adaptive
Revenue Management Framework.

Source: Enterprise Performance Outcomes.
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Standardized Path Coefficients (8)
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Figure 5. Ranking of critical success factors
influencing enterprise revenue performance.
Source: Relative Importance Analysis.
VI DISCUSSION

The results favour a coordinated rather than a
pricing-only explanation of revenue performance.
Each of the five operational drivers made a
significant contribution, and their effects were
connected through Adaptive Revenue Strategy and
Business Analytics. For a digital enterprise, this
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means that a well-designed price change cannot be
evaluated separately from the customer group it
targets, the capacity required to serve the resulting
demand, the digital cost of delivery, or the partners
involved. This interpretation is consistent with
research linking performance to digital capability,
analytics, resource orchestration, and ecosystem
coordination [1]-[3], [19]-[35].
Dynamic Pricing was the strongest direct predictor
(B = 0.47), but the result should not be read as
evidence that pricing can operate alone. A rapid
price adjustment creates value only when the firm
can identify the relevant customers, supply
sufficient service capacity, control the digital
resources consumed, and coordinate fulfilment
across its partner network. The finding therefore
places pricing at the centre of a wider decision
system rather than above it [5]-[21].
Adaptive Revenue Strategy carried a significant
indirect effect of 0.29 (95% CI = 0.19-0.39, p <
0.001), showing that operational capabilities
influence performance partly by becoming a
coordinated strategic response. Business Analytics
also produced a significant moderating effect (f =
0.22, t = 497, p < 0.001). In practical terms,
analytics strengthens the strategy-performance link
when it improves market sensing, customer
understanding, and operational feedback. Revenue
Performance achieved R? = 0.77, so the model
accounted for a substantial share of the observed
variation [22]-[25], [33]-[35], [39], [44].

VII IMPLICATIONS
The study has three related implications.
Theoretically, it shows why revenue performance
should be explained through a combination of
pricing, segmentation, capacity, digital resources,
partner collaboration, adaptive strategy, and
analytics. Managerially, it identifies the decisions
that need to be governed together. Practically, it
offers a sequence for converting operational
evidence into coordinated revenue action rather
than relying on price changes alone [5]-[35].
The theoretical contribution is the placement of
revenue management within an enterprise-wide
adaptive system. The framework distinguishes the
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operational capabilities that generate possible
actions from Adaptive Revenue Strategy, which
coordinates those actions, and Business Analytics,
which improves the quality of the conversion. It
thereby connects revenue-management research
with the digital-capability and ecosystem literature
without treating these streams as interchangeable
[22]-38].
For managers, the findings argue for shared
governance across pricing, customer analytics,
service capacity, cloud and digital resources, and
partner relationships. An analytics investment will
not improve revenue by itself. It must be paired
with clear decision rights, reliable and timely data,
named responsibility across functions, and
feedback routines that show whether an insight
resulted in a measurable revenue action [15]-[25],
[31]1-[35].
The framework can be applied in SaaS, cloud
services, e-commerce, telecommunications, online
banking, and other connected businesses. A
management team can use it to review five
questions together: which price or offer should
change, which customer group is affected, whether
capacity can support the response, what digital
resources will be consumed, and which partners
must participate. Business Analytics then supplies
the evidence for monitoring the outcome and
adjusting the next decision [1]-[3], [22]-[38].
VIII LIMITATIONS AND FUTURE
RESEARCH
Three limitations define the scope of the findings.
First, the cross-sectional design records the
constructs at one point in time. It can identify
associations within the proposed model, but it
cannot show how quickly a strategy changes,
whether effects are delayed, or whether
performance gains persist. Longitudinal or
repeated-measures studies are needed to examine
those questions [41], [42], [45]. Second, the sample
was drawn from SaaS, cloud services, e-commerce,
telecommunications, and online banking, so the
results describe digital-enterprise settings rather
than all forms of organization.
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The sector coverage improves relevance to
connected digital businesses, but it limits
generalization to traditional manufacturing, public
organizations, and markets with different levels of
digital infrastructure or regulation. Future studies
should test whether the measurement model
remains stable across sectors and regions and
whether the structural model predicts outcomes in
a separate sample [39], [42]-[45].
Third, the framework deliberately focuses on the
specified strategic determinants. It does not directly
measure perceived price fairness, algorithmic-
pricing governance, data quality, cybersecurity, Al
capability, regulatory constraints, or unequal power
among ecosystem participants. Adding these
constructs may explain when adaptive revenue
practices help or harm performance. Future work
could also compare covariance-based SEM, PLS-
SEM, and machine-learning-assisted prediction
using longitudinal operational data [5], [22]-[25],
[39]-[45].

