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Abstract

Small and medium-sized enterprises (SMEs) in the manufacturing sector have faced increasing pressure
to innovate while managing limited resources and capabilities. Business intelligence (BI) systems have
promised to enhance innovation performance, yet the mechanisms through which Bl capabilities have
translated into innovation outcomes have remained underexplored. This study has investigated whether
and how BI capabilities have influenced innovation performance in manufacturing SMEs, with particular
attention to the mediating role of knowledge management (KM) capability and the moderating role of
data-driven decision making (DDDM). It has employed a cross-sectional survey design targeting
manufacturing SMEs. Data have been collected from 430 firms across diverse manufacturing
subsectors. Measurement instruments have been adapted from validated scales covering Bl capabilities
(data capture, analytics, and interpretation), KM capability (knowledge sharing and absorptive capacity),
innovation performance (product and process innovation), and DDDM culture. Data have been analysed
using structural equation modelling (SEM) with AMOS 26.0, including tests for mediation and moderated
mediation effects through bootstrapping procedures (5,000 resamples). The structural model has
demonstrated excellent fit (x2/df = 2.14, CFI = 0.96, TLI = 0.95, RMSEA = 0.052, SRMR = 0.041). BI
capabilities have positively influenced innovation performance both directly (B = 0.28, p < 0.001) and
indirectly through KM capability (indirect effect = 0.19, 95% CI [0.14, 0.25]). KM capability has fully
mediated the Bl-innovation relationship, accounting for 40.4% of the total effect. DDDM has significantly
moderated the KM—innovation path (8 =0.16, p <0.01), such that the positive effect of KM on innovation
has been stronger in firms with higher DDDM culture. The moderated mediation index has been
significant (index = 0.08, 95% CI [0.03, 0.14]), confirming that DDDM has amplified the indirect effect of Bl
on innovation through KM. This study has provided robust empirical evidence that Bl capabilities have
enhanced innovation performance in manufacturing SMEs primarily through knowledge management
mechanisms. The findings have underscored the strategic importance of developing both B
infrastructure and KM practices, while cultivating a data-driven decision-making culture to maximize
innovation outcomes. Theoretical contributions have included integrating resource-based view,
knowledge-based view, and dynamic capabilities theory into a unified framework, and empirically
validating the conditional indirect effect of Bl on innovation. Practical implications have suggested that
SME managers should invest in Bl systems alongside KM initiatives and foster organizational cultures
that prioritize data-driven decision making to achieve superior innovation performance.

1. Introduction

1.1 Research Background and Problem Statement

Small and medium-sized enterprises (SMEs) have constituted the backbone of manufacturing
economies worldwide, contributing significantly to employment, GDP, and industrial innovation. However,
manufacturing SMEs have operated in increasingly turbulent environments characterized by rapid
technological change, global competition, and evolving customer demands. Innovation—the
development and implementation of new products, processes, and business models—has become
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essential for SME survival and competitiveness. Yet, SMEs have faced distinctive challenges in pursuing
innovation: resource constraints, limited access to advanced technologies, skill shortages, and
organizational rigidities [1], [2], [3].

In recent years, business intelligence (Bl) systems have emerged as a promising solution to enhance
SME innovation capabilities. Bl encompasses technologies, applications, and practices for the collection,
integration, analysis, and presentation of business information [4], [5]. By transforming raw data into
actionable insights, Bl has enabled firms to identify market opportunities, optimize processes, and make
informed strategic decisions [6], [7]. Proponents have argued that Bl capabilities can democratize
access to data-driven insights, levelling the playing field for resource-constrained SMEs [8], [9].

Despite the growing adoption of Bl systems in SMEs, empirical evidence on their innovation impact has
remained fragmented and inconclusive. Some studies have reported positive associations between Bl
adoption and innovation outcomes [10], [11], [12], while others have found weak or non-significant
effects [13], [14]. This inconsistency has suggested that the Bl-innovation relationship may be more
complex than a simple direct effect, potentially involving mediating mechanisms and boundary
conditions that have not been adequately examined [15], [16].

Two critical gaps have emerged in the literature. First, the mechanisms through which Bl capabilities
have translated into innovation performance have remained underexplored. The resource-based view
(RBV) and knowledge-based view (KBV) have suggested that IT capabilities such as Bl have influenced
performance primarily through their effects on organizational knowledge processes [17], [18], [19].
Knowledge management (KM) capability—the firm's ability to create, share, and apply knowledge—has
been proposed as a key mediator, yet empirical tests of this mediation in the Bl-innovation context have
been scarce, particularly in manufacturing SMEs [20], [21], [22].

Second, the conditions under which Bl capabilities have been most effective for innovation have
remained unclear. Contingency theory has posited that the value of IT investments has depended on
organizational and environmental factors [23], [24]. Data-driven decision making (DDDM)—the extent to
which firms have relied on data and analytics in their decision processes—has been identified as a
potentially important moderator [25], [26], [27]. However, empirical evidence on the moderating role of
DDDM in the BI-KM-innovation chain has been limited, leaving managers without clear guidance on
how to maximize the innovation returns from Bl investments [28], [29].

This study has addressed these gaps by investigating the direct and indirect effects of Bl capabilities on
innovation performance in manufacturing SMEs, with a focus on the mediating role of KM capability and
the moderating role of DDDM culture. Specifically, it has examined: (1) whether Bl capabilities have
directly influenced innovation performance; (2) whether KM capability has mediated this relationship;
and (3) whether DDDM culture has moderated the strength of the mediated pathway. By integrating RBY,
KBV, and dynamic capabilities theory, this research has contributed to a more nuanced understanding of
how and when Bl systems have enhanced innovation in resource-constrained manufacturing SMEs.
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1.2 Research Objectives and Questions

The primary objective of this study has been to examine the mechanisms and boundary conditions
through which business intelligence capabilities have influenced innovation performance in
manufacturing SMEs. To achieve this objective, it has addressed the following research questions:

RQ1
To what extent have Bl capabilities directly influenced innovation performance in manufacturing SMEs?
RQ2

Has knowledge management capability mediated the relationship between Bl capabilities and innovation
performance?

RQ3

Has data-driven decision-making culture moderated the mediated relationship between Bl capabilities
and innovation performance through KM capability?

These questions have been grounded in theoretical frameworks that have emphasized the role of
knowledge processes and organizational culture in translating IT capabilities into performance
outcomes [30], [31], [32].

1.3 Significance and Contributions

This research has made several important contributions to theory and practice. Theoretically, it has
integrated three complementary perspectives—resource-based view, knowledge-based view, and
dynamic capabilities theory—to develop and test a comprehensive model of Bl-enabled innovation in
SMEs [33], [34], [35]. By empirically validating the mediating role of KM capability and the moderating
role of DDDM culture, this study has advanced understanding of the mechanisms and contingencies that
have governed the Bl-innovation relationship [36], [37].

Methodologically, this research has employed rigorous structural equation modeling techniques,
including bootstrapped tests of mediation and moderated mediation, to provide robust evidence on
complex indirect effects [38], [39]. The use of validated multi-item scales and a substantial sample of
430 manufacturing SMEs has enhanced the reliability and generalizability of the findings [40], [41].

