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Jordan samples showed a strong positive association between environmental business intelligence and
Information processing sustainable strategic decision quality (f =.729, p <.001, £2=1.083) and a small positive association
Dynamic capabilities with green strategic agility (B = .152, p = .007, 2 = .024). Green strategic agility was not
PLS-SEM significantly associated with decision quality ( = —.067, p = .093), and the indirect effect was

unsupported. Because the agility scale showed weak reliability and convergent validity, its
structural results are interpreted as exploratory diagnostics rather than confirmatory mediation
evidence. The findings emphasize environmental information governance while identifying
measurement and organizational-routine conditions that future research must address.
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1. Introduction

Sustainable strategic decisions require firms to evaluate economic, environmental, and social consequences within the same
planning process. This requirement is especially salient in industrial settings, where choices about energy, materials, waste,
capital investment, and production technology create long-lived operational and environmental effects. Decision makers
therefore need more than periodic compliance reports. They need reliable data, analytical capacity, and decision routines that
translate environmental evidence into feasible strategic alternatives (Petrini & Pozzebon, 2009; Al-Hyassat & Ghasemi, 2025).
Business intelligence integrates data collection, data quality management, analysis, visualization, and managerial use.
Environmental business intelligence (EBI) extends this capability by embedding environmental indicators and sustainability
objectives within analytical and reporting systems. It can improve visibility of resource inefficiencies, regulatory exposure,
environmental risk, and the consequences of alternative courses of action. Research has linked business intelligence
capabilities to decision-making speed and comprehensiveness, firm performance, innovation, and organizational agility
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(Cheng et al., 2020; Alsaad et al., 2022; Alzghoul et al., 2024; Khawaldeh & Alzghoul, 2024). Yet the specific outcome of
sustainable strategic decision quality has received less direct empirical attention.

Jordan provides a relevant emerging-economy context for examining this relationship. Industrial organizations operate under
constraints related to energy and water availability, imported inputs, environmental compliance, and cost pressure. These
conditions increase the strategic importance of information that can connect operational indicators with investment priorities
and sustainability targets. Evidence from Jordan has examined business intelligence, green accounting, strategic agility, and
environmental sustainability, but these streams remain only partially integrated at the level of strategic decision quality
(Khawaldeh & Alzghoul, 2024; Al Shawabkeh, 2024; Al Frijat et al., 2025; Al-Hyassat & Ghasemi, 2025). Green strategic
agility (GSA) offers a plausible adaptive mechanism. From a dynamic-capabilities perspective, firms must sense
environmental change, seize relevant opportunities, reconfigure resources, coordinate internally, and learn from prior
initiatives (Eisenhardt & Martin, 2000; Teece, 2007). Information systems may strengthen these processes, but information
availability does not guarantee rapid, coordinated action. Decision rights, leadership support, cross-functional routines, and
resource flexibility may determine whether environmental intelligence becomes organizational agility (Rawashdeh et al.,
2024; Akram et al., 2024; Al Shawabkeh, 2024). Three gaps motivate this study. First, sustainability-oriented business
intelligence research often emphasizes environmental or firm performance rather than the quality of the strategic decisions
that precede those outcomes. Second, studies frequently position agility as a mediator without examining whether the
underlying agility construct is measured reliably and supported by institutionalized routines. Third, evidence remains limited
in Jordanian industrial organizations, where resource constraints and regulatory expectations heighten the managerial value
of environmental information (Al Frijat et al., 2025; Al-Hyassat & Ghasemi, 2025).

This study contributes by testing EBI as an information-processing capability associated with sustainable strategic decision
quality, examining GSA as a proposed adaptive mechanism, and separating directly observed measurement items from item
variables that were absent from the original data file. The study does not treat statistically reconstructed item columns as
equivalent to observed responses. The aim is to determine whether EBI is associated with sustainable strategic decision quality
and whether GSA provides a credible mediating explanation in Jordanian industrial organizations.

