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Abstract

Purpose: This study investigated the influence of data modelling for business intelligence solution
using the comprehensiveness of the business model, physical model and decision-making speed
on business performance in Nigeria's EdTech and FinTech industries.
Design/methodology/approach: A quantitative approach was employed, the cross-sectional
survey research design was adopted, data were obtained from 495 Nigerian EdTech and FinTech
practitioners. Partial Least Square Structural Equation Modelling (PLS-SEM) utilising SmartPLS 4
was used to evaluate hypothesised relationship among latent constructs of data modelling and
business performance.

Findings: A quantitative approach was employed, the cross-sectional survey research design was
adopted, data were obtained from 495 Nigerian EdTech and FinTech practitioners. Partial Least
Square Structural Equation Modelling (PLS-SEM) utilising SmartPLS 4 was used to evaluate
hypothesised relationship among latent constructs of data modelling and business performance.
Limitations and Research implications: This study focused on two sectors within the Nigerian
environment, which may restrict generalisability. Future studies should investigate cross-sectoral
and multi-country comparisons to validate and enhance the integrated RBV-TOE model
suggested.

Practical Implications: Managers should emphasise the development of complete and
strategically aligned business models that include enhanced data structuring to speed effective
decision-making. Policymakers are encouraged to support digital infrastructure enhancements to
foster durable competitive advantages in emerging digital marketplaces.

Originality/value: This research gives empirical support for the combined Resource-Based View
and Technology-Organisation-Environment frameworks applied to data modelling’s function in
increasing organisational performance in emerging markets. It uniquely situates advanced data
modelling principles within the context of Nigeria’s flourishing EdTech and FinTech sectors,
providing a valuable position for researchers, practitioners, and policymakers.

Keywords: Data Modelling, Comprehensiveness of Business Model, Physical Model, Business
Intelligence, Decision-making Speed, Business Performance

Introduction

In today's quickly expanding era of digital transformation, data-driven decision-making has
emerged as a primary priority in business sustainability, especially so in high-growth industries
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such as EdTech and Fintech in Nigeria. In pursuit of becoming flexible and resilient, the ability
to make good use of data effectively, translating raw data into actionable knowledge, has been
a distinct competitive edge (Ravi & Radhakrishna, 2024). Nonetheless, data gathering to
usable insights is influenced by data modelling strength, encompassing essential stages:
business modelling, logical modelling, dimensional modelling, and physical modelling. All
these steps are pillars of business intelligence solution architecture strength that not only
affect data processing efficiency but also strategic outcomes for firms functioning in difficult
and unstable marketplaces (Kushwaha et al., 2021; Solomon et al., 2025).

Nigeria's EdTech sector is growing rapidly; the market is projected to surpass $400 million in
2025, driven by a vast youth population, rising mobile internet adoption, and confidence from
local and global investors. Nigeria hosts about 34% of Africa's top EdTech startups and,
therefore, is one of the foremost frontiers for first-mobile and hybrid education (Agbeche et al.,
2024; Al-Qararah, 2023). Similarly, the Nigerian fintech industry has grown by roughly 70%
annually due to rapidly changing regulations, record volumes of digital payments, and
investment in groundbreaking innovations such as embedded finance and artificial
intelligence integration (Abbas et al., 2025; Agbeche et al., 2024). Consequently, itremains one
of the largest fintech hubs on the continent. In contrast to studies that are primarily situated
within the Global contexts and the West African context, this research therefore situates data
modelling practices within the specific economic and regulatory environment of Nigeria,
which is defined by unique challenges and opportunities that shape business intelligence
adoption (Alt et al., 2024; Goswami et al., 2025).

Despite rising investment and interest in fintech and edtech, empirical research on the
influence of the subtle data modelling procedures on corporate performance remains
fragmented. Initial business intelligence research has generally focused on the technical
challenges of model design or the technical performance of analytics systems and has tended
to be positioned in a Western or global North context. This has uncovered glaring gaps in
understanding, primarily regarding how personalised data modelling procedures can drive
sustainable development within Nigeria's specific economic and regulatory space, where
Fintech and Edtech increasingly occupy roles of a revolutionary nature (Agbeche et al., 2024).
Most existing work fails to cross over theoretical underpinnings of data modelling with
empirical measurements of business performance, and context-specific elements that may
affect the effectiveness of such techniques within the African marketplace have been poorly
examined (lonescu et al., 2025; Joel & Oguanobi, 2024).

Against such a backdrop, this study seeks to fill this gap by systematically analysing how data
modelling, the comprehensiveness of the business model, the physical model, and decision-
making speed impact business growth and sustainability among Nigerian Fintech and Edtech
organisations. The question guiding this study is: Does each of the phases of data modelling
promote business intelligence capacity building toward performance and sustainability?

Theoretically, this study enriches the theoretical picture of the data-to-value chain, revealing
the confluence of technological design and strategic delivery. In reality, the findings offer the
potential for effective recommendations for corporate leaders, data architects, technology
providers, and legislators committed to developing a platform for data-driven growth (Hamzat
et al., 2023; Joel & Oguanobi, 2024). By identifying data modelling techniques and concrete
economic outcomes, this study aims to offer insights into best practices, guide investmentin
data infrastructure and skills, and build stronger, more flexible enterprises in Nigeria's digital
economy. This study established the framework, argued for its place in business
sustainability, identified significant scholarly gaps, outlined the research issue, and
highlighted the study's dual theoretical and practical relevance. This study examines existing
literature on data modelling and business intelligence for sectors. This is followed by a
comprehensive explanation of the research method and analytical approach. The next section
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on findings includes actual evidence from the EdTech and FinTech sectors. The discussion
section analyses these findings in the context of the study objectives, and the study concludes
with ideas for practical implications and recommendations.

Literature Review

Conceptual Review
Business Performance

Business performance is the primary focus in technology-enabled enterprises, encompassing
financial outcomes, operational efficiency, innovation capacity, customer satisfaction, and
strategic adaptability. Solomon et al. (2025) and Verma (2024) assert that business
performance in digital sectors, such as Nigerian EdTech and FinTech, is significantly affected
by the degree to which data-driven insights are incorporated into product design and
development, risk management, customer engagement, and market development. These
industries face significant competition, rapid innovation cycles, and regulatory ambiguity,
necessitating strategic-level data-driven business intelligence.