Practically, the findings have offered actionable insights for SME managers and policymakers. By
demonstrating that Bl capabilities have enhanced innovation primarily through knowledge management
mechanisms, and that this effect has been amplified in firms with strong DDDM cultures, the study has
provided clear guidance on how to design and implement Bl initiatives to maximize innovation outcomes
[42], [43]. The results have suggested that investments in Bl infrastructure should be accompanied by

Page 4/43



complementary investments in KM practices and efforts to cultivate data-driven organizational cultures
[44], [45].

1.4. Structure of the Article

The remainder of this article has been organized as follows. Section 2 has reviewed the theoretical
foundations and empirical literature on Bl capabilities, knowledge management, innovation performance,
and data-driven decision making, and has developed research hypotheses. Section 3 described the
research methodology, including sample, measures, data collection procedures, and analytical
techniques. Section 4 has presented the results of measurement and structural models, including tests
of mediation and moderated mediation. Section 5 has discussed the findings in relation to prior
research, theoretical implications, practical implications, limitations, and directions for future research.
Section 6 has concluded the article with a summary of key contributions and recommendations.

2. Theoretical Background and Hypotheses Development

2.1. Theoretical Foundations

2.1.1. Resource-Based View and IT Capabilities

The resource-based view (RBV) has provided a foundational framework for understanding how firms
have achieved competitive advantage through the development and deployment of valuable, rare,
inimitable, and non-substitutable (VRIN) resources [46], [47]. In the context of information technology,
the RBV has been extended to explain how IT capabilities—defined as the firm's ability to mobilize and
deploy IT-based resources in combination with other organizational resources—have contributed to
performance outcomes [48], [49].

Business intelligence capabilities have represented a specific type of IT capability that has
encompassed technical infrastructure (hardware, software, data warehouses), human skills (data
analysts, business users), and organizational processes (data governance, analytics routines) [50], [51].
Research has shown that Bl capabilities have been valuable because they have enabled firms to sense
environmental changes, make informed decisions, and reconfigure resources in response to market
dynamics [52], [53]. However, the RBV has also recognized that IT capabilities alone have been
insufficient for sustained competitive advantage; their value has depended on complementary
organizational capabilities and contextual factors [54], [55].

2.1.2. Knowledge-Based View

The knowledge-based view (KBV) has extended the RBV by positioning knowledge as the most
strategically significant resource of the firm [56], [57]. According to the KBV, firms have existed primarily
to create, transfer, and apply knowledge, and their competitive advantage has derived from superior
knowledge management capabilities [58], [59]. Knowledge management has encompassed processes of
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knowledge creation, storage, sharing, and application, as well as the organizational routines and cultures
that have supported these processes [60], [61].

In the context of Bl and innovation, the KBV has suggested that Bl systems have generated value not
merely by providing data and reports, but by enabling knowledge processes that have transformed
information into actionable insights and innovative solutions [62], [63]. Specifically, Bl capabilities have
supported knowledge creation by revealing patterns and trends in data, have facilitated knowledge
sharing by making insights accessible across the organization, and have enhanced knowledge
application by informing decision-making and problem-solving [64], [65]. Thus, the KBV has provided a
theoretical rationale for expecting KM capability to mediate the relationship between Bl capabilities and
innovation performance [66], [67].

2.1.3. Dynamic Capabilities Theory

Dynamic capabilities theory has focused on how firms have sensed opportunities and threats, seized
opportunities through resource reconfiguration, and transformed their resource base to maintain
competitive advantage in changing environments [68], [69]. Dynamic capabilities have been particularly
relevant for understanding innovation, which has required firms to continuously adapt and renew their
products, processes, and business models [70], [71].

Bl capabilities have been conceptualized as a type of dynamic capability that has enabled sensing
(through data collection and analysis), seizing (through insight-driven decision making), and
transforming (through process optimization and innovation) [72], [73]. However, dynamic capabilities
theory has also emphasized that the effectiveness of these capabilities has depended on organizational
learning, experimentation, and the ability to integrate knowledge across functional boundaries [74], [75].
This perspective has underscored the importance of knowledge management as a mechanism through
which BI capabilities have been translated into innovation outcomes, and has highlighted the potential
moderating role of organizational factors such as data-driven decision making culture [76], [77].

2.2. Business Intelligence Capabilities and Innovation
Performance

Business intelligence capabilities have referred to the firm's ability to collect, integrate, analyze, and
disseminate data to support decision-making and strategic action [78], [79]. In manufacturing SMEs, BI
capabilities have typically encompassed three core dimensions: data capture (the ability to gather
relevant data from internal and external sources), analytics (the ability to process and analyze data using
statistical and computational techniques), and interpretation (the ability to translate analytical results
into actionable insights) [80], [81].

Empirical research has provided substantial evidence that Bl capabilities have positively influenced
innovation performance. Studies have shown that Bl systems have enabled firms to identify emerging
customer needs, monitor competitor activities, detect technological trends, and optimize product
development processes [82], [83], [84]. For example, research on manufacturing SMEs has found that
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firms with advanced Bl capabilities have been more likely to introduce new products, improve production
processes, and adopt innovative business models [85], [86].

Several mechanisms have been proposed to explain the Bl-innovation link. First, Bl capabilities have
enhanced environmental scanning and market intelligence, enabling firms to identify innovation
opportunities and threats more effectively [87], [88]. Second, Bl systems have supported experimentation
and learning by providing rapid feedback on the performance of new products and processes [89], [90].
Third, Bl capabilities have facilitated cross-functional collaboration by making data and insights
accessible to diverse stakeholders, thereby fostering collective problem-solving and innovation [91], [92].

Despite this evidence, some studies have reported weak or non-significant direct effects of Bl on
innovation, suggesting that the relationship may be more complex and may involve mediating
mechanisms [93], [94]. This has motivated the examination of knowledge management capability as a
potential mediator, as discussed in the next section.

Based on the theoretical arguments and empirical evidence reviewed above, it has proposed:
H1

Business intelligence capabilities have positively influenced innovation performance in manufacturing
SMEs.

2.3. The Mediating Role of Knowledge Management
Capability

Knowledge management capability has referred to the firm's ability to create, share, integrate, and apply
knowledge to achieve organizational objectives [95], [96]. In the context of Bl and innovation, KM
capability has been conceptualized as encompassing two key dimensions: knowledge sharing (the
extent to which employees have exchanged information and insights across organizational boundaries)
and absorptive capacity (the firm's ability to recognize, assimilate, and apply external knowledge) [97],
[98].

Theoretical and empirical work has suggested that KM capability has mediated the relationship between
Bl capabilities and innovation performance through several pathways. First, Bl systems have generated
large volumes of data and analytical outputs, but these have had limited value unless they have been
effectively shared and integrated across the organization [99], [100]. Knowledge sharing processes have
enabled insights from Bl systems to reach decision-makers and operational personnel who have been
able to act on them, thereby translating data into innovative actions [101], [102].

Second, Bl capabilities have enhanced absorptive capacity by providing tools and processes for
scanning the external environment, identifying relevant knowledge, and integrating it with internal
knowledge [103], [104]. Firms with strong absorptive capacity have been better able to leverage BI-
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generated insights to recognize innovation opportunities, assimilate new technologies, and recombine
knowledge in novel ways [105], [106].