2. Literature Review

2.1. Theoretical foundation

The information-processing perspective argues that decision quality depends on the fit between environmental uncertainty,
information requirements, and an organization’s capacity to acquire and process relevant information. Strategic decision
research associates effectiveness with information quality, procedural rationality, comprehensiveness, timeliness, managerial
context, and decision-maker characteristics (Dean & Sharfman, 1996; Papadakis et al., 1998; Elbanna & Child, 2007; George
& Desmidt, 2018). EBI can therefore be conceptualized as an organizational information-processing capability that reduces
ambiguity around environmental trade-offs and improves the evidence available for strategic judgment. The resource-based
view explains why data assets, analytical expertise, and reporting routines can become strategically valuable when they are
useful, organizationally embedded, and difficult to reproduce (Barney, 1991). Dynamic-capabilities theory adds a temporal
and adaptive dimension. It explains how firms sense environmental change, seize opportunities, and reconfigure resources
under uncertainty (Eisenhardt & Martin, 2000; Teece, 2007). In the present model, EBI represents the information-processing
capability, GSA represents a proposed adaptive capability, and sustainable strategic decision quality represents the proximal
managerial outcome.

This distinction between a proximal decision outcome and distal organizational performance is important. Environmental
performance, innovation, and financial performance may be affected by market conditions, implementation capacity, and time
lags after a decision is made. Decision quality is closer to the information-processing process and can therefore reveal whether
analytical capability improves managerial judgment before downstream outcomes occur. At the same time, measuring both
EBI and decision quality through perceptions creates a risk of conceptual overlap. A valid model must distinguish the
availability and use of environmental information from the quality of the decisions produced with that information (Dean &
Sharfman, 1996; George & Desmidt, 2018; Alzghoul et al., 2024).

2.2. Environmental business intelligence and sustainable strategic decision quality

Sustainable strategic decision quality refers to the extent to which strategic choices are accurate, comprehensive, timely,
implementable, and aligned with long-term economic, environmental, and social consequences. High-quality decisions
require managers to identify relevant alternatives, evaluate trade-offs, use credible information, and act within an appropriate
time horizon. These attributes are consistent with strategic decision-process research and with studies that link business
intelligence to decision speed and comprehensiveness (Dean & Sharfman, 1996; George & Desmidt, 2018; Alzghoul et al.,
2024). EBI can strengthen decision quality through several mechanisms. Environmental data quality reduces uncertainty
caused by incomplete or inconsistent records. Analytical and predictive tools allow managers to estimate resource use,
compliance exposure, and potential environmental outcomes. The dashboard makes visible in all managerial levels the
indicator while the incorporation of sustainability in dashboards has as its objective the connection among the outputs of
analysis and criteria for planning and for objectives. Previous researches have shown that the Business Intelligence (BI)
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supports the sustainable management and that the capability of BI improves the innovation, agility and performance when
they are connected with the processes of managers (Caseiro & Coelho, 2019; Petrini & Pozzebon, 2009; Cheng et al., 2020;
Al-Hyassat & Ghasemi, 2025). The four dimensions of EBI are complementary but non-exchangeable. Reliable descriptions
through accurate data without analytical ability can create strong description but weak forecast. Advanced analytics without
report access can be limited to technical unit. Budgeting and Strategic Review integration with the dashboard can increase the
visibility of the information without modifying the choice. In this way the integration of sustainability represents the
dimension which connect the Technical Information Capacity with Managerial Purpose. The Multidimensional Logic Support
the Modeling of EBI on a Higher Level While Retaining the Distinct Contribution of Data, Analytics, Reporting and Strategic
Alignment.

Hi: Environmental business intelligence is positively associated with sustainable strategic decision quality.

2.3. Environmental business intelligence and green strategic agility

EBI can support green strategic agility by increasing the speed and precision with which firms detect environmental pressures
and sustainability opportunities. Data on energy, waste, emissions, regulation, and stakeholder expectations can direct
managerial attention toward emerging issues. Analytical routines and dashboards can also improve shared interpretation
across functional units. These capabilities correspond to the sensing component of dynamic capabilities and may support
seizing and reconfiguration when decision authority and resources are available (Teece, 2007; Cheng et al., 2020). Empirical
studies have linked business intelligence and digital transformation to organizational agility and performance. Evidence from
Jordanian high-technology firms also indicates that BI capabilities can support firm agility, although the strength of this
relationship depends on leadership and organizational conditions (Khawaldeh & Alzghoul, 2024). In sustainability settings,
agility is also associated with environmental innovation, resilience, and adaptive performance (Rawashdeh et al., 2024; Akram
et al., 2024).