Empirical evidence demonstrates that business intelligence (Bl) enhances organisational
performance through predictive analytics, improved operational decision-making, enhanced
customer insights, and digital innovation, as noted by Hamzat et al. (2023) and Joel and
Oguanobi (2024). Nevertheless, the majority of the study does not examine how the maturity
of successive phases of data modelling influences performance outcomes, particularly in
emerging economies. The limited number of empirical publications addressing emerging
nations, such as Nigeria, reveals a performance disparity in how quality data modelling
impacts the performance of digital firms constrained by infrastructural and legal limitations.

Comprehensiveness of the Business Model

Business model comprehensiveness refers to the clarity and thoroughness with which an
organisation defines its value proposition, core operations, customer segmentation, revenue
mechanisms, and performance objectives. In Bl contexts, the business model provides the
strategic framework for determining data requirements and alighing modelling processes with
company objectives. Prior studies underscore the fact that only when Bl systems' data
structures are positioned to directly support strategic imperatives do important insights get
obtained, whether it is lonescu et al. (2025), Modesta Oluoha et al. 2019), and Solomon et al.
(2025) themselves.

A well-articulated business model often specifies what data to obtain, how to preserve it, and
which analytics provide a competitive edge for EdTech and FinTech firms. There is empirical
evidence that a business model alighed with strategy enhances data utilisation, innovation,
and organisational agility (Mochama, 2021; Ravi & Radhakrishna, 2024). However, few studies
have studied the comprehensiveness of the business model as an early stage of data
modelling or as a driver of effectiveness in Bl applications in the Nigerian digital industries. This
produces a conceptual gap in appreciating the strategic-technical link in Bl deployment.

Physical Data Model

The physical data model specifies all the real storage structures, indexing techniques,
partitions, and performance improvements needed to implement the logical and dimensional
models. Effective physical modelling enhances system scalability, reduces latency, and
meets the computing demands of Bl applications (Alam & Mohanty, 2022; Ogeawuchi et al.,
2025).
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In places like Nigeria, where infrastructure can be severely restrictive for digital enterprises,
this may include intermittent connectivity, volatility in data hosting, and increased regulatory
constraints. Physical model optimisation is crucial for numerous reasons, including enabling
real-time analytics, ensuring system stability, and enabling organisations to respond to user
expectations for speed and reliability (Fagbore et al., 2022). However, the literature is scarce
on how effectively physical modelling translates into operational efficiency or competitive
advantage in EdTech and FinTech organisations. This is, in fact, a call for an empirical study
within such situations.

The Mediating Role of Decision-Making Speed

Decision-making speed is the rate at which an organisation interprets data to evaluate
alternatives and then strategically or operationally acts. Research evidence indicates that Bl
has a positive impact on performance only when it improves the timeliness of managerial
decision-making processes (Desai & Desai, 2025; Kumar & Aithal, 2025). Different data
modelling stages directly influence decision-making speed: logical models improve accuracy,
dimensional models enable faster understanding, while physical models govern system
response times. In fast-moving digital marketplaces, rapid decision-making boosts
responsiveness to customer needs, enables rapid productiteration, and amplifies competitive
agility (Chebrolu, 2025; Vudugula & Chebrolu, 2025). While all this is true, empirical research
has failed to analyse how decision-making speed may act as a key conduit in the relationship
between data modelling and performance in EdTech and FinTech organisations.

Theoretical Foundations
Resource-Based View (RBV)

The Resource-Based View also states that companies have superior performance to the extent
that they have resources that are priceless, distinctive, inimitable, and non-substitutable
(Barney, 1991). Data modelling capabilities, such as business model comprehensiveness and
logical, dimensional, and physical models, satisfy the RBV criteria because they generate
exclusive data architecture and analytical capabilities that are difficult for rival businesses to
duplicate (Alam & Mohanty, 2022; Kushwaha et al., 2021). These levels of modelling strengthen
internal skills, improve decision-making accuracy, and drive innovation in EdTech and FinTech
businesses.

Technology Organisation Environment Framework

The TOE framework demonstrates that technological attributes, organisational preparation,
and environmental influences determine technology adoption and its performance
implications (Abdulrazaq et al., 2023; Ravi & Radhakrishna, 2024). Data modelling stages
highlight the technological factor, the comprehensiveness of the business model represents
organisational readiness, and regulatory and competitive issues represent environmental
implications (Desai & Desai, 2025; Kumar & Aithal, 2025; Nguyen, 2022). These combined
characteristics characterise the level of performance improvement achieved by Bl initiatives
in the digital industries in Nigeria.

Hypothesis Development

This study conceptualises data modelling and business intelligence capabilities as strategic
organizationalresources that can be achieved through the comprehensiveness of the business
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model, physical data model, decision-making speed, and business performance. Based on
RBV and TOE, and supported by appropriate empirical evidence, the following hypotheses are
proposed:

H1: Comprehensiveness of the business model has significant positive effect on decision-
making speed in Nigerian EdTech and FinTech business.

According to the RBV, a robust business model is an important and integrative organisational
resource that synchronises information flows, operational procedures, and strategic goals.
When business models are clearly described and internally consistent, they eliminate
uncertainty, promote cross-functional coordination, and expedite management cognition.
Empirical studies suggest that businesses with well-defined business models exhibit faster,
more accurate decision-making processes due to greater information openness and
interpretability (Alam & Mohanty, 2022). In technologically demanding areas such as EdTech
and FinTech, where responsiveness is crucial, this effect is predicted to be more significant.

H2: Physical data model has a significant positive effect on decision-making speed in Nigerian
EdTech and FinTech businesses.

Physical data models reflect the practical reality of data architecture, determining system
efficiency, processing speed, and accessibility. TOE theory highlights that technical
infrastructure quality directly affects organisational results by shaping how well information
systems support management activity. Optimised physical data models reduce latency, boost
system robustness, and improve real-time access to information, ultimately expediting
decision cycles. Empirical evidence shows that well-engineered physical data structures
significantly reduce decision-making time in data-intensive businesses (Solomon et al., 2025).

H3: Decision-making speed has a significant positive effect on business performance in
Nigerian EdTech and FinTech businesses.