Empirical studies have provided support for the mediating role of KM capability. Research on
manufacturing firms has found that the effect of Bl system quality on innovation performance has been
fully mediated by knowledge sharing and absorptive capacity [107]. Similarly, studies of big data
analytics capabilities have shown that their impact on innovation has been transmitted through
knowledge management processes and organizational learning [108], [109]. In SME contexts, evidence
has indicated that KM capability has been a critical mechanism through which IT capabilities have been
translated into innovation outcomes, particularly in resource-constrained environments where effective
knowledge processes have compensated for limited financial and human resources [110], [111].

Based on these arguments, it has proposed:
H2

Knowledge management capability has mediated the relationship between business intelligence
capabilities and innovation performance in manufacturing SMEs.

2.4. The Moderating Role of Data-Driven Decision Making

Data-driven decision making (DDDM) has referred to the extent to which organizational decisions have
been based on data and analytical evidence rather than intuition, experience, or hierarchical authority
[112], [113]. DDDM culture has encompassed organizational norms, values, and practices that have
encouraged the use of data in decision processes, rewarded evidence-based reasoning, and provided
training and support for data literacy [114], [115].

Contingency theory has suggested that the effectiveness of IT capabilities has depended on the
organizational context in which they have been deployed [116], [117]. In the case of Bl and innovation,
DDDM culture has been proposed as a key contextual factor that has moderated the strength of the
relationships in the BI-KM—-innovation chain [118], [119]. Specifically, when argued that DDDM culture
has moderated the relationship between KM capability and innovation performance.

The theoretical rationale for this moderation has been as follows. Knowledge management processes
have generated insights and learning that have had the potential to inform innovation, but the realization
of this potential has depended on whether decision-makers have actually used these insights in their
innovation-related decisions [120], [121]. In organizations with strong DDDM cultures, knowledge
generated through Bl-enabled KM processes has been more likely to be incorporated into innovation
decisions, leading to more effective and successful innovation outcomes [122], [123]. Conversely, in
organizations with weak DDDM cultures, valuable knowledge has been more likely to be ignored or
underutilized, attenuating the KM—innovation relationship [124], [125].
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Empirical evidence on the moderating role of DDDM has been emerging but has remained limited in the
specific context of Bl, KM, and innovation in SMEs. Studies in related domains have found that data-
driven culture has amplified the performance effects of analytics capabilities [126], [127]. Research on
decision-making effectiveness has shown that the benefits of knowledge management have been
greater in organizations that have valued and used data in their decision processes [128], [129]. However,
direct tests of DDDM as a moderator of the KM—innovation relationship in manufacturing SMEs have
been scarce, representing a gap that this study has addressed.

Based on these considerations, it has proposed:
H3

Data-driven decision-making culture has moderated the relationship between knowledge management
capability and innovation performance, such that the positive effect has been stronger in firms with
higher DDDM culture.

2.5. Moderated Mediation: The Conditional Indirect Effect

Integrating the mediation and moderation hypotheses, it has proposed a moderated mediation model in
which the indirect effect of Bl capabilities on innovation performance through KM capability has been
conditional on the level of DDDM culture [130], [131]. This model has captured the idea that BI
capabilities have enhanced innovation primarily through their effects on knowledge management, and
that this indirect pathway has been amplified in organizations with strong data-driven decision-making
cultures [132], [133].

Formally, moderated mediation has occurred when the strength of the mediated relationship (Bl - KM
— innovation) has varied as a function of a moderator variable (DDDM) [134], [135]. In our model, DDDM
has moderated the second stage of the mediation (KM — innovation), such that the indirect effect of Bl
on innovation through KM has been stronger at higher levels of DDDM [136], [137].

This moderated mediation hypothesis has been theoretically grounded in the integration of RBV, KBV,
and contingency theory. The RBV has suggested that Bl capabilities have been valuable resources; the
KBV has indicated that their value has been realized through knowledge processes; and contingency
theory has posited that the effectiveness of these processes has depended on the organizational
context, specifically the DDDM culture [138], [139], [140].

Based on this integrated theoretical framework, it has proposed:
H4

The indirect effect of business intelligence capabilities on innovation performance through knowledge
management capability has been moderated by data-driven decision making culture, such that the
indirect effect has been stronger in firms with higher DDDM culture (moderated mediation).
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2.6. Conceptual Research Model

Figure 1 has presented the conceptual research model integrating the hypothesized relationships. The
model has depicted Bl capabilities as the independent variable, innovation performance as the
dependent variable, KM capability as the mediator, and DDDM culture as the moderator of the KM—
innovation relationship. The model has also shown the direct effect of Bl capabilities on innovation
performance (H1), the mediated effect through KM capability (H2), the moderation of the KM—-innovation
path by DDDM (H3), and the overall moderated mediation effect (H4).

3. Research Methodology
3.1. Research Design and Philosophical Approach

This study has employed a quantitative, cross-sectional survey design to test the hypothesized
relationships among Bl capabilities, KM capability, DDDM culture, and innovation performance in
manufacturing SMEs. The cross-sectional design has been appropriate for examining associations
among constructs at a single point in time and has been widely used in research on IT capabilities and
organizational performance [141], [142].

The research has been grounded in a post-positivist philosophical stance, which has assumed that
social phenomena can be studied systematically through empirical observation and measurement, while
acknowledging that perfect objectivity has been unattainable and that theories have been probabilistic
rather than deterministic [143], [144]. This stance has been consistent with the use of survey methods
and statistical hypothesis testing to develop generalizable knowledge about the relationships among
constructs [145], [146].

3.2. Population and Sampling

The target population for this study has consisted of manufacturing SMEs. Following the European
Commission definition, SMEs have been defined as firms with fewer than 250 employees and annual
turnover not exceeding €50 million or balance sheet total not exceeding €43 million [147]. The focus on
manufacturing has been justified by the sector's importance for economic development and its intensive
use of data and analytics for process optimization and product innovation [148], [149].

A stratified random sampling approach has been employed to ensure representation across different
manufacturing subsectors (e.g., food and beverages, textiles, chemicals, machinery, electronics) and
firm sizes (micro, small, and medium). The sampling frame has been constructed from a commercial
database of manufacturing firms, supplemented by industry association membership lists [150].

Sample size has been determined based on power analysis for structural equation modelling. To detect
medium effect sizes (f2 = 0.15) with 80% power at a = 0.05, and accounting for the complexity of the
moderated mediation model, a minimum sample of 350 firms has been required [38]. To allow for non-
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response and incomplete surveys, it has targeted 1,200 firms, ultimately obtaining 430 usable responses
(response rate = 35.8%).

3.3. Data Collection Procedures

Data have been collected through a structured online questionnaire administered to senior managers
(CEOs, managing directors, or heads of operations) in the sampled firms. Senior managers have been
selected as key informants because they have possessed comprehensive knowledge of their firms' Bl
capabilities, knowledge management practices, innovation activities, and organizational culture [40].

The data collection process has proceeded in several stages. First, potential respondents have been
contacted by email with an invitation to participate, explaining the purpose of the study and assuring
confidentiality. Second, non-respondents have been sent up to two reminder emails at two-week
intervals. Third, to assess non-response bias, it has compared early and late respondents on key
demographic variables and have found no significant differences, suggesting that non-response bias has
been minimal [41].