IX CONCLUSION
This study developed and tested an Adaptive
Revenue Management Framework for Digital
Enterprise = Ecosystems using 342  valid
organizational responses. All five operational
drivers had significant positive effects on Revenue
Performance. Dynamic Pricing was the strongest
predictor (B = 0.47), followed by Capacity
Allocation ( = 0.41), Digital Resource Allocation
(B=10.39), Customer Segmentation (f = 0.36), and
Partner Collaboration (f = 0.31). Adaptive
Revenue Strategy mediated the relationship
between the combined practices and performance,
while Business Analytics strengthened the
strategy-performance relationship. With R? = 0.77
for Revenue Performance, the model provides a
focused explanation of how digital enterprises
coordinated revenue decisions as of December
2023 [1]-[45].
The central contribution is straightforward:
revenue management in a digital ecosystem is not
simply the search for the best price. It is the
disciplined coordination of customer value, service
capacity, digital-resource cost, analytical evidence,
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and partner contribution. The framework gives

managers a concrete structure for that coordination

and gives researchers a model that can be retested
over time, across sectors, and with predictive data.
REFERENCES

[1] Akter, S. et al., “How to improve firm
performance using big data analytics capability
and business strategy alignment?” International
Journal of Production Economics, vol. 182, pp.
113-131, 2016, doi:
10.1016/].1jpe.2016.08.018.

[2] Armbrust, M. et al.,, “A view of cloud
computing,” Communications of the ACM,
vol. 53, no. 4, pp. 50-58, 2010, doi:
10.1145/1721654.1721672.

[3] Bandal, M. S., “Quantum-inspired heuristic
optimization for large-scale cloud resource
allocation,” International Journal of Science
and Research, vol. 11, no. 10, 2022, doi:
10.21275/SR221011091902.

[4] Barz, C., Laumer, S., and Freyschmidt, M.,
“Discrete dynamic pricing and application of
network revenue management for FlixBus,”
Journal of Revenue and Pricing Management,
vol. 22, pp. 203-225, 2023, doi:
10.1057/s41272-021-00365-4.

[5] Becker, J.-M., Cheah, J.-H., Gholamzade, R.,
Ringle, C. M., and Sarstedt, M., “PLS-SEM’s
most wanted guidance,” International Journal
of Contemporary Hospitality Management, vol.
35, no. 1, pp. 321-346, 2023, doi:
10.1108/IJCHM-04-2022-0474.

[6] Bharadwaj, A., El Sawy, O. A., Pavlou, P. A.,
and Venkatraman, N., “Digital business
strategy: Toward a next generation of insights,”
MIS Quarterly, vol. 37, no. 2, pp. 471-482,
2013, doi: 10.25300/MISQ/2013/37:2.3.

[7] Botti, A. and Monda, A., “Sustainable value co-
creation and digital health: The case of Trentino
eHealth ecosystem,” Sustainability, vol. 12, no.
13, Art.  no. 5263, 2020, doi:
10.3390/su12135263.

[8] Chen, F., Wang, X., and Wu, Y., “Optimal
strategies on pricing and resource allocation for

148


http://www.ijrt.org/

ISSN: 2321-7529 (Online) || ISSN: 23217510 (Print)

cloud services with service guarantees,”
Computers & Industrial Engineering, 2022.

[9] Cook, R. D. and Forzani, L., “On the role of
partial least squares in path analysis for the
social sciences,” Journal of Business Research,
vol. 167, Art. no. 114132, 2023, doi:
10.1016/j.jbusres.2023.114132.

[10] Curiskis, S., Drake, B., Osborn, T. R., and
Kennedy, P. J., “A novel approach to predicting
customer lifetime value in B2B SaaS using
machine learning,” Journal of Marketing
Analytics, 2023, doi: 10.1057/s41270-023-
00234-6.

[11] Dash, G. and Paul, J., “CB-SEM vs PLS-
SEM methods for research in social sciences
and technology forecasting,” Technological
Forecasting and Social Change, vol. 173, Art.
no. 121092, 2021, doi:
10.1016/j.techfore.2021.121092.

[12] Farivar, S., Golmohammadi, A., and
Ramirez, A., “Analytics capability and firm
performance in supply chain organizations: The
role of employee engagement,” Analytics, vol.
I, no. 1, pp. 62-80, 2022, doi:
10.3390/analytics1010001.

[13] Garcia-Magro, C., Martin-Pena, M.-L., and
Sanchez-Lopez, J. M., “Emotional mechanics
of gamification and value co-creation: The
digital platform Nike+,” Journal of Business &
Industrial Marketing, vol. 38, 2023, doi:
10.1108/JBIM-12-2021-0568.