Decision-making speed reflects a dynamic organisational capability that helps firms to notice,
comprehend, and respond to environmental changes more effectively. Within the RBV
framework, such dynamic capabilities are important processes through which resources are
turned into performance results. Prior Bl and analytics research consistently shows that
timely, informed decision-making promotes profitability, operational efficiency, and
competitive positioning (Desai & Desai, 2025; Solomon et al., 2025). Accordingly, decision-
making speed processes are expected to translate directly into greater business success.

H4: Decision-making speed mediates the relationship between the comprehensiveness of the
business model and business performance in Nigerian EdTech and FinTech businesses.

According to the RBV, a robust business model is an important and integrative organisational
resource that synchronises information flows, operational procedures, and strategic goals.
When business models are clearly described and internally consistent, they eliminate
uncertainty, promote cross-functional coordination, and expedite management cognition.
Empirical studies suggest that businesses with well-defined business models exhibit faster,
more accurate decision-making processes due to greater information openness and
interpretability (Alam & Mohanty, 2022). While a comprehensive business model provides the
strategic logic that structures organisational priorities, its impact on business performance is
not intended to be direct. Rather, the performance advantage of business model
comprehensiveness is delivered through its activation of faster, better-informed decision-
making mechanisms. Without the decision-making process to turn structural
comprehensiveness into timely organisational action, the latent performance potential of the
company model remains unrealised. DDMS is therefore postulated as the mediating channel
through which CB exerts its performance benefits, with no substantial direct link expected
between CB and BP in the presence of the mediator (Desai & Desai, 2025; Solomon et al.,
2025).
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H5: Decision-making speed mediates the relationship between physical data model and
business performance in Nigerian EdTech and FinTech business.

Physical data models reflect the practical reality of data architecture, determining system
efficiency, processing speed, and accessibility. TOE theory highlights that technical
infrastructure quality directly affects organisational results by shaping how well information
systems support management activity. Optimised physical data models reduce latency, boost
system robustness, and improve real-time access to information, ultimately expediting
decision cycles. Empirical evidence demonstrates that well-engineered physical data
structures greatly boost decision-making time in data-intensive businesses (Solomon et al.,
2025). However, the physical data model does not generate business performance
irrespective of the organisational mechanisms via which data is translated into choices. The
performance value of data infrastructure depends on decision-making speed; it is at the
moment of decision, not at the point of data storage or retrieval, that data assets generate
competitive returns. DDMS consequently mediates the relationship between PD, and BP,
operating as the conversion mechanism through which data architecture quality is
transformed into organisational performance outcomes. A considerable indirect effect of PD
on BP through DDMS is therefore expected, with no significant direct relationship anticipated
when DDMS is included in the model.

Empirical Review

The empirical literature review of the study further examines existing studies assessing the
association between data-driven technologies, particularly in Fintech and Edtech, and
corporate performance in Nigeria. This growing corpus of research provides useful findings on
the adoption and utilisation of emerging technologies, affecting operational effectiveness,
sustainability, and business growth across different industries.

There has been extensive empirical research on the effects of fintech penetration on the
growth and efficiency of Nigerian SMEs. (Agbeche et al., 2024; Mochama, 2021; Santosh
Kumar, 2024) find that fintech services, such as mobile payment systems, online banks, and
blockchain platforms, are associated with higher operating efficiency, increased revenues, and
greater market reach for SMEs. These studies utilised quantitative and mixed-methods
research strategies, including surveys and structural equation modelling, to rigorously test
these links. They underline the significance of Fintech in overcoming conventional silos, such
as limited access to financing and entry restrictions, which are vital to sustaining business
growth in emerging economies like Nigeria.

Other empirical research places the broader sectoral impact of Fintech innovation on financial
institutions and businesses in perspective, noting that digitally enabled financial services not
only contribute to more inclusive access to finance but also enhance strategic and operational
performance. Alam and Mohanty (2022), Mochama (2021), and Solomon et al. (2025) found
that the adoption of fintech solutions is associated with greater employment generation,
profitability, and business expansion. However, these studies also suggest that contextual
considerations, such as legal frameworks and infrastructural constraints, shape the extent to
which Fintech might influence distinct Nigerian business contexts.

While empirical studies of EdTech in Nigeria's market are comparatively few compared to
FinTech, parallel research indicates that digital teaching and learning technologies enhance
organisational adaptation and performance. Edtech accelerates the digital revolution to
render service delivery more effective, more interactive for users, and scalable for education
enterprises, just like in the case of fintech organisations (Abdulrazaq et al., 2023; Modesta
Oluoha et al., 2019)
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Despite such noteworthy contributions, modern empirical research rarely explores the effect
of specific data modelling processes that fuel business intelligence systems, such as the
various business roles and logical, dimensional, and physical models. Subsequently, there
remains a crucial knowledge gap regarding how these technological stages of data modelling
contribute to improved performance metrics in Nigerian EdTech and FinTech organisations
(Ibrahim & Handayani, 2022; Solomon et al., 2025).

This study thus draws on an empirical base through a detailed investigation of how the planned
and formal deployment of distinct data modelling methodologies affects business
performance as awhole. By applying rigorous quantitative analysis through structural equation
modelling, it seeks to provide in-depth insights that link the process and architecture of data
modelling to sustainable growth outcomes across two of Nigeria's most active technology
industries. This focus on business intelligence's middle mechanisms provides a more
differentiated empirical contribution to the literature and practical advice for organisations
seeking to optimise their data-driven potential.

