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Abstract:

Conventional PLS-SEM moderation analysis, that operates under Contingent-Based
Approaches, often relies on linear interaction terms that operate on a logic of sufficiency that
fails to capture two main contingent-based phenomena: (i) the necessary conditions for a
desired outcome; and (ii) the holistic reconfiguration of predictor ecosystems under different
contingent scenarios. To address this gap, in this study we propose and illustrate a
complementary methodological framework, that we name Moderation-Based Necessity and
Network Analysis (M-BaNaNA). The framework employs a multi-methodological analytic
triangulation. First, PLS-SEM validates measurement models and tests linear moderation,
operating on the logic of sufficiency. Second, Necessary Condition Analysis (NCA) identifies
context-specific constraints, operating under a contingent-based logic of necessity. Finally,
Artificial Neural Networks (ANNs) combined with Feature Importance Analysis (FIA)
visualize non-linear shifts in predictor rankings, allowing the researcher to understand the
reconfiguration of the predictor ecosystem. We demonstrate the framework's utility by
generating validated synthetic data to replicate and extend two distinct published management
accounting studies utilizing synthetic data. The M-BaNaNA framework reveals insights that
would normally be invisible to standard and traditional PLS-SEM based moderation analysis.
It allows for a holistic understanding of (i) the direct effects of a moderator variable on the
ecosystem of predictors and the desired outcome; (ii) the mandatory prerequisites on different
contingent scenarios versus its optional enhancers; and (iii) quantifies how the relative
importance of the entire control package reconfigures under different contingent scenarios. This
offers a tool for answering foundational questions in contingency theory regarding how
organizational elements align as a system.

Keywords: PLS-SEM; Necessary Condition Analysis; Artificial Neural Networks; Moderation
Analysis.

1. Introduction

Management accounting research frequently draws upon contingency theory, which
posits that organizational outcomes depend on contextual factors (Otley, 2016). This theoretical
lens leads researchers to investigate moderation effects, exploring how specific variables alter
the relationships between managerial mechanisms and organizational outcomes. However,
since it’s spread, contingency research often relies on hypothesis testing that assume linear
relationships, a trend present since the classical studies (Schoonhoven, 1981). In other words,
studies tend to examine individual control mechanisms in isolation rather than as an integrated
package or ecosystem of controls (Guerreiro, 2025).

Given the complex, latent, and often non-normally distributed constructs in the field,
Partial Least Squares Structural Equation Modeling (PLS-SEM) has become one preferred
method for testing moderation hypotheses (Hair et al., 2021; Kline, 2023; Sarstedt et al., 2021).
However, conventional PLS-SEM analysis reflects the theoretical limitations of a reductive
contingent approach, analogous to what Magistretti and Trabucchi (2025) describe as a tool-
based view. Consequently, the standard focus remains on the significance of a single, pre-
specified linear interaction term. This approach is unable to capture two key phenomena: (i) the

www.congressousp.fipecafi.org



2 6 o Theme: Accounting, Technology and Sustainability: shaping the future
research and practice
USP International
Conference on Accounting
nonmonotonic or non-linear forms of interaction empirically identified by Schoonhoven (1981),
and (i1) a holistic reconfigurational shift across the entire set of predictors when the contingent
context changes (see also Bedford, 2020; Guerreiro, 2025; Otley, 2016).

To address this gap, we propose and illustrate a comprehensive methodological
framework: the Moderation-Based Necessity and Network Analysis (M-BaNaNA). We argue
for a multi-analytic process that triangulates PLS-SEM for its explanatory strength, Necessary
Condition Analysis (NCA) for its ability to identify critical constraints, and Artificial Neural
Networks (ANNSs) for their exploratory power (Magistretti & Trabucchi, 2025; Dul, 2016;
Oyadomari et al., 2023).

In this framework, we employ NCA to distinguish between factors that enhance
outcomes from those that act as critical bottlenecks, that is, necessary conditions without which
high performance is impossible, regardless of other configurations (Dul, 2016; Oyadomari et
al., 2023). Finally, ANNs are utilized as universal function approximators to model complex,
non-linear relationships without a priori specification. Through a Feature Importance Analysis
(FTA), the ANNs reveal the holistic shift in the relative importance ranking of the entire
predictor package, quantifying how the ecosystem reconfigures itself under different contingent
scenarios (Bedford, 2020).

Therefore, the primary objective of this study is to introduce the M-BaNaNA framework
and demonstrate its utility in providing deeper insights beyond traditional PLS-SEM
moderation analysis. We achieve this by replicating the PLS-SEM moderation findings of two
distinct published studies in management accounting. For each study, we first generate
synthetic data coherent with the original parameters and validate these data by approximately
replicating the original results. Subsequently, we apply the M-BaNaNA framework by splitting
the synthetic data based on the moderator, conducting different Necessity Analysis and training
separate ANNs for each sub-sample.

This research contributes to the management accounting methodology literature by
proposing a novel and complementary approach to analyze moderation effects. The M-
BaNaNA framework moves beyond testing linear interaction hypotheses towards visualizing
and quantifying how the ecosystem (Magistretti & Trabucchi, 2025) or package (Otley, 2016)
of factors reconfigures itself under different contingent scenarios. By providing a method to
uncover potentially non-linear interactions and shifts in predictor relevance, this framework
offers researchers a tool to generate richer theoretical insights (Bedford, 2020; Schoonhoven,
1981) within contingency-based research.