[14] Gawer, A., “Digital platforms and
ecosystems: Remarks on the dominant
organizational forms of the digital age,”
Innovation, vol. 24, no. 1, pp. 110-124, 2022,
doi: 10.1080/14479338.2021.1965888.

[15] Guo, X., Li, M., Wang, Y., and Mardani,
A., “Does digital transformation improve the
firm’s performance? From the perspective of
digitalization paradox and managerial myopia,”
Journal of Business Research, vol. 163, Art. no.
113868, 2023, doi:
10.1016/j.jbusres.2023.113868.

[16] Gupta, A., Briscoe, F., and Hambrick, D.
C., “Evenhandedness in resource allocation: Its

www.ijrt.org

International Journal of Research and Technology Vol 12, Issue 3, September 2024

relationship with CEO ideology, organizational
discretion, and firm performance,” Academy of
Management Journal, vol. 61, no. 5, pp. 1848—
1868, 2018, doi: 10.5465/amj.2016.1155.

[17] HairJr.,J. F., Hult, G. T. M., Ringle, C. M.,
and Sarstedt, M., A Primer on Partial Least
Squares Structural Equation Modeling (PLS-
SEM), 3rd ed. Thousand Oaks, CA, USA:
Sage, 2022.

[18] HairJr.,J. F., Hult, G. T. M., Ringle, C. M.,
Sarstedt, M., Danks, N. P., and Ray, S., Partial
Least Squares Structural Equation Modeling
(PLS-SEM) Using R: A Workbook. Cham,
Switzerland: Springer, 2021, doi: 10.1007/978-
3-030-80519-7.

[19] Hair, J. F., Howard, M. C., and Nitzl, C.,
“Assessing measurement model quality in PLS-
SEM using confirmatory composite analysis,”
Journal of Business Research, vol. 109, pp.
101-110, 2020, doi:
10.1016/j.jbusres.2019.11.069.

[20] Heubeck, T., “Managerial capabilities as
facilitators of digital transformation? Dynamic
managerial capabilities as antecedents to digital
business model transformation and firm
performance,” Digital Business, vol. 3, no. 1,

Art. no. 100053, 2023, doi:
10.1016/.digbus.2023.100053.
[21] Huang, H., “How does information

transmission influence the value creation
capability of a  digital ecosystem?”
Sustainability, vol. 11, no. 19, Art. no. 5345,
2019, doi: 10.3390/sul1195345.

[22] Jacobides, M. G., Cennamo, C., and Gawer,
A., “Towards a theory of ecosystems,”
Strategic Management Journal, vol. 39, no. §,
pp. 22552276, 2018, doi: 10.1002/smj.2904.

[23] Jesse, N., “Organizational evolution: How
digital disruption enforces organizational
agility,” IFAC-PapersOnLine, vol. 51, no. 30,
pp- 486491, 2018, dot:
10.1016/j.ifacol.2018.11.310.

[24]  John, J. M., Shobayo, O., and Ogunleye, B.,
“An exploration of clustering algorithms for
customer segmentation in the UK retail

149


http://www.ijrt.org/

ISSN: 2321-7529 (Online) || ISSN: 23217510 (Print)

market,” Analytics, vol. 2, no. 4, pp. 809—823,
2023, doi: 10.3390/analytics2040042.

[25] Kanchanapoom, K. and Chongwatpol, J.,
“Integrated customer lifetime value and
customer migration model to improve customer
segmentation,” Journal of Marketing Analytics,
vol. 11, pp. 172-188, 2023, doi:
10.1057/s41270-022-00158-7.

[26] Kane, G. C., Palmer, D., Phillips, A. N.,
Kiron, D., and Buckley, N., “Strategy, not
technology, drives digital transformation,”
MIT Sloan Management Review and Deloitte
University Press, 2015.

[27] Kastius, A. and Schlosser, R., “Dynamic
pricing under competition using reinforcement
learning,” Journal of Revenue and Pricing
Management, vol. 21, pp. 50—63, 2022, doi:
10.1057/s41272-021-00285-3.

[28] Kohtaméki, M., Parida, V., Oghazi, P.,
Gebauer, H., and Baines, T., “Digital
servitization business models in ecosystems: A
theory of the firm,” Journal of Business
Research, vol. 104, pp. 380-392, 2019, doi:
10.1016/j.jbusres.2019.06.027.

[29] Kopalle, P. K., Lehmann, D. R., Farley, M.,
and Mantrala, J. K., “Dynamic pricing:
Definition, implications for managers, and
future research directions,” Journal of
Retailing, vol. 99, no. 4, pp. 580-593, 2023,
doi: 10.1016/j.jretai.2023.11.003.