To mitigate common method bias, several procedural remedies have been implemented [39]. The
questionnaire has been designed to ensure respondent anonymity, reducing evaluation apprehension.
ltems measuring different constructs have been interspersed rather than grouped by construct, reducing
consistency motifs. The questionnaire has included both positively and negatively worded items to
minimize acquiescence bias. Additionally, it has conducted statistical tests for common method bias, as
described in Section 4.1.

3.4. Measurement Instruments

All constructs have been measured using multi-item scales adapted from validated instruments in prior
research. Items have been measured on seven-point Likert scales ranging from 1 (strongly disagree) to 7
(strongly agree), except where noted. The measurement instruments have been as follows:

3.4.1. Business Intelligence Capabilities

Bl capabilities have been measured using a 12-item scale adapted from prior research on Bl and
analytics capabilities [50], [80]. The scale has captured three dimensions: data capture (4 items, e.qg.,
"Our firm has effectively captured data from multiple internal sources"), analytics (4 items, e.g., "Our firm
has used advanced analytical techniques to analyze data"), and interpretation (4 items, e.g., "Our firm has
translated analytical results into actionable business insights"). The three dimensions have been
modelled as first-order factors loading on a second-order Bl capabilities construct.

3.4.2. Knowledge Management Capability

KM capability has been measured using a 10-item scale capturing two dimensions: knowledge sharing
(5 items, adapted from [60], e.g., "Employees in our firm have regularly shared their knowledge and
experience with colleagues") and absorptive capacity (5 items, adapted from [97], e.g., "Our firm has
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been effective at recognizing and acquiring valuable external knowledge"). The two dimensions have
been modelled as first-order factors loading on a second-order KM capability construct.

3.4.3. Innovation Performance

Innovation performance has been measured using an 8-item scale adapted from prior research on
innovation in SMEs [85], [148]. The scale has captured two dimensions: product innovation (4 items, e.g.,
"Our firm has introduced new products that have been new to the market") and process innovation (4
items, e.g., "Our firm has implemented new production processes that have significantly improved
efficiency"). The two dimensions have been modelled as first-order factors loading on a second-order
innovation performance construct.

3.4.4. Data-Driven Decision-Making Culture

DDDM culture has been measured using a 6-item scale adapted from research on data-driven
organizations [112], [126]. Sample items have included "In our firm, decisions have been based on data
and facts rather than intuition" and "Our firm has encouraged employees to use data in their daily work."
The scale has been modelled as a single-factor construct.

3.4.5. Control Variables

Several control variables have been included to account for alternative explanations of innovation
performance. Firm size has been measured by the number of employees (log-transformed). Firm age
has been measured by the number of years since establishment (log-transformed). Industry subsector
has been captured through dummy variables for major manufacturing categories. IT intensity has been
measured by the percentage of employees using computers regularly. Prior innovation performance has
been measured by asking respondents to rate their firm's innovation performance three years ago on a
seven-point scale.

3.5. Data Analysis Techniques

Data have been analyzed using structural equation modelling (SEM) with AMOS 26.0 software. SEM has
been chosen because it has allowed simultaneous estimation of measurement and structural models,
has accommodated complex relationships including mediation and moderation, and has provided
rigorous tests of model fit [38], [151].

The analysis has proceeded in several stages:

Stage 1: Preliminary Analysis. Descriptive statistics, correlations, and tests for normality, outliers, and
missing data have been conducted. Common method bias has been assessed using Harman's single-
factor test and the unmeasured latent method factor approach [39].

Stage 2: Measurement Model Assessment. Confirmatory factor analysis (CFA) has been conducted to
assess the reliability and validity of the measurement instruments. Reliability has been evaluated using
Cronbach's alpha and composite reliability (CR). Convergent validity has been assessed using average
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variance extracted (AVE). Discriminant validity has been evaluated using the Fornell-Larcker criterion and
the heterotrait-monotrait (HTMT) ratio [152].

Stage 3: Structural Model Estimation. The hypothesized structural model has been estimated, including
direct effects (H1), mediation (H2), and moderation (H3). Model fit has been evaluated using multiple
indices: chi-square/degrees of freedom ratio (x?/df < 3), comparative fit index (CFl > 0.95), Tucker-Lewis
index (TLI > 0.95), root mean square error of approximation (RMSEA < 0.06), and standardized root mean
square residual (SRMR < 0.08) [153].

Stage 4: Mediation Testing. The indirect effect of Bl capabilities on innovation performance through KM
capability has been tested using bootstrapping with 5,000 resamples and bias-corrected 95% confidence
intervals. Mediation has been supported if the confidence interval for the indirect effect has not included
zero [154].

Stage 5: Moderation Testing. The moderating effect of DDDM culture on the KM—innovation relationship
has been tested by including an interaction term (KM x DDDM) in the structural model. The interaction
has been mean-centered to reduce multicollinearity. Significant moderation has been indicated by a
significant coefficient for the interaction term [155].

Stage 6: Moderated Mediation Testing. The conditional indirect effect (moderated mediation, H4) has
been tested using the index of moderated mediation approach [134]. The index has quantified the
change in the indirect effect of Bl on innovation through KM as DDDM has increased by one unit. A
significant index (confidence interval not including zero) has indicated significant moderated mediation.
Simple slopes have been plotted to illustrate the interaction effect at low (- 1 SD), mean, and high (+ 1
SD) levels of DDDM [156].

3.6. Ethical Considerations

This research has been conducted in accordance with ethical guidelines for research involving human
participants. Ethical approval has been obtained from the institutional review board. Participation has
been voluntary, and informed consent has been obtained from all respondents. Respondents have been
assured of confidentiality and anonymity, and data have been stored securely. No deceptive practices
have been used, and respondents have been free to withdraw at any time without penalty.

4. Results
4.1. Sample Characteristics and Preliminary Analysis

The final sample has consisted of 430 manufacturing SMEs. Table 1 has presented the descriptive

characteristics of the sample. The majority of firms have been small enterprises (51.2%) with 10—-49

employees, followed by medium enterprises (32.6%) with 50—249 employees, and micro enterprises

(16.2%) with fewer than 10 employees. Firm age has ranged from 3 to 87 years, with a mean of 24.3

years (SD = 15.6). The sample has represented diverse manufacturing subsectors, with machinery and
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equipment (18.4%), food and beverages (16.5%), and chemicals and pharmaceuticals (14.2%) being the
most common.

Table 1
Sample Characteristics (N = 430)
Characteristic Category Frequency Percentage
Firm Size Micro (< 10 employees) 70 16.2%
Small (10-49 employees) 220 51.2%
Medium (50-249 employees) 140 32.6%
Firm Age <10 years 82 19.1%
10-20 years 156 36.3%
21-30 years 108 25.1%
> 30 years 84 19.5%
Industry Subsector  Food and beverages 71 16.5%
Textiles and apparel 52 12.1%
Chemicals and pharmaceuticals 61 14.2%
Plastics and rubber 38 8.8%
Machinery and equipment 79 18.4%
Electronics and electrical 56 13.0%
Automotive components 43 10.0%
Other manufacturing 30 7.0%
IT Intensity Low (< 30% employees use computers) 98 22.8%
Medium (30-60%) 187 43.5%
High (> 60%) 145 33.7%

Preliminary data screening has revealed no serious violations of normality assumptions. Skewness
values have ranged from - 0.82 to 0.91, and kurtosis values have ranged from - 0.76 to 1.24, all within
acceptable limits (|skewness| < 2, |kurtosis| < 7) [157]. Missing data have been minimal (< 2% for any
variable) and have been handled using full information maximum likelihood (FIML) estimation in AMOS
[158].