2. Theoretical Framework
2.1. Contingency Theory, Moderation, and PLS-SEM

Management accounting research systematically relies on, mostly indirectly,
contingency theory (Bedford, 2020; Otley, 2016). This perspective posits that there is no
universally superior managerial mechanism, such as a specific control system, or performance
metric, rather, organizational effectiveness is dependent upon an interplay between these
internal mechanisms and shifting, exogenous contextual factors (Schoonhoven, 1981), such as
project complexity (Magsoom et al., 2020) and digital orientation (Al-Hattami et al., 2025).

This theoretical lens allows researchers to move beyond main-effects analysis and
investigate firm-level or executive-level moderation effects (Moreira, 2025), that is, how and
when specific contextual variables affect the strength or even the direction of relationships
between key predictors and outcomes (Bedford, 2020). To test these contingent relationships,
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researchers require robust statistical tools. Given the nature of Management Accounting
constructs, which are often complex, latent, and measured via qualitative indicators such as
Likert or Likert-like scales (Likert, 1932), often with non-normal data distributions, PLS-SEM
has emerged as one preferred, robust method for theory testing.

Distinct from its covariance-based counterpart (CB-SEM), which is optimized for
parameter accuracy and model fit confirmation, PLS-SEM is a variance-based, prediction-
oriented approach (Hair et al., 2021; Kline, 2023; Sarstedt et al., 2021). Its advantages in
handling complex models with many constructs, formative and reflective measures, and smaller
sample sizes have made it a suitable and popular tool for estimating the path coefficients of
hypothesized moderation effects in the field.

Despite its widespread utility in confirming the existence of a moderation effect,
conventional PLS-SEM moderation analysis presents limitations regarding the nature of
causality in contingency theory. The standard approach, relying on the significance of a single
interaction term, operates on a logic of sufficiency and linearity. It successfully confirms that a
context matters on average but does not distinguish between factors that increase performance
and those that are critical prerequisites for it (Dul, 2016; Oyadomari et al., 2023).

This presents a twofold methodological gap. First, the additive nature of PLS-SEM
cannot identify necessary conditions, bottlenecks where the absence of a control mechanism
guarantees the failure of the outcome, regardless of the strength of other variables (Dul, 2016;
Oyadomari et al., 2023). Second, the focus on a single linear term does not capture the holistic
consequences of the moderation, specifically how the relative importance of the entire predictor
ecosystem reconfigures under different contingent states (Bedford, 2020; Otley, 2016).

Addressing these gaps requires moving beyond a “tool-based view” (Magistretti &
Trabucchi, 2025). It demands a framework that tests if a moderator changes the strength of a
relationship (PLS-SEM), identifies if it alters the necessity of specific controls (NCA) and/or
reorders the hierarchy of the predictor package (ANN). Not addressing these dimensions limits
practitioner-oriented research, as managers may understand that context matters, but not which
specific levers act as mandatory bottlenecks versus optional enhancers.

2.2. Necessary Condition Analysis and Artificial Neural Networks

To address the limitations of linear interaction terms, we propose integrating two distinct
methodological logics: (i) the logic of necessity; and (ii) the logic of non-linear configuration.
First, Necessary Condition Analysis (NCA) represents an epistemological divergence from
traditional regression-based models (Dul, 2016; Oyadomari et al., 2023). While PLS-SEM
operates on “sufficiency” logic, where predictors are additive and compensate for one another
to increase the outcome on average, NCA operates on a “necessity” logic. It posits that certain
conditions are critical bottlenecks, that is, if they are absent or below a certain threshold, the
outcome cannot occur, regardless of the strength of other predictors. This approach allows for
the distinguishability between factors that are enhancers and those that are prerequisites.

Complementing this, Artificial Neural Networks (ANNSs) offer the capability to model
the “shape” of relationships once necessary conditions are met. As universal function
approximators, ANNs can model highly complex, non-linear, and non-compensatory
relationships directly from the data without requiring the researcher to pre-specify a functional
form (Krogh, 2008; LeCun et al., 2015). Their architecture transforms inputs into a high-
dimensional latent feature space, allowing for the organic discovery of heterogeneous patterns
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(IBM, 2019). While NCA defines the constraints, ANNs model the complex configurational
weights of the predictor ecosystem (Pardim et al., 2024; Souza et al., 2023).

2.3. Hybrid PLS-ANN Methodologies and Feature Importance Analysis

A growing body of methodological literature advocates for hybrid, two-stage
approaches that leverage the strengths of different methodologies (Frare & Beuren, 2023; Frare
et al., 2022; Pardim et al., 2024). Thus, we now propose the Moderation-Based Necessity and
Network Analysis (M-BaNaNA), a multi-analytic framework that leverages the specific
strengths of three methodologies in a sequential flow.

First, consistent with recent hybrid literature (Frare & Beuren, 2023; Pardim et al.,
2024), we employ PLS-SEM as the foundational stage to validate measurement models,
ensuring reliability and validity, and to test the statistical significance of hypothesized linear
moderations. Crucially, this phase generates latent variable scores which are extracted to serve
as high-quality, theory-grounded inputs for the subsequent analytical steps.

Second, to identify context-specific constraints, we split the sample based on the
significant moderator identified in the first phase and apply NCA to the extracted scores within
each group. This step allows us to distinguish the “bottlenecks” unique to each context,
establishing which control mechanisms act as critical prerequisites for performance under
specific conditions rather than solely in the aggregate (Dul, 2016; Oyadomari et al., 2023).

Finally, proceeding with the same stratified sub-samples, we train separate ANNs to
understand how the predictor ecosystem reconfigures. To interpret the ANN’s weights, we
employ Feature Importance Analysis (FIA) (IBM Corporation, 2025; Biswas et al., 2024; Zidan
& Hady, 2018), which systematically shuffles input features to measure their impact on
predictive accuracy, generating a ranked list of importance.