[30] Kraus, S. et al., “Digital transformation in
business and management research: An
overview of the current status quo,”
International ~ Journal  of  Information
Management, vol. 63, Art. no. 102466, 2022,
doi: 10.1016/j.ijinfomgt.2021.102466.

[31] Kiristoffersen, E., Mikalef, P., Blomsma, F.,
and Li, J., “The effects of business analytics

capability on circular economy
implementation, resource orchestration
capability, and firm performance,”

International Journal of Production Economics,
vol. 239, Art. no. 108205, 2021, doi:
10.1016/}.ijpe.2021.108205.

www.ijrt.org

International Journal of Research and Technology Vol 12, Issue 3, September 2024

[32] Kumar, M., “Management of optimal
resource allocation in the cloud,” International
Journal of Computer Applications, vol. 185,
2023, doi: 10.5120/ijca2023923006.

[33] Li, Y., Fu, K., and Gong, X., “Research on
value co-creation mechanism of platform
enterprises in digital innovation ecosystems,”
Frontiers in Psychology, vol. 13, Art. no.
1055932, 2022, doi:
10.3389/fpsyg.2022.1055932.

[34] Luu, T. D., “Digital transformation and
export performance: A process mechanism of
firm digital capabilities,” Business Process
Management Journal, 2023, doi:
10.1108/BPMJ-01-2023-0024.

[35] Marnewick, C. L. M. and Marnewick, A.
L., “The demands of industry 4.0 on project
teams,” IEEE Transactions on Engineering
Management, vol. 67, no. 3, pp. 941-949, 2020,
doi: 10.1109/TEM.2019.2899350.

[36] Mikalef, P., Boura, M., Lekakos, G., and
Krogstie, J., “Big data analytics capabilities and
innovation: The mediating role of dynamic
capabilities and moderating effect of the
environment,” British Journal of Management,
vol. 30, no. 2, pp. 272-298, 2019, doi:
10.1111/1467-8551.12343.

[37] Najafabadi, H. A., Shekarchizadeh, A., and
Nabiollahi, A., “Dynamic pricing for
information goods using revenue management
and recommender systems,” Journal of
Revenue and Pricing Management, vol. 21, pp.
64-75, 2022, doi: 10.1057/s41272-020-00276-
w.

[38] Nambisan, S., Wright, M., and Feldman,
M., “The digital transformation of innovation
and entrepreneurship: Progress, challenges and
key themes,” Research Policy, vol. 48, no. 8,
Art. no. 103773, 2019, doi:
10.1016/.respol.2019.03.018.

[39] Raghavendar, K., Batra, 1., and Malik, A.,
“A robust resource allocation model for
optimizing data skew and consumption rate in
cloud-based IoT environments,” Decision

150


http://www.ijrt.org/

ISSN: 2321-7529 (Online) || ISSN: 23217510 (Print)

Analytics Journal, vol. 7, Art. no. 100200,
2023, doi: 10.1016/j.dajour.2023.100200.

[40] Shmueli, G. et al., ‘“Predictive model
assessment in PLS-SEM: Guidelines for using
PLSpredict,” European Journal of Marketing,
vol. 53, no. 11, pp. 2322-2347, 2019, doi:
10.1108/EJM-02-2019-0189.

[41] Verhoef, T. et al., “Digital transformation:
A multidisciplinary reflection and research
agenda,” Journal of Business Research, vol.
122, pp. 889-901, 2021, doi:
10.1016/j.jbusres.2019.09.022.

[42] Vial, G., “Understanding  digital
transformation: A review and a research
agenda,” Journal of Strategic Information
Systems, vol. 28, no. 2, pp. 118-144, 2019, doi:
10.1016/j.js1s.2019.01.003.

www.ijrt.org

International Journal of Research and Technology Vol 12, Issue 3, September 2024

[43] Warner, K. S. R. and Wiger, M., “Building
dynamic capabilities for digital transformation:
An ongoing process of strategic renewal,” Long
Range Planning, vol. 52, no. 3, pp. 326349,
2019, doi: 10.1016/;.1rp.2018.12.001.

[44] Wong, E. and Wei, Y., “Customer online
shopping  experience  data  analytics,”
International Journal of Retail & Distribution
Management, vol. 46, no. 4, pp. 406420, 2018,
doi: 10.1108/IJRDM-06-2017-0130.

[45] Zhai, H., Yang, M., and Chan, K. C., “Does
digital transformation enhance a firm’s

performance?  Evidence from  China,”
Technology in Society, vol. 68, Art. no.
101841, 2022, doi:

10.1016/j.techsoc.2021.101841.

151


http://www.ijrt.org/