Common method bias has been assessed using two approaches. First, Harman's single-factor test has
been conducted by loading all items onto a single factor in an exploratory factor analysis. The single
factor has accounted for 34.2% of the variance, well below the 50% threshold, suggesting that common
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method bias has not been a major concern [39]. Second, a CFA model with an unmeasured latent
method factor has been estimated. The addition of the method factor has not significantly improved
model fit (Ax2 = 18.4, Adf = 24, p = 0.78), and the average method factor loading has been 0.09, further
indicating that common method bias has been minimal [159].

4.2. Measurement Model Assessment

Confirmatory factor analysis has been conducted to assess the measurement properties of the
constructs. The measurement model has included four latent constructs (Bl capabilities, KM capability,
innovation performance, and DDDM culture), with Bl capabilities, KM capability, and innovation
performance modeled as second-order constructs. The measurement model has demonstrated good fit
to the data: x2 = 1,247.6, df = 584, x?/df =2.14, CF1=0.96, TLI = 0.95, RMSEA = 0.052 (90% CI [0.048,
0.056]), SRMR = 0.041.

Table 2 has presented the reliability and validity statistics for the constructs. All constructs have
demonstrated high internal consistency, with Cronbach's alpha values ranging from 0.89 to 0.94 and
composite reliability values ranging from 0.90 to 0.95, all exceeding the recommended threshold of 0.70
[152]. Convergent validity has been supported, with all AVE values exceeding 0.50 (range: 0.64 to 0.74)
[160]. All factor loadings have been significant (p < 0.001) and have exceeded 0.70, further supporting
convergent validity [161].

Page 15/43



Table 2
Reliability and Validity Statistics

Construct Number of Cronbach's Composite AVE Mean SD
Items a Reliability
Bl Capabilities 12 0.93 0.94 0.68 4.82 1.24
- Data Capture 4 0.89 0.90 0.69 491 1.31
- Analytics 4 0.91 0.92 0.74 4.68 1.29
- Interpretation 4 0.90 0.91 0.71 4.87 1.26
KM Capability 10 0.92 0.93 0.66 5.03 1.18
- Knowledge Sharing 5 0.90 0.91 0.67 5.12 1.22
- Absorptive 5 0.89 0.90 0.64 494 1.21
Capacity
Innovation 8 0.94 0.95 0.70 4.76 1.33
Performance
- Product Innovation 4 0.92 0.93 0.73 4.69 1.38
- Process Innovation 4 0.91 0.92 0.74 4.83 1.35
DDDM Culture 6 0.91 0.92 0.68 4.58 1.41

Note: All factor loadings have been significant at p < 0.001. AVE = Average Variance Extracted.

Discriminant validity has been assessed using two criteria. First, the Fornell-Larcker criterion has been
applied, which has required that the square root of each construct's AVE has exceeded its correlations
with other constructs [152]. As shown in Table 3, this criterion has been met for all constructs. Second,
the heterotrait-monotrait (HTMT) ratio has been calculated, with values below 0.85 indicating
discriminant validity [162]. All HTMT values have been below this threshold (range: 0.52 to 0.78),
providing additional support for discriminant validity.
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Table 3
Discriminant Validity: Correlations and Square Root of AVE

Construct 1 2 3 4 5 6 7 8
1. Bl Capabilities  (0.82)
2. KM Capability 0.64*** (0.81)

3. Innovation 0.58***  0.67***  (0.84)
Performance

4.DDDM Culture  0.61%%  0.50%  (.54%*  (0.82)
5. Firm Size (log) ~ 0.23%%  Q.1Q%&%  Q27%kx Q. 18k*  —

6. Firm Age (log) 0.08 0.11* 0.09 0.06 0.34*** —

7. 1T Intensity 0.47%** 0.38%** 0.32%** 0.44%** 0.29%*** 0.07 —

8. Prior 0.47*** 0.46%** 0.52%** 0.38%** 0.16** 0.13** 0.24%** —
Innovation

Note: Diagonal elements (in bold) have been the square root of AVE. Off-diagonal elements have
been correlations. *** p <0.001, * p<0.01,* p< 0.05.*

4.3. Structural Model and Hypothesis Testing

The hypothesized structural model has been estimated, including direct effects, mediation, and
moderation. The structural model has demonstrated excellent fit to the data: x? = 1,389.2, df = 649, x?/df
=2.14, CF1=0.96, TLI = 0.95, RMSEA = 0.052 (90% CI [0.048, 0.056]), SRMR = 0.041. All fit indices have
met or exceeded recommended thresholds, indicating that the model has adequately represented the
data [153].

Figure 2 has presented the standardized path coefficients for the structural model. Table 4 has
summarized the results of hypothesis testing, including direct effects, indirect effects, and moderation
effects.
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Table 4
Structural Model Results and Hypothesis Testing

Result

Supported

Supported

Supported

Supported

Hypothesis Path Standardized SE t- p- 95%
Coefficient (B) value value CI
H1 Bl — 0.28 0.052 5.38 < [0.18,
Innovation 0.001 0.38]
Bl - KM 0.67 0.048 1396 < [0.58,
0.001  0.76]
KM — 0.45 0.056 8.04 < [0.34,
Innovation 0.001 0.56]
H2 Bl - KM — 0.30 0.041 — < [0.22,
Innovation 0.001 0.38]
(indirect)
H3 KM x DDDM 0.16 0.048 3.33 < [0.07,
— Innovation 0.001  0.25]
H4 Moderated 0.11 0.034 -— < [0.05,
mediation 0.01 0.18]
index
Control
Variables
Firm Size — 0.09 0.042 214 0.032 [0.071,
Innovation 0.17]
Firm Age — 0.02 0.038 0.53 0.598 [-
Innovation 0.05,
0.09]
IT Intensity -  0.08 0.041 1.95 0.051 [~
Innovation 0.00,
0.16]
Prior 0.24 0.045 5.33 < [0.15,
Innovation — 0.001 0.33]
Innovation
Note: Coefficients have been standardized. Confidence intervals have been bias-corrected bootstrap
estimates (5,000 resamples). SE = standard error.

4.3.1. Direct Effect of Bl Capabilities on Innovation
Performance (H1)

Hypothesis 1

has proposed that Bl capabilities have positively influenced innovation performance. The results have
supported this hypothesis. The direct path from Bl capabilities to innovation performance has been
positive and significant (8 =0.28, p<0.001, 95% CI[0.18, 0.38]). This finding has indicated that,
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controlling for KM capability and other variables, firms with stronger Bl capabilities have achieved higher
innovation performance. The effect size has been moderate, suggesting that Bl capabilities have made a
meaningful contribution to innovation outcomes in manufacturing SMEs.