By comparing the necessity constraints (NCA) and the importance rankings (FIA)
across the sub-samples (e.g., Low vs. High Risk), the M-BaNaNA framework visualizes the
complete reconfiguration of the predictor package. It captures how a specific context acts as a
switch, altering the necessity of specific factors while amplifying or diminishing the relevance
of others, which cannot be captured by linear models. This approach thus moves beyond the
single, simplistic interaction term, allowing for a rich, quantitative, and visualized comparison
of how the entire set of predictors reconfigures under different contingent conditions.

3. Methodology

We employ a methodological approach that involves replicating the moderation findings
of two distinct published studies, generating synthetic datasets consistent with their reported
models, and then applying both PLS-SEM and the proposed M-BaNaNA framework to these
datasets for comparative analysis.

3.1. Selection of Illustrative Studies

To demonstrate the broad applicability of the M-BaNaNA framework, these published
empirical studies were selected based on several criteria: (i) each study had to employ PLS-
SEM as its primary data analysis technique; (ii) each study needed to hypothesize and report at
least one statistically significant moderation effect involving latent variables; (iii) the selected
studies should represent research contexts within management accounting; and (iv) the studies
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needed to report sufficient parameter and survey information to allow for the generation of
coherent synthetic data reflecting the original model structure. Based on these criteria, the
following two studies were chosen:

The first study, Magsoom et al. (2020), published in Engineering, Construction and
Architectural Management, investigates the influence of formal and informal control
mechanisms on project performance within the construction industry. Its specific examination
of the moderating role of complexity risk on the relationships between these distinct control
modes and project performance, revealing significant interactions, makes it a candidate for
illustrating how M-BaNaNA can capture shifts in the effectiveness of different control
strategies under varying risk levels.

The second study, Al-Hattami et al. (2025), appearing in Strategic Change, explores the
impact of digital accounting system success (DASS-S) on marketing performance effectiveness
(MPE) in Small and Medium-sized Enterprises (SMEs). This research incorporates user
satisfaction (US) as a mediator between DASS-S and MPE. Importantly for the present analysis,
it also tests the moderating effect of organizational support (OS) on the initial path from DASS-
S to the mediator, US, within a moderation-mediation structure. While testing moderation-
mediation, its inclusion allows us to demonstrate M-BaNaNA's utility in understanding how
organizational context (OS) ultimately reshapes the drivers (DASS-S and US) of an outcome
(MPE).

3.2. Synthetic Data Generation and Validation

Given that the original datasets from the illustrative studies were not publicly available,
a synthetic data generation procedure was employed. Departing from traditional simulation
approaches that rely on published parameter estimates, such as path coefficients and loadings,
this study utilized a large-scale generative artificial intelligence (Al) model.

Specifically, a Generative Pre-trained Transformer (GPT) model was prompted with
two key inputs: (i) the complete set of manifest indicators, the questionnaire items, derived from
Magsoom et al. (2020) and Al-Hattami et al. (2025); and (ii) a complex technical prompt
outlining distinct statistical pipelines for tabular data synthesis, including Gaussian Copula,
Variational Autoencoder (VAE), and Generative Adversarial Network (GAN) architectures.

The Al was instructed to generate a dataset of 500 unique participant responses for each
study, simulating answers on the 7-point Likert-like scale (Likert, 1932) corresponding to each
item. This process resulted in two distinct datasets (N=500 each) intended to reflect the
conceptual domains implied by the questionnaire items.

Following the generation processes, the synthetic datasets were screened for data
integrity. Outlier analysis was conducted using the Mahalanobis Distance method (De
Maesschalck et al., 2000; Ghorbani, 2019). No observations exceeded the critical chi-squared
threshold, and thus, the full sample of 500 observations for each of the two replicated studies
was retained for the validation and analysis phases.

Following the generation of the synthetic datasets, a validation step was performed.
Using the seminr package in R (Hair et al., 2021; Kline, 2023; Sarstedt et al., 2021), a widely
used tool for PLS-SEM analysis, the original PLS-SEM models as specified in Magsoom et al.
(2020) and Al-Hattami et al. (2025) were estimated using the corresponding synthetic data. The
estimated path coefficients and the significance of the key moderation effects were compared
against the results reported in the original publications. This validation ensures that the
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subsequent comparison between PLS-SEM and M-BaNaNA is based on faithful representations
of the original research findings.

3.3. Moderation-Based Necessity and Network Analysis (M-BaNaNA)

The validated synthetic dataset for each replicated study was then subjected to the M-
BaNaNA procedure. This involved six main steps: (i) data preparation; (i1) data splitting; (iii)
NCA Analysis; (iv) ANN training; (v) FIA analysis; and (vi) Comparative Analysis.

For the Data Preparation, we adopted consistent methodological protocols recently
utilized in ANN studies (Pardim et al., 2024; Souza et al., 2023). First, to reduce dimensionality
while preserving the conceptual domain of the constructs, the indicators for each latent variable
were aggregated into a single composite score using the arithmetic mean of the items.
Subsequently, to allow algorithm training, these composite scores were normalized to a range
between 0 and 1. Given the 7-point Likert scale structure of the data, this normalization was
executed using the following equation:

Construct_Average — 1
6

Thirdly, to execute the Necessary Condition Analysis (NCA), we utilized the NCA
package in R (Dul, 2016) on the stratified sub-samples. We employed Ceiling Envelopment
with Free Disposal Hull (CE-FDH) technique to define the ceiling line. This non-parametric
approach was selected as it does not assume a specific functional form for the boundary line
and respects the local irregularities inherent in continuous latent variable scores derived from
the PLS-SEM stage (Dul, 2016). To ensure the robustness of the necessity findings, statistical
significance was assessed through a permutation test with 10,000 resamples for each model.