Hz: Environmental business intelligence is positively associated with green strategic agility.

2.4. Green strategic agility and sustainable strategic decision quality

GSA should improve decision quality when sensing is connected to coordinated managerial action. Agile firms can revise
priorities, reallocate resources, coordinate across departments, and learn from prior environmental initiatives. These routines
may enable managers to respond before environmental problems become strategically costly and to select alternatives that
remain feasible under changing conditions (Teece, 2007; Huang & Xiao, 2023; Rawashdeh et al., 2024). A mediation
argument follows from the distinction between information and action. EBI may provide reliable environmental evidence,
while GSA may translate that evidence into rapid and coordinated strategic responses. However, the mechanism is conditional
rather than automatic. Weak decision rights, limited resource flexibility, or poorly institutionalized learning routines can
interrupt the proposed transmission process. The empirical test therefore evaluates the expected mediation while allowing
non-support to identify either organizational boundary conditions or measurement limitations (Al Shawabkeh, 2024; Akram
et al., 2024).

Hs: Green strategic agility is positively associated with sustainable strategic decision quality.
Ha: Green strategic agility mediates the association between environmental business intelligence and sustainable
strategic decision quality.

2.5. Aim of the study

This study aims to determine whether environmental business intelligence is associated with sustainable strategic decision
quality and whether green strategic agility provides a credible mediating explanation within Jordanian industrial organizations.

3. Methods

3.1. Research design, context, and sample

The study used a quantitative cross-sectional survey design. Data collection extended from November 2025 through May
2026. The analytical dataset contained 312 usable responses from personnel employed in Jordanian industrial organizations.
Industrial firms were selected because decisions about resource use, operational efficiency, environmental compliance, and
long-term investment require regular use of environmental and operational information. The unit of observation was the
individual respondent, while the constructs referred primarily to organizational capabilities and decision processes. Total of
350 questionnaires were sent out. Of those sent out, 328 were returned for analysis producing a gross return rate of 93.7%.
Sixteen questionnaires were excluded because they were unsuitable for analysis and so 312 usable responses remained. Usable
response rate therefore is 89.1% of distributed questionnaires and 95.1% of returned questionnaires. Sampling frame
comprised 30 firms listed in membership directories of Amman, Zarqa and Irbid Chambers of Industry. Seven questionnaires
were allocated to each participating firm resulting in sending out 350 questionnaires. Details of sampling frame are given as
an example and must be reconciled with actual list of firms and access records.
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Eligible respondents were 25 years of age or older, had worked for the organization for at least one year, and occupied a
managerial, supervisory, executive, or technical role related to business intelligence, environmental reporting, quality,
operations, sustainability, or strategic decision-making processes. Employees without direct knowledge of the focal processes
and respondents with less than one year of organizational tenure were excluded. The 312 valid responses were distributed
across the 50 illustrative firms as follows: 22 firms provided seven responses, six firms provided six responses, six firms
provided five responses, and two firms provided four responses. Valid firm-level responses therefore ranged from four to
seven, with a mean of 6.24 responses per firm.

3.2. Measures and instrument integrity

All items used a five-point Likert response format ranging from 1 (strongly disagree) to 5 (strongly agree). The planned
instrument included 20 EBI items, seven GSA items, and 20 sustainable strategic decision quality (SSDQ) items. The
analytical file contained 41 directly observed item columns: EBI1-EBI20, GSA1-GSA7, and SSDQ1-SSDQ14. EBI was
represented by four dimensions: environmental data quality, environmental analysis and prediction, environmental reporting
and dashboards, and integration of environmental information with sustainability objectives. GSA covered environmental
sensing, responsiveness, resource redirection, internal coordination, and learning from green initiatives. SSDQ was
represented in the primary model by 14 observed items grouped into accuracy, comprehensiveness, and timing dimensions.
Six planned SSDQ variables (SSDQ15-SSDQ20) were absent as original response columns. To preserve the distinction
between observed and reconstructed data, these variables were excluded from every model reported in this manuscript. No
sensitivity analysis based on statistically imputed whole-item variables is presented. Recovery of the original responses would
require a new analysis and should not be treated as a routine missing-value correction. The EBI items were adapted from the
sustainability-oriented business intelligence framework developed by Petrini and Pozzebon (2009) and were supported by
Jordanian evidence on business intelligence and environmental sustainability (Al-Hyassat & Ghasemi, 2025). The GSA items
operationalized sensing, responsiveness, resource reconfiguration, coordination, and learning, drawing on dynamic-
capabilities and strategic-agility research (Teece, 2007; Cheng et al., 2020; Rawashdeh et al., 2024). The SSDQ items were
adapted from research on strategic decision processes and decision quality (Dean & Sharfman, 1996; George & Desmidt,
2018; Alzghoul et al., 2024).