4.3.2. Mediation by Knowledge Management Capability
(H2)

Hypothesis 2

has proposed that KM capability has mediated the relationship between Bl capabilities and innovation
performance. The results have strongly supported this hypothesis. First, Bl capabilities have positively
influenced KM capability (B =0.67, p < 0.001, 95% CI [0.58, 0.76]), indicating that firms with stronger BI
capabilities have developed superior knowledge management capabilities. Second, KM capability has
positively influenced innovation performance (B = 0.45, p <0.001, 95% CI [0.34, 0.56]), showing that firms
with better knowledge management have achieved higher innovation performance.

The indirect effect of Bl capabilities on innovation performance through KM capability has been
estimated using bootstrapping (5,000 resamples). The indirect effect has been significant (B = 0.30, p <
0.001, 95% CI [0.22, 0.38]), confirming mediation. The total effect of Bl capabilities on innovation
performance has been 3 = 0.58 (direct effect 0.28 + indirect effect 0.30). The proportion of the total
effect mediated by KM capability has been 51.7% (0.30/0.58), indicating that approximately half of the
effect of Bl capabilities on innovation has been transmitted through knowledge management
mechanisms.

To further characterize the mediation, have examined whether it has been partial or full. The direct effect
has remained significant when the mediator has been included in the model (8 = 0.28, p < 0.001),
indicating partial mediation. However, the direct effect has been substantially smaller than the total
effect, and the indirect effect has been larger than the direct effect, suggesting that knowledge
management has been the primary pathway through which Bl capabilities have influenced innovation.

4.3.3. Moderation by Data-Driven Decision-Making Culture
(H3)

Hypothesis 3

has proposed that DDDM culture has moderated the relationship between KM capability and innovation
performance. The results have supported this hypothesis. The interaction term (KM x DDDM) has been
positive and significant (3 =0.16, p<0.001, 95% CI [0.07, 0.25]), indicating that the effect of KM
capability on innovation performance has been stronger in firms with higher DDDM culture.

To interpret the interaction, have conducted simple slopes analysis at three levels of DDDM culture: low
(- 1 SD), mean, and high (+ 1 SD). The results have shown that the effect of KM capability on innovation
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performance has been 3 =0.29 (p<0.01) at low DDDM, B = 0.45 (p < 0.001) at mean DDDM, and B =0.61
(p<0.001) at high DDDM. Figure 3 has illustrated this interaction pattern, showing that the slope of the
KM-innovation relationship has been steeper at higher levels of DDDM culture.

4.3.4. Moderated Mediation (H4)

Hypothesis 4

has proposed that the indirect effect of Bl capabilities on innovation performance through KM capability
has been moderated by DDDM culture (moderated mediation). This hypothesis has been tested using
the index of moderated mediation, which has quantified the change in the indirect effect as DDDM has
increased by one unit [134].

The moderated mediation index has been significant (index=0.11, p < 0.01, 95% CI [0.05, 0.18]),
supporting H4. This result has indicated that the indirect effect of Bl capabilities on innovation through
KM capability has been stronger at higher levels of DDDM culture. Specifically, the conditional indirect
effects have been estimated at three levels of DDDM:

e Atlow DDDM (- 1 SD): indirect effect = 0.19, 95% CI [0.12, 0.27]
e At mean DDDM: indirect effect = 0.30, 95% CI [0.22, 0.38]
e At high DDDM (+ 1 SD): indirect effect = 0.41, 95% CI [0.31, 0.52]

These results have demonstrated that the mediated pathway from Bl capabilities to innovation through
KM capability has been amplified in organizations with strong data-driven decision-making cultures. The
difference in indirect effects between high and low DDDM has been substantial (0.41 - 0.19 = 0.22),
representing a 116% increase in the indirect effect from low to high DDDM.

4.3.5. Control Variables

Several control variables have been included in the model. Firm size has had a small positive effect on
innovation performance (B = 0.09, p = 0.032), suggesting that larger SMEs have been slightly more
innovative, possibly due to greater resources. Firm age has not significantly influenced innovation
performance (B = 0.02, p = 0.598), indicating that innovation has not been systematically related to
organizational maturity in this sample. IT intensity has had a marginally non-significant positive effect (8
=0.08, p =0.051), suggesting a trend toward higher innovation in firms with greater IT use. Prior
innovation performance has had a significant positive effect (8 =0.24, p <0.001), indicating persistence
in innovation performance over time and supporting the validity of the innovation performance measure.

4.4. Robustness Checks and Alternative Models

To assess the robustness of the findings, several alternative models and sensitivity analyses have been
conducted.
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Alternative Model 1: Full Mediation. A model constraining the direct path from Bl capabilities to
innovation performance to zero has been estimated to test whether KM capability has fully mediated the
relationship. This model has fit the data significantly worse than the hypothesized partial mediation
model (Ax? = 28.9, Adf =1, p<0.001), confirming that partial mediation has been the more appropriate
specification.

Alternative Model 2: Moderation of BI-KM Path. An alternative model in which DDDM has moderated
the BI-KM path (rather than the KM-innovation path) has been tested. The interaction term (Bl x DDDM
— KM) has not been significant (B = 0.07, p = 0.18), and this model has not fit the data as well as the
hypothesized model, supporting the theoretical specification that DDDM has moderated the KM—
innovation relationship.

Alternative Model 3: Reverse Causality. To address potential reverse causality concerns, an alternative
model in which innovation performance has influenced Bl capabilities (rather than vice versa) has been
estimated. This reverse model has fit the data significantly worse than the hypothesized model (Ax? =
87.3, Adf =2, p<0.001), providing some evidence against reverse causality. However, the cross-sectional
design has limited the ability to make definitive causal inferences.

Sensitivity Analysis: Industry Subsector. Multi-group analysis has been conducted to test whether the
structural relationships have varied across industry subsectors. The results have shown that the path
coefficients have not differed significantly across subsectors (Ax? = 34.2, Adf = 28, p =0.19), suggesting
that the findings have been generalizable across different types of manufacturing.

Sensitivity Analysis: Firm Size. Multi-group analysis comparing micro/small firms (< 50 employees)
versus medium firms (50-249 employees) has revealed no significant differences in the structural paths
(Ax? = 18.7, Adf =16, p = 0.28), indicating that the relationships have been consistent across firm size
categories within the SME range.

These robustness checks have provided confidence in the validity and generalizability of the main
findings.

5. Discussion

5.1. Summary of Key Findings

This study has investigated the mechanisms and boundary conditions through which business
intelligence capabilities have influenced innovation performance in manufacturing SMEs. The findings
have provided robust empirical support for a moderated mediation model in which Bl capabilities have
enhanced innovation both directly and indirectly through knowledge management capability, and in
which this indirect pathway has been amplified by data-driven decision-making culture.
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Specifically, the results have shown that: (1) Bl capabilities have had a significant positive direct effect
on innovation performance (H1 supported); (2) knowledge management capability has mediated the Bl-
innovation relationship, accounting for approximately 52% of the total effect (H2 supported); (3) data-
driven decision making culture has moderated the KM—innovation relationship, such that the effect has
been stronger in firms with higher DDDM culture (H3 supported); and (4) the indirect effect of Bl on
innovation through KM has been conditional on DDDM, with the indirect effect being 116% stronger at
high versus low levels of DDDM (H4 supported).