X =

Subsequently, the ANNs were trained using IBM SPSS Statistics. To ensure
methodological rigor and validity with recent literature, we adhered to similar protocols utilized
by Pardim et al. (2024) and Souza et al. (2023). We employed Multilayer Perceptron (MLP)
architecture, with a customized architecture to include one hidden layer, with the number of
units determined automatically by the software. The Sigmoid activation function was selected
for both the input, hidden and output layers, appropriate for the normalized data range used in
this study. The training process utilized the Gradient Descent optimization algorithm, and the
samples were partitioned into 90% for training and 10% for testing.

Finally, a characteristic of ANNSs is the randomization of training and testing data, which
can lead to variations in predictive performance and feature importance across different runs
(Biswas et al., 2024; IBM Corporation, 2019, 2025; Zidan & Hady, 2018). To ensure the
stability of our findings, we did not rely on a single execution, instead, we executed the ANN
training 10 independent times for each sub-sample, maintaining the exact same architecture and
parameters. For each of the 10 runs, we extracted the Feature Importance values and manually
conducted our FIA on Microsoft Excel. The final variable importance ranking reported in this
study represents the average of these 10 executions. This procedure neutralizes the variance
caused by randomization and provides a reliable measure of how the predictor ecosystem
reconfigures under different contingent scenarios.

The final phase involved a comparative synthesis of the insights derived from the
standard PLS-SEM moderation analysis against those generated by the M-BaNaNA framework.
This comparison was structured to triangulate three distinct logical layers: (i) the sufficiency
logic of PLS-SEM, represented by path coefficients and interaction terms; (ii) the necessity
logic of NCA, identifying critical bottlenecks invisible to regression-based methods; and (iii)
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the configurational logic of ANN, visualized through the reordering of predictor importance
rankings. By juxtaposing the linear interaction effects (PLS-SEM) against the necessity
constraints (NCA) and the non-linear ecosystem reconfiguration (ANN), this analysis aims to
demonstrate the additive explanatory power of M-BaNaNA in revealing how and why
management control packages adapt under varying contingent conditions.

4. Results
4.1. Study 1: Magsoom et al. (2020)
4.1.1. PLS-SEM Validation and Replication

Following the methodological procedure, the initial phase involved validating the
synthetic dataset against the findings published by Magsoom et al. (2020). The complete PLS-
SEM model, encompassing four control mechanisms (Behavior Control, Outcome Control,
Clan Control, and Self-Control), the moderator (Complexity Risk), and the four corresponding
interaction terms, was estimated using the seminr package in R. (Hair et al., 2021; Kline, 2023;
Sarstedt et al., 2021).

The assessment demonstrated strong psychometric properties for the synthetic data
(Table 1). All indicator loadings were robust, and internal consistency reliability was
confirmed, with both Cronbach’s Alpha and Composite Reliability metrics surpassing
recommended benchmarks. Convergent validity was established via Average Variance
Extracted (AVE). Furthermore, collinearity diagnostics (VIF) and item distinctiveness (Cross-
Loadings) confirmed the absence of bias.

Table 1 — Cronbach’s Alpha, Composite Reliability, Average Variance Extracted, Dillon-Goldstein's rho,
Cross-Loadings and Variance Inflation Factor

Construct alpha rhoC AVE rhoA | Min. Cross-Loadings Mean VIF Max. VIF
BC 0,85 0,89 0,63 0,85 0,78 1,72 1,84
ocC 0,86 0,9 0,59 0,86 0,76 1,65 1,85
CcC 0,82 0,88 0,65 0,82 0,8 1,68 1,78
SC 0,82 0,88 0,65 0,83 0,79 1,69 1,73
CR 0,94 0,95 0,6 095 0,73 1,95 2,36
PP 0,77 0,85 0,53 0,78 0,67 1,34 1,57

Note: BC = Behavior Control; OC = Outcome Control; CC = Clan Control; SC = Self-Control; CR = Complexity
Risk; PP = Project Performance. Thresholds: Alpha, rhoC, rhoA > 0.70; AVE > 0.50; VIF < 3.3; Loading > 0.50
(Hair et al., 2021).

Furthermore, discriminant validity was affirmed through both the Fornell-Larcker
criterion (Fornell & Larcker, 1981) and the Heterotrait-Monotrait (HTMT) ratio. The HTMT
(Hair et al., 2021) values fell below the most conservative thresholds.

Table 2 — Discriminant validity assessment

FL\HTMT BC oC CC SC CR PP
BC 0,79 0,37 0,37 0,27 0,10 0,53
oC 0,32 0,77 0,46 0,25 0,13 0,48
CC 0,31 0,39 0,81 0,44 0,09 0,52
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SC 0,23 0,21 0,36 0,81 0,06 0,47
CR 0,08 0,12 -0,07 -0,04 0,78 0,14
PP 0,43 0,40 0,42 0,38 -0,12 0,73

Diagonal represents the square root of AVE (Fornell-Larcker criterion). Upper triangle represents HTMT ratios.
All HTMT values < 0.85.

The structural model was estimated via bootstrapping (5,000 subsamples). As shown in
Table 3, the analysis successfully replicated the original main effects: Behavior, Outcome, Clan,
and Self-Control all exhibited positive and significant relationships with Project Performance.
Common Method Bias (CMB) was assessed via a full collinearity test, yielding 20.62%, well
below the 50% threshold (Kock, 2015, 2020).