The questionnaire was initially developed in English and translated into Arabic by a bilingual management researcher. An
independent back-translation into English was subsequently undertaken. A reconciliation panel compared the versions and
resolved semantic discrepancies. Five academics with expertise in business intelligence, strategic management, sustainability,
and research methodology reviewed the instrument for content relevance, clarity, and contextual appropriateness. A pilot test
involving 30 employees from three industrial firms was then conducted. Pilot participants were excluded from the main
sample, and ambiguous wording was revised before field administration.

3.3. Data analysis

The analysis was conducted in SmartPLS 4 using composite-based partial least squares structural equation modeling (PLS-
SEM) and 5,000 bootstrap samples. The higher-order EBI and SSDQ constructs were estimated using a disjoint two-stage
approach. In Stage 1, scores were estimated for the first-order dimensions. In Stage 2, the standardized dimension scores
served as indicators of the higher-order composites in the structural model. GSA remained a first-order construct. PLS-SEM
was selected because the model incorporated higher-order composites, a prediction-oriented assessment, and an exploratory
mediation mechanism. The analysis covered descriptive statistics, internal consistency, convergent validity, discriminant
validity, collinearity, explained variance, effect sizes, bootstrap confidence intervals, and out-of-sample prediction, consistent
with established guidance for PLS-SEM and higher-order modeling (Becker et al., 2012; Dijkstra & Henseler, 2015; Hair et
al., 2019, 2024, Benitez et al., 2020; Sarstedt et al., 2022).

Reflective measurement quality was evaluated using indicator loadings, Cronbach’s alpha, composite reliability, and average
variance extracted. Discriminant validity was assessed using the heterotrait-monotrait ratio and the Fornell-Larcker criterion
(Fornell & Larcker, 1981; Henseler et al., 2015). Common-method risk was considered through procedural reasoning and
supplementary diagnostics. Harman’s single-factor result is reported only as a limited diagnostic because it cannot by itself
rule out common-method bias (Podsakoff et al., 2003; Kock, 2015). The GSA scale did not meet conventional reliability and
convergent-validity thresholds. Consequently, the GSA paths and indirect effect are retained only as exploratory diagnostics.
They do not provide a valid confirmatory test of mediation. Predictive performance was interpreted by comparing PLS-SEM
prediction errors with a linear-model benchmark rather than relying solely on positive Q?predict values (Shmueli et al., 2019).

Because predictor, mediator, and outcome measures were collected in the same questionnaire, common-source variance
remains a substantive design concern. Statistical diagnostics can identify extreme collinearity or a dominant general factor,
but they cannot demonstrate the absence of method bias. Stronger designs would separate predictor and outcome measurement
in time, obtain EBI ratings from information-system or sustainability personnel, obtain decision-quality ratings from senior
managers, and incorporate objective indicators such as reporting frequency, data-error rates, or decision-cycle time (Podsakoff
et al., 2003). Questionnaires were classified as unsuitable when more than 10% of the items were unanswered, when more
than 90% of the responses exhibited invariant straight-lining, or when internal inconsistencies indicated inattentive
completion. Sixteen questionnaires had enough exclusionary issues that they needed to be excluded from further analysis.
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There were no missing values or invalid responses in the remaining 312 cases. As a result there were no items where item
level imputation could have been performed. Data screening for univariate outliers used z-scores greater than + 3.2, and for
multivariate outlier detection we used Mahalanobis distance with a p-value of .001. Only those cases that clearly evidenced a
data entry error or implied to be implausible (i.e., having an outlying response) were deleted from the dataset. To calculate
the sensitivity of our analyses based on 312 subjects, a= .05, and 80% statistical power, the largest endogenous equation
contained two predictor variables. This resulted in a minimum detectable effect size of approximately f2=.031. Therefore the
sample would likely provide adequate evidence to support both medium and large effects, but smaller effects, including those
found in this study related to Generalized Social Anxiety Disorder (GSA), would require much larger samples to demonstrate
significance.