CB1
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Figure 1
PLS Path Model

Note: CB = Comprehensiveness of the Business Model, PD= Physical Data Model, DDMS = Decision
Making Speed, and BP = Business Performance

Methodology

This study adopted a quantitative research approach; a cross-sectional survey design was
used to examine the relationships among data modelling, the comprehensiveness of the
business model, decision-making speed in physical model selection, and business
performance in Nigeria's Fintech and Edtech sectors. A quantitative approach is mostideal, as
it allows statistical testing of predicted construct relationships, yielding objective and
generalisable findings that align with the study's aims. The constructs of the study,
comprehensiveness of the business model, physical model, decision-making speed, and
business performance were operationalised using validated measurement scales adapted
from existing literature and tailored to the Nigerian EdTech and FinTech contexts to enhance
relevance and comprehension. Each construct was clearly defined: the comprehensiveness
of the business model captures strategic alighment and operational completeness; the
physical data model represents the technical infrastructure for data storage and retrieval
optimisation; the decision-making speed was used to mediate the relationship between the
dependent and independent variable and business performance encompasses market
penetration, revenue growth, operational efficiency, innovation potential, and customer
satisfaction.
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The target population comprised organisational respondents who possessed adequate
knowledge of their firm's business model architecture, data infrastructure, and decision-
making processes to furnish educated self-report data on all four constructs. The target
population consisted of organisational respondents who possessed adequate knowledge of
their firm's business model architecture, data infrastructure, and decision-making processes
to furnish educated self-report data on all four constructs. Primary data were acquired using a
structured, closed-ended questionnaire delivered to 495 respondents selected through a
combination of stratified and convenience sampling. Stratified sampling guaranteed
representation across organisational sizes, ages, and subsectors within the Nigerian EdTech
and FinTech sectors. In contrast, convenience sampling facilitated access to relevant
practitioners in business intelligence and data analytics roles. The sample size was deemed
appropriate, providing adequate statistical power for the complex analyses performed,
ensuring the robustness and stability of the model results. Descriptive statistics confirmed
that there were no missing values among the 16 indicators, and the sample had sufficient
statistical power for PLS-SEM estimation, including five structural paths and four reflective
constructs (Hair et al., 2019).

The structured questionnaire captured the demographic profile of respondents, and the study
constructs were used using reflective measurement models. Each construct was measured
using 4 indicators, all yielding a total of 16 items. All items were anchored on a 5-point Likert
scale, ranging from 1 (strongly disagree) to 5 (strongly agree). Items ranged from 2.88 to 2.94,
with standard deviations approximating unity across all indicators, indicating adequate
distributional variability. Skewness (-0.053 t0 0.111) and excess kurtosis (-0.714 to -0.465) with
values within the +2.0 thresholds acceptable for PLS-SEM analysis. Convergent validity was
assessed for all constructs, with outer loadings ranging from 0.906 to 0.928 and average
variance extracted (AVE) values ranging from 0.838 to 0.857. Internal consistency and
reliability were assessed for all constructs using the Cronbach’s alpha coefficients, which fall
between 0.936 and 0.944, and composite reliability values between 0.954 and 0.960.
Discriminant Validity was confirmed through the HTMT with all values below the conservative
0.85 threshold and corroborated by the Fornell-Larcker criterion. Data analysis was carried
out using the Partial Least Square Structural Equation Modelling (PLS-SEM) with 5000 sub-
sample bootstrapping, Bias-Corrected and accelerated (BCa) confidence intervals,
PLSpredict cross-validated predictive assessment, and Cross-Validated Predictive Ability
(CVPAT) using SmartPLS 4, chosen for its potential to simultaneously evaluate measurement
models (validating how well survey items represent latent components) and structural models
(testing theoretical causal links) (Al-MSloum, 2021; Hair Jr et al.,, 2021). These rigorous
analytical methods ensured both instrument reliability and the validity of inferences generated
from the structural model (Al-MSloum, 2021). Research ethics were properly adhered to
throughout the investigation. Participation was voluntary, and informed consent was obtained
from all responders. Anonymity and confidentiality were maintained through the de-
identification of survey data and secure data management practices, thereby ensuring
research integrity and reliability.

Results

The Demographic Profile of Respondents

Table 1 provides the demographic profile of the 495 respondents engaged in the study.
Regarding gender, the sample was roughly balanced, with males accounting for 52.32 percent
(259) and females representing 47.68 percent (236) of respondents. In terms of age
distribution, the majority fell within the 26-30 years category (44.04 percent), followed by
similar numbers in the 22-25 and 31+ age categories, each constituting 23.84 percent. The
smallest age group was 18-21 years, comprising 8.28 percent of participants.
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Table 1
Demographic Profile of Respondents

Demography Count %
Gender

Female 236 47.68

Male 259 52.32
Age (year)

18-21 41 8.28

22-25 118 23.84

26-30 218 44.04

31+ 118 23.84
Qualification

Bachelor’s Degree 326 65.86

Master's Degree 147 29.70

Doctoral Degree 22 4.44
Sector

EdTech 255 51.52

FinTech 240 48.48
Length of Employment

<1year 78 15.76

1-2 years 229 46.26

>2 years 188 37.98
Grand Total 495 100.00%

Educational qualification data reflect a predominantly well-educated group, with 65.86
percent holding a bachelor’s degree, 29.70 percent carrying a master’s degree, and 4.44%
having doctoral degrees. The sectoral representation was virtually evenly split between EdTech
(51.52 percent) and FinTech (48.48 percent) respondents.

Regarding length of employment, the largest group claimed 1-2 years of experience (46.26
percent), followed by those with more than 2 years (37.98 percent), and the smallest group
consisted of respondents with less than one year of employment (15.76 percent).

Overall, Table 1 presents a diversified and representative sample in terms of gender, age,
education, sector, and experience, giving a sound foundation for the forthcoming analyses.
This demographic distribution matches nicely with the study’s focus on professionals
functioning within Nigerian EdTech and FinTech businesses.

Descriptive and Normality Statistics

Table 2 shows the descriptive statistics and normality statistics for all 16 indicators across the
four study constructs. Respondent perceptions are generally moderate across all constructs,
with item means closely ranging from 2.88 to 2.94 on a five-point Likert scale. The decision-
making speed items range from 2.90 to 2.93, whereas the Business Performance items vary
from 2.88 to 2.94. The Comprehensiveness of the Business Model and Physical Data Model
items are similarly grouped, with averages ranging from 2.89 to 2.93 and from 2.89 to 2.91,
respectively. This convergence of items means around the scale midpoint suggests that
respondents neither strongly endorsed nor rejected the tested constructs, producing the
distributional diversity required for a significant structural estimate. The standard deviations
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vary from 1.029 to 1.097, continuously nearing one across all indicators. This amount of
dispersion demonstrates acceptable within-construct score variability without indication of
floor or ceiling effects that would reduce inter-construct linkages in the structural model.
Regarding distributional features, all 16 indicators satisfy the normality criterion necessary for
PLS-SEM estimation. Skewness scores vary from -0.053 to 0.111, uniformly inside the
conservative £1.0 border and considerably below the liberal +2.0 criterion recommended for
large-sample survey research (Kline, 2016). Since PLS-SEM does not impose multivariate
normality assumptions, excess kurtosis values are consistently negative, ranging from -0.714
to -0.465, reflecting mildly platykurtic distributions frequently seen in symmetric Likert-based
organisational surveys and posing no practical concern (Hair et al., 2019).