Table 3 - Estimation results

Paths Original Est. Bootstrap Bootstrap SD T Stat.  2.5% 97.5%
Direct Effects
BC --> PP 0,28 0,27 0,04 7,84 0,20 0,34
oC --> PP 0,23 0,22 0,04 6,34 0,15 0,29
CC-->PP 0,18 0,18 0,04 4,96 0,10 0,25
SC --> PP 0,19 0,19 0,04 5,37 0,12 0,26
CR -->PP -0,12 -0,12 0,03 -3,40 -0,18 -0,05
Moderation Effects
BC*CR --> PP -0,16 -0,17 0,05 -3,45 -0,24 -0,07
OC*CR --> PP 0,24 0,25 0,04 6,45 0,18 0,32
CC*CR -->PP 0,17 0,17 0,04 4,44 0,10 0,24
SC*CR --> PP -0,20 -0,20 0,04 -5,09 -0,27 -0,14

Common Method Bias (CMB) - 20,62%

Estimation results for the structural model . Constructs: BC = Behavior Control; OC = Outcome Control; CC =
Clan Control; SC = Self-Control; CR = Complexity Risk; PP = Project Performance. Significance Testing was
assessed using a bootstrapping procedure with 5,000 subsamples. Bootstrap SD represents the standard error
derived from this procedure. The T-Stat. is the t-statistic. 2.5% and 97.5% define the 95% bias-corrected confidence
interval. A path is considered statistically significant at p < 0.05 when the T-statistic exceeds 1.96 (in magnitude)
and the 95% confidence interval does not include zero. Common Method Bias (CMB): total variance explained by
the first factor in a Harman's single-factor test (Kock, 2015, 2020).

Crucially, the interaction terms confirmed the key moderation findings reported by
Magsoom et al. (2020). The negative moderating effect of Complexity Risk on Behavior
Control and the positive effects on Outcome and Clan Control were statistically significant. A
minor divergence was noted for Self-Control, whereas the original study found a non-
significant moderation, our synthetic data revealed a significant negative interaction. Despite
this deviation, the replication successfully captured the direction and significance of all main
effects and the three primary moderation interactions. Thus, this dataset serves as a valid proxy
and is deemed suitable for the subsequent M-BaNaNA procedure.

4.1.2. M-BaNaNA Findings: New Insights
The application of the M-BaNaNA framework yielded robust predictive models for both

contingent scenarios. The NCA was performed to identify bottlenecks. As shown in Table 4,
the necessity logic reveals constraints that are invisible to standard PLS-SEM.
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Table 4 — Necessary Condition Analysis

Panel A: Low Moderator

Variable Effect Size (d) p-value Bottleneck Level Necessity Level
BC 0.164 <0.001 0.567 Medium
oC 0.000 1 0.417 No Necessity
CC 0.183 <0.001 0.750 Medium
SC 0.073 0.108 0.458 Small

Panel B: High Moderator

Variable Effect Size (d) p-value Bottleneck Level Necessity Level
BC 0.179 0.002 0.633 Medium
oC 0.168 <0.001 0.639 Medium
CC 0.231 <0.001 0.750 Medium
SC 0.176 <0.001 0.708 Medium

Note: "Bottleneck Level” refers to the minimum absolute level of the condition (X) required to achieve the
maximum observed level of performance (Y). Necessity levels based on Dul (2016): 0 < d < 0.1 (Small), 0.1 < d
< 0.3 (Medium), 0.3 <d (Large)

Specifically, the results reveal a distinct “necessity shift” triggered by the level of
complexity risk. In the Low Moderation scenario (Panel A), Outcome Control acts as an
optional element (d = 0.00), implying that high performance remains achievable even in its
absence. However, in the High Moderation scenario (Panel B), Outcome Control transforms
into a medium-level bottleneck (d = 0.168), becoming a prerequisite for success. A similar
transition is observed for Self-Control, which evolves from a negligible factor to a significant
constraint. This empirical evidence validates the M-BaNaNA premise, as the moderator does
not only influence the linear strength of a relationship (sufficiency), but fundamentally activates
specific constraints (necessity) that define the boundaries of the achievable outcome

For the ANNSs, as detailed in the model error metrics (Table 5), there was no evidence
of overfitting. For the “Low Moderator” sub-sample, the average Root Mean Square Error
(RMSE) for the training and testing sets were 9.80% and 9.55%, respectively. Similarly, the
“High Moderator” models returned average RMSE values of 9.72% for training and 9.02% for
testing. The minimal divergence between training and testing errors across all 10 executions
points to the stability and generalizability of the ANNs utilized.

Table 5 — Model Validity Assessment
Panel A: Low Moderator Model Error

ANN Sum 3q. error n Sum 5q. error n RMSE RMSE RMSE (Traini.ng) -
(Training) (Testing) (Training) (Testing) RMSE (Testing)
1 2,21 228 0,18 25 9,84% 8,46% 1,38%
2 2,13 231 0,23 22 9,60% 10,27% 0,67%
3 2,36 224 0,20 29 10,25% 8,37% 1,89%
4 2,05 222 0,44 31 9,60% 11,89% 2,28%
5 2,26 228 0,17 25 9,95% 8,34% 1,60%
6 2,28 225 0,18 28 10,07% 7,91% 2,16%
7 2,10 229 0,15 24 9,57% 7,88% 1,69%
8 2,00 225 0,40 28 9,44% 11,98% 2,55%
9 2,37 227 0,20 26 10,21% 8,66% 1,55%
10 2,05 227 0,36 26 9,51% 11,78% 2,28%
Mean 2,18 226,60 0,25 26,40  9,80% 9,55% 1,81%
Std. Dev 0,13 2,63 0,11 2,63 0,30% 1,74% 0,55%
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Panel B: High Moderator Model Error
ANN Sum sq. error Sum sq. error RMSE RMSE RMSE (Training) -
(Training) (Testing) (Training) (Testing) RMSE (Testing)
1 2,82 223 0,33 24 11,24% 11,68% 0,44%
2 2,04 225 0,11 22 9,51% 7,01% 2,51%
3 2,06 223 0,17 24 9,61% 8,29% 1,32%
4 1,91 218 0,24 29 9,36% 9,06% 0,30%
5 1,89 217 0,29 30 9,33% 9,81% 0,48%
6 2,35 222 0,18 25 10,29% 8,46% 1,83%
7 1,97 219 0,19 28 9,49% 8,24% 1,25%
8 1,98 224 0,15 23 9,39% 7,94% 1,45%
9 2,02 219 0,35 28 9,60% 11,24% 1,65%
10 1,96 221 0,19 26 9,42% 8,46% 0,96%
Mean 2,10 221,10 0,22 25,9 9,72% 9,02% 1,22%
Std. Dev 0,28 2,73 0,08 2,73 0,60% 1,48% 0,69%