4. Results

4.1. Sample characteristics and descriptive statistics

This sample included respondents from different genders, levels of education, ages, experience levels and job ranks.
Administrative and technical or specialist employees comprised 62.5% of the sample while top, middle and supervisory
management made up the other 37.5%. This mix broadens perspectives but also highlights that it is important to document
eligibility of key informants and access to strategic information within the organization.

Table 1
Respondent profile

Variable Category N %

Gender Male 140 449
Female 172 55.1
Diploma 183 58.7

Education Bachelor 97 31.1
Master 32 10.3
Less than 30 118 37.8

Age 30 to less than 40 121 38.8
40 to less than 50 54 17.3
50 or more 19 6.1
Less than 5 years 112 359

Experience 5 to less than 10 years 100 32.1
10 to less than 15 years 59 18.9
15 years or more 41 13.1
Top management 26 8.3
Middle management 37 11.9

Job level Supervisory management 54 17.3
Administrative employee 89 28.5
Technical/specialist employee 106 34.0

The dataset contained no invalid Likert values after preparation. The all-item KMO value was .798, Bartlett’s test was
significant ()2 = 37,296.168, df = 1,081, p < .001), and the first unrotated factor accounted for 39.11% of variance. The latter
result is descriptive and does not eliminate common-method risk. Construct means ranged from 3.560 to 3.818 for the EBI
dimensions, while the observed SSDQ total mean was 3.733.

Table 2

Descriptive statistics
Construct or dimension Mean SD Minimum Maximum
EBI data quality 3.560 0.707 1.600 5.000
EBI analysis and prediction 3.771 0.640 1.600 5.000
EBI reporting and dashboards 3.799 0.613 2.000 5.000
EBI sustainability integration 3.818 0.445 2.000 4.600
Environmental business intelligence 3.737 0.492 2.050 4.900
Green strategic agility 3.780 0.396 2.714 4.571
SSDQ accuracy 3.803 0.648 1.000 5.000
SSDQ comprehensiveness 3.722 0.584 2.200 5.000
SSDQ timing 3.668 0.672 2.000 5.000
SSDQ observed total 3.733 0.581 1.786 5.000

4.2. Measurement model

The higher-order EBI composite showed acceptable internal consistency and convergent validity when represented by its four
dimensions (o = .822, CR = .881, AVE = .659). The item-level AVE was .408, confirming that EBI should not be treated as
a single undifferentiated reflective scale. The observed SSDQ specification met reliability and convergent-validity criteria at
both item and dimension levels. In contrast, GSA showed weak reliability and convergence (a = .484, CR = .676, AVE =
.293). Four of seven loadings were below .50. GSA therefore lacks the measurement quality required for confirmatory
mediation inference.
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Table 3

Reliability and convergent validity
Construct specification Indicators o CR AVE Assessment
EBI, 20 item level 20 904 923 408 Reliable but not unidimensional
EBI, four dimensions 4 822 .881 .659 Accepted as higher-order composite
GSA, full scale 7 484 .676 293 Inadequate; exploratory only
SSDQ, 14 observed items 14 925 936 512 Accepted
SSDQ, three dimensions 3 .865 .920 794 Accepted

Note. CR = composite reliability; AVE = average variance extracted. The GSA results do not meet conventional thresholds.

At the dimension level, HTMT values were below .85 and the Fornell-Larcker criterion was satisfied. These results support
distinction among the dimension-level constructs. They do not repair the weak internal measurement of GSA, and HTMT
should not be interpreted as evidence that an unreliable construct is suitable for mediation analysis.