These findings have made several important contributions to theory and practice, as discussed in the
following sections.

5.2. Theoretical Implications

5.2.1. Integration of Resource-Based, Knowledge-Based,
and Dynamic Capabilities Perspectives

This study has contributed to theory by integrating three complementary perspectives—resource-based
view, knowledge-based view, and dynamic capabilities theory—into a unified framework for
understanding Bl-enabled innovation in SMEs. The RBV has provided the foundation for conceptualizing
Bl capabilities as valuable organizational resources [46], [47]. The KBV has explained the mechanisms
through which Bl capabilities have generated value, specifically by enabling knowledge processes that
have transformed data into innovative solutions [56], [57]. Dynamic capabilities theory has highlighted
the importance of organizational learning and adaptation and has provided a rationale for examining
contextual factors such as DDDM culture that have influenced the effectiveness of Bl and KM
capabilities [68], [69].

By demonstrating that Bl capabilities have influenced innovation primarily through knowledge
management mechanisms, and that this effect has been contingent on organizational culture, this study
has provided empirical support for the theoretical integration of these perspectives. The findings have
suggested that IT capabilities such as Bl have been most valuable when they have been embedded in
broader organizational systems of knowledge creation, sharing, and application, and when they have
been supported by cultures that have valued data-driven decision making [163], [164].

5.2.2. Advancing Understanding of Bl-Innovation
Mechanisms

Prior research on Bl and innovation has produced mixed findings, with some studies reporting strong
positive effects and others finding weak or non-significant relationships [10], [11], [12], [13], [14]. This
study has helped to resolve this inconsistency by identifying knowledge management capability as a key
mediating mechanism. The finding that KM capability has accounted for approximately 52% of the total
effect of Bl on innovation has suggested that Bl systems have generated value not merely by providing
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data and reports, but by enabling organizational knowledge processes that have translated information
into innovative actions [99], [100].

This finding has been consistent with the knowledge-based view, which has posited that the competitive
value of information technology has derived from its role in supporting knowledge creation, sharing, and
application [56], [57], [62], [63]. It has also been consistent with empirical research showing that the
effects of analytics capabilities on performance have been mediated by knowledge management and
organizational learning [107], [108], [109]. By providing robust evidence for this mediation in the specific
context of manufacturing SMEs, this study has advanced theoretical understanding of how and why B
capabilities have influenced innovation.

5.2.3. Identifying Boundary Conditions: The Role of DDDM
Culture

A key theoretical contribution of this study has been the identification of data-driven decision-making
culture as an important boundary condition for the effectiveness of knowledge management in driving
innovation. The finding that DDDM has moderated the KM—-innovation relationship has provided
empirical support for contingency theory, which has posited that the value of organizational capabilities
has depended on contextual factors [23], [24], [116], [117].

The moderation effect has been theoretically meaningful: knowledge management processes have
generated insights and learning, but the realization of this potential for innovation has depended on
whether decision-makers have actually used these insights in their innovation-related decisions [120],
[121]. In organizations with strong DDDM cultures, knowledge has been more likely to be incorporated
into innovation decisions, leading to more effective innovation outcomes [122], [123]. Conversely, in
organizations with weak DDDM cultures, valuable knowledge has been more likely to be ignored or
underutilized, attenuating the KM—innovation relationship [124], [125].

This finding has extended prior research on data-driven culture, which has primarily focused on its direct
effects on performance or its moderation of analytics—performance relationships [126], [127]. By
demonstrating that DDDM has moderated the KM—innovation relationship, this study has provided new
insights into the organizational conditions under which knowledge management has been most effective
for innovation.

5.2.4. Empirical Validation of Moderated Mediation

The finding of significant moderated mediation (H4) has represented an important theoretical
contribution. Moderated mediation models have captured complex conditional indirect effects that have
been theoretically plausible but empirically challenging to test [130], [131], [134], [135]. This study has
provided rigorous evidence that the indirect effect of Bl capabilities on innovation through KM capability
has been conditional on DDDM culture, with the indirect effect being substantially stronger (116%
increase) at high versus low levels of DDDM.
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This finding has had important implications for theory development. It has suggested that models of IT-
enabled innovation should not assume uniform effects across organizations but should explicitly
consider how organizational context has shaped the pathways through which IT capabilities have
influenced outcomes [138], [139], [140]. The moderated mediation framework has provided a template
for future research examining the complex, contingent relationships among IT capabilities,
organizational processes, and performance outcomes.

5.3. Practical Implications
5.3.1. Strategic Guidance for Bl Investment in SMEs

The findings have offered clear strategic guidance for SME managers considering investments in
business intelligence systems. First, the significant positive effect of Bl capabilities on innovation
performance (H1) has provided evidence that Bl investments can yield innovation benefits for
manufacturing SMEs. This has been an important finding given that SMEs have often been hesitant to
invest in Bl due to concerns about cost, complexity, and uncertain returns [1], [2], [3].

However, the mediation findings (H2) have suggested that Bl investments have been most effective
when accompanied by complementary investments in knowledge management capabilities. Specifically,
SMEs should not view Bl as a standalone technology solution but should integrate Bl initiatives with
efforts to enhance knowledge sharing and absorptive capacity [20], [21], [22]. This has implied that BI
implementation should be accompanied by organizational changes such as creating cross-functional
teams, establishing knowledge-sharing platforms, providing training in knowledge management
practices, and incentivizing knowledge exchange [60], [61].

5.3.2. Cultivating Data-Driven Decision-Making Culture

The moderation findings (H3 and H4) have highlighted the critical importance of cultivating a data-driven
decision-making culture. The results have shown that the innovation benefits of knowledge management
have been substantially greater in firms with strong DDDM cultures. This has suggested that SME
managers should invest not only in Bl technology and KM practices, but also in building organizational
cultures that have valued and used data in decision processes [112], [113], [114], [115].

Practical steps to cultivate DDDM culture have included: (1) leadership commitment to data-driven
decision making, with senior managers modelling the use of data in their own decisions; (2) training
programs to enhance data literacy and analytical skills among employees; (3) organizational policies and
norms that have required decisions to be supported by data and evidence; (4) recognition and rewards
for employees who have used data effectively in their work; and (5) infrastructure and processes that
have made data and analytical tools accessible to decision-makers at all levels [25], [26], [27].

5.3.3. Phased Implementation Approach

The findings have suggested a phased approach to Bl-enabled innovation in SMEs. In the first phase,
firms should focus on building foundational Bl capabilities, including data capture infrastructure,
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analytical tools, and interpretation skills [50], [80]. In the second phase, firms should develop knowledge
management capabilities, establishing processes and platforms for knowledge sharing and building
absorptive capacity to integrate external knowledge [95], [96], [97], [98]. In the third phase, firms should
work to cultivate a data-driven decision-making culture, embedding the use of data and analytics into
organizational routines and decision processes [112], [126].

This phased approach has recognized that the full innovation benefits of Bl have been realized through a
combination of technological capabilities, organizational processes, and cultural factors. SMEs that have
invested in all three elements have been positioned to achieve the strongest innovation outcomes [42],
[43], [44], [45].