Assessment of the ANN predictive performance across 10 independent training runs. Sum sq. error: Sum of Squares
Error, representing the objective function minimized during the training process using Gradient Descent. RMSE:
Root Mean Square Error, indicating the average magnitude of the prediction error in normalized terms.
Training/Testing: The sample was partitioned into 90% for training (parameter optimization) and 10% for testing
(out-of-sample validation). RMSE Difference: n: sub-sample size. The marginal divergence between training and
testing errors confirms the generalization capability of the networks and the absence of overfitting (IBM
Corporation, 2019; Zidan & Hady, 2018).

The FIA (Table 6) revealed a reconfiguration of the control package importance ranking
between the two contingent groups, offering insights that complement the linear interaction

effects estimated via PLS-SEM.

Table 6 — Feature Importance Analysis

Panel A: Low Moderator Feature Importance

Average Importance

Average Relative Importance

ANN BC CcC OoC SC ANN BC CC OoC SC

1 46% 13% 9% 32% 1 100%  27% 19% 70%

2 46% 9% 8% 37% 2 100%  20% 17% 82%

3 43% 13% 9% 36% 3 100% 30% 20% 85%
4 41% 8%  16% 36% 4 100%  20% 38% 89%
5 49% % 9% 35% 5 100% 15% 18% 1%
6 52% 14% 0% 34% 6 100%  26% 1% 65%
7 38% 8%  15% 40% 7 96% 19% 37% 100%

8 53% 6% 3% 39% 8 100% 10% 5% 72%

9 52% 3% 7% 38% 9 100% 6% 13% 73%
10 57% 4% 3% 36% 10 100% 6% 5% 64%
Average 100% 18% 17% T7%

Average 48% 8% 8% 36% )
Relative Importance 100% 18% 17% 77%
Panel B: High Moderator Feature Importance
Average Importance Average Relative Importance
ANN BC CcC oC SC ANN BC CcC oC SC

1 20% 32% 34% 15% 1 58% 94% 100%  44%

2 17%  29%  46% 9% 2 37% 64% 100% 19%

3 15% 35% 39% 12% 3 38% 90% 100% 31%
4 15% 33% 41% 11% 4 38% 81% 100%  27%

www.congressousp.fipecafi.org



2 6 o Theme: Accounting, Technology and Sustainability: shaping the future
research and practice

USP International
Conference on Accounting
5 23%  22%  40% 15% 5 57% 56% 100% 37%
6 12%  41% 31% 17% 6 28% 100% 75% 42%
7 17%  30% 44% 8% 7 40% 69% 100% 19%
8 18%  34% 40% 8% 8 46% 85% 100% 21%
9 18% 31% 41% 10% 9 43% 76% 100% 23%
10 16% 30% 43% 11% 10 37% 70% 100% 25%
Average 42% 78% 97% 29%
Average 17% 32% 40% 12% )
Relative Importance 43% 80% 100% 30%

Feature Importance Analysis (FIA) results averaged across 10 independent ANN executions. Average Importance:
Represents the independent variable importance, reflecting the proportional contribution of each predictor to the
network's predictive accuracy based on sensitivity analysis, the sum of importance values generally approximates
100%. Average Relative Importance: Rescales the importance values such that the most influential predictor in
each individual run is set to 100%, highlighting the hierarchy of the predictor ecosystem relative to the dominant
factor (Biswas et al., 2024, IBM Corporation, 2025). Constructs: BC = Behavior Control; OC = Outcome Control,;
CC = Clan Control; SC = Self-Control.

In the Low Complexity Risk scenario, the ecosystem is characterized by a dominance
of formalized process. As shown in Table 6 (Panel A), Behavior Control emerges as the
benchmark predictor (Relative Importance: 100%), followed by Self-Control (77%). In this
predictable environment, strict adherence to protocols drives performance.

However, in the High Complexity Risk scenario (Panel B), the M-BaNaNA framework
reveals a systemic inversion. The ecosystem shifts from mechanistic adherence to organic
output orientation. Outcome Control rises to become the most relevant predictor (Relative
Importance: 100%), followed by Clan Control (80%). Meanwhile, Behavior Control drops
significantly to a secondary role (43%).

The triangulation of these results offers a granular view of the control package. The
NCA establishes that high complexity imposes strict boundary conditions, transforming
Outcome Control and Self-Control from optional enhancers into mandatory bottlenecks
required for performance. The FIA clarifies that the internal weight of the control package is
volatile rather than static, revealing a structural pivot from a mechanistic dominance of
Behavior Control in low-risk contexts to an organic, output-oriented hierarchy in high-risk
scenarios. The M-BaNaNA thus visualizes a reconfiguration of the control ecosystem, offering
a depth of insight that extends beyond the sign of the interaction coefficient.