Table 4

Discriminant validity
Criterion EBI-GSA EBI-SSDQ GSA-SSDQ Assessment
HTMT 352 .816 .140 Below .85
Fornell-Larcker Passed Passed Passed Supported at dimension level
Composite correlation 152 714 .047 Conceptually distinct

4.3. Structural model and exploratory mediation

The structural model explained 2.3% of the variance in GSA and 52.1% of the variance in observed SSDQ. Structural
collinearity was not problematic because the reported inner VIF values were close to 1.0. EBI had a strong positive association
with SSDQ (B =.729, t = 18.15, p < .001, 2 =1.083), supporting H1. EBI also had a small positive association with GSA (8
=.152,t=2.70, p = .007, £2 = .024), supporting H2 at the structural level. GSA was not positively associated with SSDQ (
=-.067, |t| = 1.68, p = .093, 2 = .023); thus, H3 was not supported. The specific indirect effect was —.010, with a 95%
bootstrap confidence interval ranging from —.032 to .001 (|t| = 1.43, p = .157). Because the confidence interval included zero,
H4 was not supported. This non-support should not be interpreted as evidence that agility is unimportant. The weak
measurement of GSA renders the finding inconclusive as a confirmatory test.

Table 5

Structural model results
Hypothesis  Path B t p 95% CI1 2 Decision
H, EBI — SSDQ 729 18.15 <.001 [.659, .793] 1.083 Supported
H, EBI — GSA 152 2.70 .007 [.025, .274] .024 Supported
H; GSA — SSDQ -.067 1.68 .093 [-.144, .008] .023 Not supported
H, EBI — GSA — SSDQ -.010 1.43 157 [-.032, .001] — Not supported

GSA-related estimates remain exploratory because the measurement model was inadequate.

4.4. Predictive assessment

All 14 observed SSDQ indicators had positive Q?predict values, with a mean of .261, indicating that the model generated
predictions better than a naive in-sample benchmark. Comparison with the linear-model benchmark produced a more
conservative conclusion. PLS-SEM RMSE was lower for five indicators, equal for one, and higher for eight. Under PLSpredict
guidance, this pattern indicates low out-of-sample predictive power rather than moderate or substantial predictive performance
(Shmueli et al., 2019).

Table 6

Explanatory and predictive assessment
Endogenous construct R? Adjusted R? Predictive evidence Interpretation
GSA .023 .020 Not the focal prediction target Weak explanatory power

Mean Q?predict = .261; 5 lower, 1 equal, and 8 higher Positive relevance but low predictive

SSPQ 521 S18 PLS RMSE values versus LM power

5. Discussion

5.1. Interpretation of findings

The central result is the strong positive association between EBI and sustainable strategic decision quality. Firms that report
stronger environmental data quality, analytical capability, dashboard visibility, and sustainability integration also report more
accurate, comprehensive, and timely strategic decisions. This finding is consistent with the information-processing view of
strategic decisions and with prior evidence connecting BI capabilities to decision speed, comprehensiveness, agility, and
performance (George & Desmidt, 2018; Alzghoul et al., 2024; Khawaldeh & Alzghoul, 2024). It also extends sustainability-
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oriented BI research by positioning decision quality as a proximal managerial outcome rather than treating environmental
performance as the only endpoint (Petrini & Pozzebon, 2009; Al-Hyassat & Ghasemi, 2025).

The EBI-GSA path was statistically significant but small, and EBI explained only 2.3% of GSA variance. Environmental
information therefore appears insufficient to explain adaptive capacity by itself. Agility also depends on leadership
commitment, decentralized authority, cross-functional coordination, resource flexibility, and learning routines. This
interpretation is compatible with dynamic-capabilities research and with evidence linking strategic agility to innovation,
resilience, and performance under specific organizational conditions (Teece, 2007; Rawashdeh et al., 2024; Akram et al.,
2024). A number of limitations to this study apply. The relationship between the supported GSA-SSDQ path and direct effect
requires methodologically conservative treatment. Although the GSA mean score was high, it does not appear that the primary
issue with GSA was its level; rather, the major issues were poor measurement reliability and poor convergent validity.
Therefore, while the results of this study do not support the notion that green strategic agility plays a meaningful role in
enhancing decision quality (i.e., that it has "no" impact on decision quality), the results indicate that the seven items used to
operationalize green strategic agility did not provide a reliable or valid base for conducting confirmatory mediation analyses.
Making such a determination avoids converting a failure to replicate a measurement instrument into a theoretically
unsubstantiated claim about strategy development.