Table 2
Descriptive and Normality Statistics
Construct Item Min Max Mean Star.1dai1rd Exces§ Skewness
Deviation kurtosis
CB CB1 1 5 2.93 1.057 -0.585 0.067
CB2 1 5 2.92 1.045 -0.516 0.111
CB3 1 5 2.92 1.061 -0.603 0.058
CB4 1 5 2.92 1.078 -0.629 -0.008
PD PD1 1 5 2.89 1.070 -0.606 0.069
PD2 1 5 2.91 1.097 -0.714 -0.023
PD3 1 5 2.91 1.089 -0.625 0.062
PD4 1 5 2.89 1.045 -0.559 0.037
DDMS DDMS1 1 5 2.90 1.045 -0.465 0.053
DDMS2 1 5 2.91 1.029 -0.503 -0.007
DDMS3 1 5 2.92 1.071 -0.666 0.015
DDMS4 1 5 2.93 1.064 -0.550 0.097
BP BP1 1 5 2.94 1.065 -0.680 0.040
BP2 1 5 2.90 1.075 -0.665 0.037
BP3 1 5 2.88 1.056 -0.586 0.003
BP4 1 5 2.90 1.075 -0.662 -0.053

Table 3 shows the result of the convergent validity and internal consistency reliability for all
four reflective constructs in the measuring model. The findings demonstrate that the
measurement model satisfies all known requirements for indicator reliability, convergent
validity, and internal consistency across every concept. All outside loadings exceed the
acceptable level of 0.708, ranging from 0.906 to 0.928. Strong indicator-construct alignment is
confirmed by the consistently high and closely grouped loadings within each construct, which
also offer solid proof of indicator dependability across the measurement model.

Convergent validity is established through AVE values ranging from 0.838 to 0.857, all
substantially exceeding the 0.50 requirement given by Fornell and Larcker (1981). These
numbers show that each concept explains substantially more variance in its own indicators
than is attributed to measurement error. Given their crucial mediating and outcome roles in
the structural model, the AVE values for Decision-Making Speed (0.838) and Business
Performance (0.848) are particularly significant. Weaker convergent validity would run the risk
of attenuating path coefficient estimates and suppressing R®values.
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Convergent validity is established by AVE values ranging from 0.838 to 0.857, all substantially
exceeding the 0.50 threshold set by Fornell and Larcker (1981). These numbers show that each
concept explains substantially more variance in its own indicators than is attributed to
measurement error. Given their crucial mediating and outcome roles in the structural model,
the AVE values for Decision-Making Speed (0.838) and Business Performance (0.848) are
particularly significant. Weaker convergent validity could attenuate path coefficient estimates
and suppress R®values.

Internal consistency dependability is uniformly robust across all constructs. Cronbach's alpha
values range from 0.936 to 0.944, significantly over the 0.70 minimum (Nunnally, 1978).
Dijkstra-Henseler's rho_a, which, unlike alpha, does not assume equal indicator weights and
is therefore the more appropriate reliability estimator in PLS-SEM, mirrors these values
precisely at 0.936 to 0.944, confirming that the high alpha coefficients reflect genuine
construct-level reliability rather than inter-item covariance inflation. Composite reliability
(rho_c) values vary from 0.954 to 0.960, providing the most theoretically justifiable reliability
estimates in this context. The strong consistency among all three reliability indices across all
constructs is a feature of well-specified reflecting measurement models.

Table 4
Discriminant Validity: Heterotrait-Monotrait Ratio Statistics (HTMT)

Construct CB PD DDMS BP
CB
PD
DDMS
BP

Table 4 displays the result of the discriminant validity using the Heterotrait-Monotrait Ratio of
correlations (HTMT). The HTMT criterion assesses the empirical distinctiveness of constructs
by comparing between-construct correlations with within-construct correlations. Values
below the conservative threshold of 0.85 confirm that constructs are sufficiently diverse to be
classified as discrete empirical entities (Henseler et al., 2015).

All HTMT values in the proposed model fall considerably below the 0.85 criterion, showing
strong evidence of discriminant validity across all construct pairs. The lowest value is observed
between the Physical Data Model and the Comprehensiveness of the Business Model (0.478),
indicating that these two predictor constructs, while both structural antecedents of Decision-
Making Speed, describe empirically distinct organisational features. The greatest HTMT value
is observed between Decision-Making Speed and Business Performance (0.703), which is
theoretically expected given the direct causal relationship between these constructs in the
structural model. Critically, even this highest result maintains a substantial margin below the
0.85 criterion, indicating that DDMS and BP remain empirically separate constructs despite
their tight structural relationship.

The remaining HTMT values, CB&BP (0.573), PD<BP (0.682), CB&DDMS (0.597), and
PD<DDMS (0.754), are all compatible with the model's theoretical design. The PD&DDMS
score of 0.754, the second-highest in the matrix, demonstrates a strong direct connection
between these variables (B = 0.573) and is expected in correctly specified mediation models
in which the predictor and mediator share substantial common ground. Its constant
compliance with the 0.85 threshold demonstrates that discriminant validity is sustained
throughout the model.
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Table 5
Discriminant Validity: Fornell-Larcker Criterion

Construct CB PD DDMS BP
CB 0.921

PD 0.450 0.926

DDMS 0.560 0.709 0.916

BP 0.539 0.643 0.660 0.921

Note: Diagonal values are the square root of AVE, off-diagonals are correlation coefficients.

Table 5 presents the result of the discriminant validity using the Fornell-Larcker criterion, which
requires that each construct's square root of AVE exceeds its correlations with all other
constructs in the model, confirming that a construct shares more variance with its own
indicators than with any other construct (Fornell & Larcker, 1981).

The diagonal values indicating the square root of AVE for each construct are CB (0.921), PD
(0.926), DDMS (0.916), and BP (0.921). Each diagonal value exceeds all off-diagonal
correlations in its associated row and column without exception, demonstrating that the
Fornell-Larcker criterion is satisfied across all construct pairs.