4.2. Study 2: Al-Hattami et al. (2025)
4.2.1. PLS-SEM Validation and Replication

In the second replication study, the synthetic dataset generated to mirror the context of
Al-Hattami et al. (2025) was analyzed. The moderated-mediation model was specified in seminr
(Hair et al., 2021; Kline, 2023; Sarstedt et al., 2021) according to the original study's
framework, examining Digital Accounting System Success (DASS-S), User Satisfaction (US),
Organizational Support (OS), and Marketing Performance Effectiveness (MPE).

The assessment demonstrated strong psychometric properties for the synthetic data
(Table 7). All indicator loadings were robust, and internal consistency reliability was
confirmed, with both Cronbach’s Alpha and Composite Reliability metrics surpassing
recommended benchmarks. Convergent validity was established via Average Variance
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Extracted (AVE). Furthermore, collinearity diagnostics (VIF) and item distinctiveness (Cross-
Loadings) confirmed the absence of bias.

Table 7 — Cronbach’s Alpha, Composite Reliability, Average Variance Extracted, Dillon-Goldstein's rho,
Cross-Loadings and Variance Inflation Factor

Construct alpha rhoC AVE rhoA | Min. Cross-Loadings | Mean VIF Max. VIF
DAS 0,94 0,95 0,66 0,94 0,77 2,46 3,27
US 0,86 0,91 0,71 0,87 0,81 2,06 2,21
(O] 0,85 0,9 0,69 0,87 0,81 1,95 2,04
MPE 0,84 0,88 0,56 0,85 0,71 1,65 1,75

Note: DAS = Digital Accounting System Success; US = User Satisfaction; OS = Organizational Support; MPE =
Marketing Performance Effectiveness. Thresholds: Alpha, rhoC, rhoA > 0.70; AVE > 0.50; VIF < 3.3; Loading >
0.50 (Hair et al., 2021).

Furthermore, discriminant validity was affirmed through both the Fornell-Larcker
criterion (Fornell & Larcker, 1981) and the Heterotrait-Monotrait (HTMT) ratio. The HTMT
(Hair et al., 2021) values fell below the most conservative thresholds.

Table 8 — Discriminant validity assessment

FL\HTMT DAS US (O8] MPE
DAS 0,81 0,69 0,29 0,67
UsS 0,63 0,84 0,20 0,81
(O] 0,26 0,17 0,83 0,21
MPE 0,60 0,70 0,18 0,75

Diagonal represents the square root of AVE (Fornell-Larcker criterion). Upper triangle represents HTMT ratios.
All HTMT values < 0.85.

The subsequent structural model estimation conducted using five thousand bootstrap
resamples, yielded results that closely mirrored the original publication, present in Table 9.

Table 9 - Estimation results

Paths Original Est. Bootstrap Bootstrap SD TStat. 2.5% 97.5%
Direct Effects
DAS -->US 0,62 0,62 0,03 21,71 0,56 0,67
DAS --> MPE 0,26 0,26 0,04 6,68 0,18 0,34
US --> MPE 0,54 0,54 0,04 14,46 0,46 0,61
OS --> US 0,02 0,02 0,03 0,43 -0,05 0,08
Moderation Effects
DAS*0OS --> US 0,17 0,18 0,03 5,84 0,12 0,24
Indirect Effects
DAS --> US --> MPE 0,33 0,33 0,03 11,78 0,28 0,39
OS --> US --> MPE 0,01 0,01 0,02 0,43 -0,03 0,05

Common Method Bias (CMB) - 28,21%

The model demonstrated substantial explanatory power for both endogenous variables,
User Satisfaction and Marketing Performance Effectiveness. All hypothesized direct paths were
confirmed. Specifically, DASS-S had a positive and significant influence on MPE and a strong
positive and significant influence on US. Furthermore, US exhibited a strong positive and
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significant relationship with MPE. The analysis of the indirect effect confirmed that US
significantly mediates the relationship between DASS-S and MPE.

Most importantly for the present study's focus, the key moderation effect (HS) was
successfully replicated, that is, Organizational Support was found to positively and significantly
moderate the relationship between DASS-S and User Satisfaction. Given the complete and
robust replication of all hypothesized main, mediated, and moderated effects, the synthetic
dataset is considered a highly faithful and validated representation of the original study's
theoretical model, suitable for the subsequent M-BaNaNA implementation

4.2.1. M-BaNaNA Findings: New Insights
The application of the M-BaNaNA framework to the Al-Hattami et al. (2025) replication
dataset provided deeper structural insights regarding the role of context. First, the Necessary

Condition Analysis (NCA) was conducted to determine if the level of Organizational Support
alters the necessity constraints of the antecedents, rather than just their average influence.

Table 10 — Necessary Condition Analysis

Panel A: Low Moderation

Variable Effect Size (d) p-value Bottleneck Level Necessity Level
DAS-S 0.087 0.001 0.759 Small
UsS 0.071 0.028 0.625 Small
Panel B: High Moderation
Variable Effect Size (d) p-value Bottleneck Level Necessity Level
DAS-S 0.021 0.836 0.759 Small
(0N 0.102 0.004 0.875 Medium

Note: "Bottleneck Level” refers to the minimum absolute level of the condition (X) required to achieve the
maximum observed level of performance (Y). Necessity levels based on Dul (2016): 0 < d < 0.1 (Small), 0.1 <d
< 0.3 (Medium), 0.3 < d (Large)

The results indicate a distinct shift in constraints. In the Low Organizational Support
scenario (Panel A), both Digital Accounting System Success and User Satisfaction act as
statistically significant, although small, bottlenecks. This implies that in the absence of
organizational backing, technical success and user satisfaction are both mandatory
prerequisites. However, in the High Organizational Support scenario (Panel B), a divergence
occurs. Digital Accounting System Success ceases to be a statistically significant necessary
condition (p = 0.836), suggesting that robust organizational support acts as a buffer, allowing
firms to achieve performance even if the system's technical success is not maximal. Conversely,
User Satisfaction strengthens its role, evolving into a medium-level necessary condition (d >
0.1). This suggests that when the organization provides strong support, the technical constraints
are relaxed, but the human element, User Satisfaction, becomes the primary mandatory
gatekeeper for performance.