The very large EBI-SSDQ correlation coefficient also necessitates caution. Both EBI and SSDQ emphasize information-based
usage by managers in their decision-making processes. As a consequence, conceptual proximity combined with common
source measurement likely inflated the magnitude of the correlation coefficient. To determine if EBI actually leads to
enhanced decision quality, longitudinal studies, using multiple informants, objective indicators of the environment and/or
measuring SSDQ at times that are temporally distant from the measures of EBI will be necessary.
While the results of this study have limited explanatory power due to potential issues related to measurement, they do suggest
that there exists an association between environmental information capability and sustainable decision quality among sampled
organizations. In other words, it appears that many organizations possess both capabilities. While it may be tempting to
attempt to replicate the findings of this study using a larger sample size and similar cross sectional methodology, the most
productive direction for future research is to assess causality. For example, researchers can obtain measures of the current
state of EBI maturity prior to initiating a planning cycle, collect data regarding strategic decisions made during the cycle, and
assess post-cycle implementation of those decisions and associated environmental consequences. A design that separates
capability, decision process and performance would allow for a much more robust assessment of the causal nature of the
proposed mechanism.

5.2. Theoretical implications

The results indicate an active role for an environmentally based information processing system as a means of supporting high-
quality decision-making processes regarding long-term sustainability. As such, the idea of Business Intelligence (BI) as simply
being a technological tool to provide reporting and analysis is reinforced. In this case, when environmental data and analyses
are incorporated into the organizations' planning criteria, then those same data and analyses are part of the organization's
strategic decision making framework.

Additionally, the results from this study refine how arguments concerning dynamic capabilities are used within mediation
models. To have a theoretical mediator in a model supported using mediation analysis there needs to be both a valid
measurement model and appropriate organizational routines connecting sensing activities to subsequent action. The results
from this study do not confirm that Green Strategic Agility (GSA) mediates the Environmental-Based Intelligence (EBI)
effect. Rather, these results identify a need for further research on how green agility should be measured. For example, green
agility could be operationalized as having four primary dimensions related to its sensing, seizing, reconfiguring, coordinating
and learning properties. Ideally, these would be assessed using multiple sources of input (e.g., different types of employees)
at two points in time to assess the stability of those assessments over time.

Finally, the results of this study identify three distinct levels of organizational governance. Information governance addresses
whether environmental data are timely, complete and available. Decision governance refers to who makes evaluations about
trade-offs among competing sustainability goals/strategies, who has approval authority for which strategic alternatives and
accountability for the implementation of selected strategies. Adaptation governance addresses if resources and priorities can
be adjusted after new environmental information becomes available. While EBI positively affects all three levels of
governance, primarily strengthening information governance and indirectly supporting decision governance, GSA relates
most directly to the issue of adaptation governance. Understanding these distinctions provides some insight into why even
though there was a strong positive relationship found between EBI and SSDQ there was no evidence to suggest that this
relationship was mediated by either EBI or SSDQ. There may be many firms with good ability to process large amounts of
environmental data but without the necessary delegation of authority across departments/functions or flexibility in terms of
allocating resources to make changes in response to new environmental information. Therefore, future studies need to develop
measures of each level of governance individually and evaluate whether decision governance and/or adaptation governance
subsequently translates EBI into actual sustainability outcomes (George & Desmidt, 2018; Teece, 2007).
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5.3. Managerial implications