The most demanding test of the criterion concerns the DDMS-BP pair, where the latent variable
correlation of 0.660 must be overcome by both the DDMS square root AVE (0.916) and the BP
square root AVE (0.921). Both exceed the correlation by a margin exceeding 0.255,
demonstrating unequivocal discriminant validity between the mediator and outcome
constructs. Similarly, both the PD square root AVE (0.926) and the DDMS square root AVE
(0.916) easily surpass the PD-DDMS correlation of 0.709, the highest off-diagonal value in the
matrix, demonstrating that these constructs are still empirically distinct despite their strong
structural relationship.

The CB-PD correlation of 0.450, the lowest off-diagonal value, further demonstrates that the
two exogenous predictor constructs occupy significantly independent empirical spaces, ruling
out construct redundancy as a driver of the structural results.

Table 6 displays the result of the summary of the hypotheses testing, all the five hypothesised
routes are statistically significant, and the model displays good explanatory and predictive
power across both endogenous constructs.

H1 Comprehensiveness of the Business Model » Decision-Making Speed (B = 0.302, t=9.492,
p <.001) is supported. The Comprehensiveness of the Business Model exerts a strong positive
effect on Decision-Making Speed, with a Cohen's f? effect size of 0.171, showing that CB
contributes significantly to the variance explained in DDMS beyond that assigned by PD. The
bias-corrected confidence interval [0.238, 0.363] is limited far above zero across all 5,000
bootstrap samples, showing the durability and robustness of this effect.

H2 Physical Data Model » Decision-Making Speed (B =0.573,t=19.230, p<.001) is supported.
PD emerges as the strongest direct predictor of DDMS in the model, with a substantial effect
size (f = 0.615) and a tight BCa confidence range [0.513, 0.630], showing high estimation
precision across bootstrap replications. This research shows the structural integrity and
accessibility of the physical data architecture as the major proximal driver of organisational
decision-making speed in this sample.
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H3 Decision-Making Speed - Business Performance (B = 0.660, t = 24.728, p < .001) is
supported. DDMS exerts the greatest single path coefficient in the structural model, explaining
43.6% of the variance in Business Performance (R*=0.436, adjusted R*= 0.435). The f* of 0.772
greatly surpasses Cohen's large-effect threshold, showing that Decision-Making Speed is not
only a statistically significant predictor but one of considerable practical importance for
organisational performance outcomes. The inner model VIF of 1.000 confirms the complete
lack of multicollinearity in this structural equation and the BCa confidence range [0.604, 0.709]
which is entirely above 0.600, establishing a strong and stable relationship.

H4 CB > DDMS ~» BP (indirect effect=0.200, t =8.550, p <.001) is supported. The indirect effect
of the Comprehensiveness of the Business Model on Business Performance, conveyed
exclusively through Decision-Making Speed, is 0.200 with a BCa confidence range of [0.154,
0.246] that eliminates zero by a reasonable margin. The non-significance of the direct CB > BP
path when DDMS is present validates full mediation, proving that business model
comprehensiveness provides performance returns only through the activation of faster, more
reliable organisational decision-making.

H5 PD » DDMS - BP (indirect effect = 0.378, t = 14.150, p < .001) is supported. The indirect
effect of the Physical Data Model on Business Performance via DDMS is 0.378, the largest
indirect effect in the model, with a BCa confidence interval of [0.326, 0.432] and a standard
deviation of 0.027, demonstrating the highest estimation precision among all indirect effects.
Full mediation is shown by the non-significance of the straight PD > BP route in the presence
of DDMS. The magnitude of this indirect effect, about double that of CB's mediated pathway,
demonstrates the compounding advantage of PD's dominant activation of DDMS and DDMS's
substantial leveraging effect on BP.

All five hypotheses were supported at the p < .001 level with BCa confidence intervals that
exclude zero in all cases, providing solid inferential evidence under the severe bias-corrected
bootstrapping criteria proposed by Hair et al. (2022) for PLS-SEM research. The structural
model jointly reveals that, whereas both CB and PD are major antecedents of decision-making
speed, PD exerts a much higher direct impact (8 = 0.573, f2= 0.615) than CB (B = 0.302, f2=
0.171). DDMS, in turn, is a powerful and statistically robust driver of business performance (B
=0.660, f2 =0.772), fully moderating the impacts of both upstream constructs. These findings
jointly reinforce the crucial significance of data infrastructure and strategic business model
design in defining the decisional capacities that support organisational performance in
Nigeria's technology-driven sectors.

Table 7

Summary of PLS-Predicts
Endogenous Items Q’predict PLS-SEM_RMSE LM_RMSE IA_RMSE
DDMSH1 0.454 0.778 1.045 1.045
DDMS2 0.490 0.736 0.737 1.030
DDMS3 0.493 0.763 0.770 1.072
DDMS4 0.475 0.772 0.781 1.065
BP1 0.355 0.857 0.859 1.066
BP2 0.376 0.851 0.855 1.077
BP3 0.360 0.846 0.848 1.077
BP4 0.375 0.851 0.854 1.077
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Table 7 presents the result of the summary of the PLSpredict, the out-of-sample predictive
validity assessment conducted using the PLSpredict approach with 10-fold cross-validation
and 10 repetitions under the direct antecedent scheme (Shmueli et al., 2019). The results
confirm that the structural model demonstrates considerable predictive relevance across all
endogenous indicators for both Decision-Making Speed (DDMS) and Business Performance
(BP).

All eight endogenous markers give positive Q’predict values, satisfying the minimum threshold
for predictive significance. DDMS indicators report Q’predict scores ranging from 0.454
(DDMS1) to 0.493 (DDMS3), showing moderate-to-high predictive accuracy at the item level.
BP indicators produce Q2predict scores from 0.355 to 0.376, demonstrating modest predictive
accuracy commensurate with BP's distal position in the causal chain. At the construct level,
DDMS achieves Q’predict = 0.571, and BP achieves Q°predict = 0.433, both substantially
above zero and confirming meaningful out-of-sample predictive potential for both endogenous
constructs.