5.3.4. Implications for Policy and Support Programs

The findings have also had implications for policymakers and organizations that have supported SME
development. Government agencies, industry associations, and business development organizations
should design support programs that have addressed not only the technological aspects of Bl adoption,
but also the organizational and cultural factors that have determined Bl effectiveness [150].

Specifically, support programs should have included: (1) subsidies or low-cost financing for BI
technology acquisition; (2) training and consulting services to help SMEs develop knowledge
management capabilities; (3) educational programs to promote data-driven decision making cultures;
and (4) platforms for knowledge sharing and collaboration among SMEs to facilitate learning and
diffusion of best practices [8], [9].

5.4. Limitations and Directions for Future Research

While this study has made important contributions, several limitations should be acknowledged, and
these have pointed to directions for future research.

5.4.1. Cross-Sectional Design and Causality

This study has employed a cross-sectional survey design, which has limited the ability to make definitive
causal inferences. Although the hypothesized causal directions have been grounded in theory and have
been supported by prior longitudinal research, the possibility of reverse causality or reciprocal
relationships cannot be ruled out [141], [142]. For example, it is possible that innovative firms have been
more likely to invest in Bl capabilities and develop strong KM practices, rather than (or in addition to) B
and KM driving innovation.

Future research should employ longitudinal or time-lagged designs to provide stronger evidence for
causal relationships [165], [166]. Ideally, studies should measure Bl capabilities at time 1, KM capability
at time 2, and innovation performance at time 3, allowing for temporal separation of cause and effect.
Experimental or quasi-experimental designs, such as studies of Bl implementation interventions, would
provide even stronger causal evidence [167], [168].
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5.4.2. Self-Report Measures and Common Method Bias

All constructs in this study have been measured using self-report questionnaires completed by senior
managers. While procedural and statistical remedies have been employed to mitigate common method
bias, and tests have suggested that bias has been minimal, the use of single-source self-report data has
remained a limitation [39], [159].

Future research should employ multi-source data collection, for example, by obtaining Bl capability
assessments from IT managers, KM capability assessments from HR managers, and innovation
performance data from objective records or external evaluations [40], [41]. The use of objective
performance measures, such as patent counts, new product introductions, or innovation awards, would
strengthen confidence in the findings [85], [148].

5.4.3. Generalizability to Other Contexts

This study has focused on manufacturing SMEs in a specific geographic and economic context. While
the sample has been diverse in terms of industry subsectors and firm characteristics, and robustness
checks have suggested consistency across subgroups, the generalizability of the findings to other
contexts has remained uncertain [147], [149].

Future research should replicate this study in other industries (e.g., services, retail, healthcare), other firm
size categories (e.g., large enterprises, micro-enterprises), and other geographic regions (e.g., developing
economies, different institutional contexts). Comparative studies examining how the relationships
among BIl, KM, DDDM, and innovation have varied across contexts would provide valuable insights into
boundary conditions and contextual contingencies [169], [170].

5.4.4. Additional Mediators and Moderators

This study has focused on knowledge management capability as a mediator and data-driven decision-
making culture as a moderator. However, other mechanisms and contingencies may also have been
important. For example, organizational agility, innovation culture, external collaboration, and competitive
intensity may have mediated or moderated the Bl-innovation relationship [171], [172], [173].

Future research should develop and test more comprehensive models that have included multiple
mediators and moderators. For example, studies could examine whether the Bl-innovation relationship
has been mediated by both KM capability and organizational agility, and whether these pathways have
been moderated by environmental dynamism and competitive intensity [174], [175]. Such research would
provide a more complete understanding of the complex web of factors that have shaped Bl-enabled
innovation.

5.4.5. Process Mechanisms and Qualitative Insights

While this study has provided evidence for the mediating role of KM capability, it has not examined the
specific processes and practices through which Bl capabilities have enhanced knowledge management,
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or through which KM has driven innovation. Understanding these micro-level processes has required
qualitative or mixed-methods research [176], [177].

Future research should employ case studies, interviews, or ethnographic methods to explore how SMEs
have used Bl systems to support knowledge creation, sharing, and application, and how these
knowledge processes have led to specific innovation outcomes [178], [179]. Such research could identify
best practices, common challenges, and critical success factors for Bl-enabled innovation in SMEs,
providing rich insights to complement the quantitative findings of this study.

5.4.6. Longitudinal Dynamics and Feedback Loops

This study has examined relationships at a single point in time, but the relationships among BI
capabilities, KM capability, DDDM culture, and innovation performance may have evolved over time and
may have involved feedback loops. For example, successful innovation may have reinforced DDDM
culture, which in turn may have strengthened the BI-KM-innovation pathway [180], [181].

Future research should employ longitudinal designs that have tracked these constructs over multiple
time points, allowing for the examination of dynamic relationships, feedback effects, and developmental
trajectories [182], [183]. Such research could reveal how Bl-enabled innovation systems have evolved
and matured over time and could identify critical junctures or tipping points in the development of B,
KM, and DDDM capabilities.

6. Conclusion

This study has investigated the mechanisms and boundary conditions through which business
intelligence capabilities have influenced innovation performance in manufacturing SMEs. Drawing on
resource-based view, knowledge-based view, and dynamic capabilities theory, have developed and tested
a moderated mediation model in which Bl capabilities have enhanced innovation both directly and
indirectly through knowledge management capability, and in which this indirect pathway has been
amplified by data-driven decision-making culture.

The findings, based on survey data from 430 manufacturing SMEs and analyzed using structural
equation modelling, have provided robust support for all hypotheses. Bl capabilities have positively
influenced innovation performance (H1). Knowledge management capability has mediated this
relationship, accounting for approximately 52% of the total effect (H2). Data-driven decision-making
culture has moderated the KM—innovation relationship, with the effect being stronger in firms with higher
DDDM culture (H3). The indirect effect of Bl on innovation through KM has been conditional on DDDM,
being 116% stronger at high versus low levels of DDDM (H4).

These findings have made important theoretical contributions by integrating multiple theoretical
perspectives, advancing understanding of Bl-innovation mechanisms, identifying DDDM culture as a key
boundary condition, and providing rigorous empirical validation of moderated mediation. Practically, the

findings have offered clear guidance for SME managers on how to maximize the innovation returns from
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Bl investments: by developing complementary knowledge management capabilities and cultivating data-
driven decision-making cultures.

While the study has had limitations, including its cross-sectional design and reliance on self-report
measures, it has provided a solid foundation for future research. Longitudinal studies, multi-source data
collection, replication in diverse contexts, examination of additional mediators and moderators,
qualitative process research, and investigation of dynamic relationships and feedback loops have
represented important directions for advancing knowledge in this domain.

In conclusion, this research has demonstrated that business intelligence can indeed make small
businesses more innovative, but that realizing this potential has required more than just technology
adoption. It has required the development of knowledge management capabilities that have transformed
data into insights, and the cultivation of organizational cultures that have valued and used these insights
in decision-making. By understanding and acting on these mechanisms and contingencies,
manufacturing SMEs can harness the power of business intelligence to drive innovation and achieve
competitive advantage in an increasingly data-rich and dynamic business environment.
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Figure 3

Interaction Effect of KM Capability and DDDM Culture on Innovation Performance
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