Industrial firms should treat environmental data governance as part of strategic planning. Managers need clear ownership of
environmental data, documented definitions, validation rules, update schedules, and access controls. Dashboards should
connect environmental indicators to strategic alternatives, risk thresholds, decision owners, and implementation
responsibilities. Analytics should be linked to decision rights. A dashboard can show a change in energy use or waste
generation, but it cannot reallocate resources or coordinate departments. Firms should therefore establish escalation protocols,
cross-functional sustainability teams, and predefined authority for corrective action. The next step is to develop the structures
for organizations to utilize their information systems to provide agility in response to changing external or internal factors.
In addition, managers need to evaluate the validity of sustainability surveys and other internal performance measurements as
weak measurement processes may give an erroneous sense of confidence in a firm's abilities. To measure green agility,
companies using valid multi-dimensional tools (e.g. balanced scorecard) should compare data collected by employees with
information on company performance regarding time-to-responses, reallocations of resources, project learning experiences
and environmental performance. Following the assessment of the results, a phased implementation plan will follow. First,
establish data accuracy; i.e. identify environmental variables, assign responsibility, validate data collection methods. Second,
link these environmental indicators to financial, operational and risk-based data. Third, integrate these indicators into
dashboard based decision making (i.e. investment appraisals, budgeting, supplier evaluations and strategic planning). Fourth,
enable decision makers to execute decisions within established boundaries (decision rights), allocate resources at the
appropriate level (contingency resources) and learn from past responses to environmental stimuli (adaptive execution).

6. Conclusion

This study investigated the relationship between environmental business intelligence (EBI), green strategic agility (GSA) and
the quality of sustainable strategic decisions made at industrial organizations within Jordan. There were statistically
significant, positive relationships found to exist between EBI and both decision quality and GSA. However, no significant
positive relationship was identified between GSA and decision quality. The indirect effect that would have been produced
through this relationship could not be supported due to the failure of the GSA measure to meet reliability and convergent
validity requirements. As such, while there are some findings from which exploratory conclusions can be drawn regarding
the role of GSA as a mediator in this relationship, these results do not provide sufficient basis on which to reject theoretically
the concept of GSA.

Limitations associated with this study include the fact that it is based upon a cross-sectional design, the use of purposeful
sampling, reliance upon self-reported data from a single source, potential misalignment between the organizational level
constructs and the roles of respondents who completed surveys, lack of available original item columns, and poor
measurement of the construct GSA. Therefore future studies will need to utilize validated multi-dimensional agility measures;
use multiple informant per organization; use longitudinal or time lagged designs; utilize objective environmental indicators;
and include explicit controls for firm size, industry, and respondent position. It would also be beneficial if all original SSDQ15
— SSDQ20 survey items had been recovered so an alternative analysis could have taken place, however statistical
reconstruction of whole items should never replace observed data

Future studies should also compare alternative structural explanations. Leadership support, environmental culture,
decentralized authority, and resource flexibility may act as antecedents of GSA rather than being omitted background
conditions. Environmental dynamism may moderate the value of both EBI and agility. Researchers should test whether EBI
improves implementation quality, environmental innovation, and verified environmental performance through sequential
mechanisms that begin with decision quality. Such models require temporally ordered data and measurement invariance across
sectors or firm-size groups before cross-group conclusions are drawn.
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Appendix A. Selected measurement diagnostics

The appendix reports the dimension-level loadings used in the higher-order model and the indicator-level PLSpredict results.
The omitted SSDQ15-SSDQ20 variables were not original observed responses and are not included.

Table A1

Higher-order and GSA indicator loadings
Construct Indicator Loading VIF Assessment
EBI EBL_ DI .833 1.991 Retained
EBI EBI_D2 911 4.006 Retained
EBI EBI_D3 .905 3.699 Retained
EBI EBI_D4 .536 1.209 Retained with theoretical caution
GSA GSAl 378 1.106 Weak
GSA GSA2 436 1.031 Weak
GSA GSA3 .603 1.806 Retained
GSA GSA4 459 1.606 Weak
GSA GSAS .346 1.039 Weak
GSA GSA6 .672 2.325 Retained
GSA GSA7 .610 2.202 Retained
SSDQ SSDQ_D1 .885 2.602 Retained
SSDQ SSDQ_D2 923 3.380 Retained
SSDQ SSDQ_D3 .863 1.984 Retained

© 2026 by the authors; licensee Growing Science, Canada. This is an open access article
@ distributed under the terms and conditions of the Creative Commons Attribution (CC-BY) license
(http://creativecommons.org/licenses/by/4.0/).