Regarding benchmark comparisons, PLS-SEM RMSE values are consistently lower than both
the linear model (LM) benchmark and the indicator average (I1A) benchmark across all eight
indicators without exception. For DDMS, PLS-SEM RMSE ranges from 0.736 to 0.773 against
LM RMSE values of 0.737 to 0.781, and IA RMSE values of 1.030 to 1.072. For BP, PLS-SEM
RMSE ranges from 0.846 to 0.857 against LM RMSE values of 0.848 to 0.859, and IA RMSE
values of 1.057 to 1.077. The universal directional dominance of PLS-SEM over both
benchmarks across all indicators demonstrates that the theoretically justified structural
specification yields more accurate holdout predictions than both an atheoretical linear
alternative and a naive averaging technique.

CVPAT data further substantiate these conclusions. The overall PLS-SEM model achieves a
statistically significant average loss advantage over the indicator average benchmark (loss
difference = -0.475,t=11.352, p <.001) and over the linear model benchmark (t=11.352, p <
.001), confirming at the formal inferential level that the model's predictive superiority is not a
sampling artefact. Collectively, the PLSpredict and CVPAT results indicate that the proposed
model is not simply explanatory but possesses true out-of-sample predictive validity,
confirming its practical usefulness outside the estimation sample.

CB1
DDMS1 DDMS2 DDMS3 DDMS4
B2
CB3 BP1
. 9.492
cBa BP2
24728
_ \ BP3
19230 DDMS BP
- BP4
PD3
PD4
Figure 2

PLS-Path Model
Note: CB = Comprehensiveness of the Business Model, PD= Physical Data Model, DDMS = Decision
Making Speed, and BP = Business Performance
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Discussion of Findings

This study evaluated the interrelationships between comprehensiveness of the business
model, Physical model, decision-making speed, and business performance in Nigeria's
EdTech and FinTech sectors, underpinned by the Resource-Based View (RBV) and Technology-
Organisation-Environment (TOE) theories. Drawing on the results of the cross-sectional
sample of 495 respondents and evaluated through PLS-SEM with 5000 sub-sample
bootstrapping, the findings provide coherent and empirically robust insights into business
model architecture and data infrastructure translate into organisational performance through
the mechanism of decision-making speed.

H1: Comprehensiveness of the business model has significant positive effect on decision-
making speed in Nigerian EdTech and FinTech business.

The conclusion that CB strongly predicts DDMS (B = 0.302, t = 9.492, p < .001, 2 =0.171)
demonstrates that businesses with well-articulated, internally consistent business model
architectures are structurally better positioned to make faster and more reliable decisions. A
complete business model lowers the cognitive and structural ambiguity thatimpedes decision
cycles by giving decision-makers clear goals, trade-off criteria, and performance indications
against which incoming data can be swiftly analysed and acted upon. The medium Cohen's f2
of 0.171, underscores CB not as a peripheral organisational attribute but as a basic driver of
choice agility. This finding coincides with the resource-based view, which positions internally
produced organisational resources, including business model architecture, as distinctive
skills that promote responsiveness and competitive agility (Barney, 1991). It also confirms
evidence that strategy clarity is a crucial enabler of efficient business intelligence and rapid
managerial action (Alam & Mohanty, 2022).

H2: Physical data model has significant positive effect on decision-making speed in Nigerian
EdTech and FinTech business.

PD emerges as the major proximal predictor of DDMS in this model (B = 0.573, t =19.230, p <
.001, f*=0.61 5), carrying a path coefficient nearly double that of CB and the highest t-statistic
among all direct effects. This research confirms that the structural integrity, schema
coherence, and decision-relevant accessibility of an organisation's physical data architecture
are the most powerful technical drivers of decision-making speed. A high-fidelity physical data
model reduces the fragmentation, delay, and inconsistency that form the key obstacles to
evidence-based organisational decisions. The tight BCa confidence interval [0.513, 0.630]
demonstrates the precision and replicability of this effect over bootstrap replications. This
result is consistent with the Technology-Organisation-Environment (TOE) framework's
emphasis on technological sophistication as a structural enabler of organisational processes
and outcomes (Abdulrazaq et al., 2023; Potas et al.,, 2019b; Solomon et al., 2025) and
corroborates evidence that streamlined data infrastructure and effective retrieval systems
materially accelerate organisational decision processes (Ravi & Radhakrishna, 2024).

H3: Decision-making speed has significant positive effect on business performance in
Nigerian EdTech and FinTech business.

The finding that DDMS significantly predicts BP (8 = 0.660, t = 24.728, p < .001, #=0.772,R*=
0.436) represents the strongest single structural path in the model and validates a
foundational proposition in management and operations research: organisations that process
information rapidly and respond decisively consistently outperform those burdened by
decision latency. The f* 0f 0.772 greatly exceeds Cohen's large-effect threshold, demonstrating
that DDMS is not just statistically significant but practically crucial, accounting for 43.6% of
the variance in business performance. Faster decision-making promotes market
responsiveness, optimises resource allocation, and improves operational effectiveness,
transforming decision efficiency into measurable performance improvements (Desai & Desai,
2025; Solomon et al., 2025). This aligns with the RBV's conceptualisation of decision-making
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competence as a strategic resource that creates sustainable competitive advantage (Barney,
1991; Kushwaha et al., 2021).

H4: Decision-making speed mediates the relationship between the comprehensiveness of the
business model and business performance.

The indirect effect of CB on BP via DDMS is significant (indirect effect = 0.200, t = 8.550, p <
.001, 95% BCa CI [0.151, 0.246]), with full mediation corroborated by the non-significance of
the direct CB » BP path when DDMS is present in the model. This research indicates that the
comprehensiveness of the business model does not provide performance returns
independently; its value is realised entirely through its activation of decision-making speed.
Business model architecture offers the interpretive logic that organises how data is given
decision relevance, butitis the speed and quality of the ensuing judgements that translate that
logic into organisational performance outcomes. This is consistent with dynamic capacity
theory's premise that strategic resources generate competitive value not via their possession
alone, but through the organisational mechanisms they permit (Teece et al., 1997). The whole
mediation pattern further implies that CB investments without commensurate DDMS
development are performance-neutral, a result with obvious consequences for how
organisations sequence and evaluate strategic investments.

H5: Decision-making speed mediates the relationship between the physical data model and
business performance.

The indirect effect of PD on BP through DDMS is the biggest in the model (indirect effect =
0.378,t=14.150, p <.001,95% BCa CI[0.326, 0.432]), and full mediation is verified by the non-
significance of the direct PD > BP path in the presence of DDMS. This research proves that
physical data infrastructure does not independently generate business performance; its
performance value is solely predicated on its potential to expedite organisational decision-
making. The magnitude of the indirect effect, approximately double that of CB's mediated
pathway, represents the compounding advantage of PD's dominant activation of DDMS (B =
0.573) paired with DDMS's substantial leveraging effect on BP (B = 0.660). Organisations that
invest extensively in data architecture without simultaneously creating the decision-making
systems that convert data into action will not get the performance rewards that infrastructure
investment theoretically offers. This conclusion validates TOE's framing of technology
preparedness as a prerequisite for, rather than an independent driver of, organisational
performance (Abdulrazaq et al., 2023; Potas et al., 2019).

The predictive assessment using PLSpredict reveals that the model exhibits meaningful out-
of-sample predictive significance for both endogenous constructs. Decision-Making Speed
scores szredict = 0.571, demonstrating moderate-to-high predictive accuracy, while
Business Performance achieves szredict = 0.433, confirming moderate predictive relevance.
PLS-SEM exceeds both the linear model and naive indicator average benchmarks across all 8
indicators, and CVPAT supports overall model predictive superiority (average loss difference =
-0.475, t = 11.352, p < .001). This expands the study's contribution beyond explanation to
prediction, proving that the suggested framework is not only theoretically sound but also
practically deployable for anticipating organisational performance outcomes in data-driven
environments.

Collectively, the findings trace an empirically validated causal chain: the comprehensiveness
of the business model and the physical data model are complementary and structurally
independent antecedents of decision-making speed, which in turn is the sole performance-
generating mechanism in the model. Neither CB nor PD produces direct performance returns;
both functions completely through DDMS. This positions decision-making speed as the critical
conversion point at which strategic and infrastructural investments are translated into
organisational outcomes and reinforces the central argument of this study: in data-intensive
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competitive environments, it is not the quality of the business model or the fidelity of the data
architecture alone that determines performance; it is the speed and intelligence of the
decisions they enable.

Implication of the Study

From a theoretical perspective, this study makes a substantial contribution to the body of
knowledge by successfully combining the Resource-Based View (RBV) and Technology-
Organisation-Environment (TOE) theories. The RBV’s focus on unique, valuable, and hard-to-
imitate organisational resources is complemented by the TOE’s emphasis on technology
readiness, organisational context, and environmental elements. This integrated approach
gives a comprehensive lens to understand how data modelling, comprehensiveness of the
business model, physical model, and decision-making speed influence business
performance, especially in dynamic and resource-constrained emerging markets (Barney,
1991; Abdulrazaq et al., 2023). The findings extend the theory by empirically confirming these
relationships in the Nigerian EdTech and FinTech industries, providing a helpful paradigm for
future research in similar contexts.

For practitioners, the results offer practical insights. Managers in Nigerian digital firms should
prioritise establishing comprehensive business models that connect closely with data
architecture to accelerate decision-making. Investments in dimensional and physical data
models to optimise data architecture and storage are major enablers of fast, informed
decisions that improve business outcomes.

Finally, the societal ramifications are extensive underlining the importance of data-driven
decision-making capabilities for operational and innovation performance, the study
emphasises how national competitiveness in technology-driven industries like EdTech and
FinTech may be improved. Given the same structural and developmental issues among
emerging countries, the study’s conclusions and model are scalable beyond Nigeria, offering
a useful foundation for increasing business intelligence and technology-enabled performance
in varied situations.

Conclusion

study investigated the influence of data modelling for business intelligence solution using the
comprehensiveness of the business model, physical model and decision-making speed on
business performance in Nigeria's EdTech and FinTech industries. Based on the
comprehensive review of relevant literature and the findings of this study, the study
underscores the significant role that data modelling plays in enhancing business performance
within Nigeria’s emerging sectors like EdTech and FinTech. This study contributes to scholarly
knowledge by experimentally confirming the integrated RBV-TOE paradigm, underlining that a
holistic strategy covering internal resources and external technical elements is vital for
organisational success. The findings suggest that a comprehensive and strategic business
model, along with effective data structure through physical models, positively improves
decision-making speed and business performance. Practically, the findings suggest that
managers and policymakers in Nigeria should focus on developing integrated data
architectures that correspond with organisational strategy and support technology
improvements. Policymakers are encouraged to invest in infrastructure and capability-building
efforts to promote digital transformation, thereby enabling enterprises to leverage the full
potential of data analytics and Al for sustainable growth. Societally, the research indicates that
digital transformation and effective data management are crucial for economic development,
financial inclusion, and competitiveness. Extending this approach to other emerging
economies can create innovations that improve public services, financial access, and
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economic resilience. Hence, this study presents a strong framework for understanding how
data modelling and technology capabilities contribute to corporate performance in digital
economies.

Recommendations

Based on the findings of this study, the following recommendations were made. Managers
should focus on establishing precise and well-alighed business models that incorporate
several data modelling phases to boost decision-making speed. A cohesive business strategy
connected with data architecture is crucial for organisational agility and competitive
performance. Given their enormous impact on decision-making speed, enterprises should
invest in robust dimensional and physical data models. These efforts involve refining data
organisation and upgrading infrastructure for quick data retrieval and processing.

To ensure relevance and accuracy, data models should be regularly examined and modified
based on increasing business demands and technology improvements. Incorporating new
data sources and modifying the models accordingly will ensure they give timely and useful
insights. Organisations could support technological preparedness by enhancing
infrastructure, training people in data management, and implementing scalable IT solutions.
Mature technical skills offer speedier decision-making and better business outcomes.

Managers and policymakers should adopt an integrated strategy integrating the Resource-
Based View and TOE frameworks to strategically drive resource allocation, technology uptake,
and capability development for sustainable competitive advantage. Successful data
modelling needs collaboration across IT, business, and management departments.
Establishing cross-functional teams ensures that data strategies correspond with corporate
objectives and user expectations. Policymakers should support investments in digital
infrastructure and allow capability-building programmes targeting new industries like EdTech
and FinTech to boost their growth and performance.
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