For the ANNSs, the error metrics indicate robust generalization capabilities, with the
average RMSE for the “Low Moderator” sub-sample recorded at 15.30% for training and
14.67% for testing. Similarly, the “High Moderator” models yielded average RMSE values of
16.15% for training and 15.11% for testing. Although the absolute error levels are slightly
higher than in the first study, reflecting the nature of the relationship between system attributes
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and marketing performance, the consistency between training and testing errors confirms the
absence of overfitting and the reliability of the feature importance extraction.

Table 11 — Model Validity Assessment
Panel A: Low Moderator Model Error

ANN Sum sq. error n Sum sq.error RMSE RMSE RMSE (Traini.ng) -
(Training) (Testing) (Training) (Testing) = RMSE (Testing)
1 5,58 238 0,76 28 15,32% 16,53% 1,21%
2 5,40 242 0,65 24 14,94% 16,51% 1,57%
3 5,69 241 0,55 25 15,37% 14,88% 0,49%
4 5,56 235 0,63 31 15,38% 14,31% 1,07%
5 5,50 231 0,80 35 15,43% 15,16% 0,27%
6 5,68 238 0,49 28 15,45% 13,18% 2,26%
7 5,32 235 0,89 31 15,05% 16,97% 1,93%
8 5,56 241 0,49 25 15,20% 13,98% 1,22%
9 5,66 238 0,43 28 15,42% 12,35% 3,07%
10 5,68 239 0,45 27 15,42% 12,88% 2,54%
Mean 5,56 237,80 0,62 28,2 15,30% 14,67% 1,56%
Std. Dev 0,13 3,36 0,16 336 0,18% 1,63% 0,89%
Panel B: High Moderator Model Error
ANN Sum sq. error n Sum sq. error RMSE RMSE RMSE (Traini.ng) -
(Training) (Testing) (Training) (Testing) = RMSE (Testing)
1 5,74 210 0,48 24 16,53% 14,16% 2,37%
2 5,24 213 0,69 21 15,68% 18,13% 2,45%
3 5,36 210 0,88 24 15,98% 19,16% 3,18%
4 5,36 207 0,58 27 16,10% 14,67% 1,43%
5 5,34 208 0,58 26 16,02% 14,99% 1,03%
6 5,55 212 0,40 22 16,17% 13,55% 2,62%
7 5,45 207 0,58 27 16,23% 14,69% 1,54%
8 5,70 213 0,44 21 16,35% 14,55% 1,80%
9 5,35 208 0,56 26 16,04% 14,64% 1,40%
10 5,59 209 0,40 25 16,35% 12,60% 3,75%
Mean 5,47 209,70 0,56 24,30  16,15% 15,11% 2,16%
Std. Dev 0,17 2,31 0,15 2,31 0,24% 2,00% 0,87%

Assessment of ANN predictive performance across 10 independent training runs for the moderated-mediation
replication. Sum sq. error: Sum of Squares Error, representing the optimization loss function. RMSE: Root Mean
Square Error, representing the average magnitude of the prediction error in normalized terms. Training/Testing:
Consistent with the methodology, the sample was partitioned into 90% for training and 10% for testing. N: sub-
sample size. RMSE Difference: The consistent error rates between the training and testing sets across both panels
indicate robust model stability and lack of overfitting, ensuring the reliability of the subsequent feature extraction
(IBM Corporation, 2019; Zidan & Hady, 2018).

The FIA exposes a subtle reconfiguration of the drivers of Marketing Performance
Effectiveness (MPE) when conditioned by the level of Organizational Support.

Table 12 — Feature Importance Analysis
Panel A: Low Moderator Feature Importance

Average Importance Average Relative Importance
ANN DAS uUsS ANN DAS uUsS
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1 56% 44% 1 100% 77%

2 52% 48% 2 100% 91%

3 36% 64% 3 57% 100%

4 48% 52% 4 92% 100%

5 50% 50% 5 100% 100%

6 50% 50% 6 100% 98%

7 48% 52% 7 92% 100%

8 45% 55% 8 80% 100%

9 42% 58% 9 73% 100%

10 43% 57% 10 77% 100%
Average 87% 97%

Average 47% 53% .
Relative Importance 90% 100%
Panel B: High Moderator Feature Importance
Average Importance Average Relative Importance
ANN DAS US ANN DAS UsS

1 32% 68% 1 47% 100%

2 31% 69% 2 46% 100%

3 33% 67% 3 50% 100%

4 30% 70% 4 43% 100%

5 41% 59% 5 69% 100%

6 45% 55% 6 80% 100%

7 44% 56% 7 80% 100%

8 54% 46% 8 100% 85%

9 32% 68% 9 47% 100%

10 37% 63% 10 59% 100%
Average 62% 98%

Average 38% 62% .

Relative Importance 63% 100%

Feature Importance Analysis (FIA) results averaged across 10 independent ANN executions. Average Importance:
Represents the independent variable importance, indicating how much the network's model-predicted value
changes for different values of the independent variable (sensitivity analysis). Average Relative Importance:
Normalizes the importance scores so that the predictor with the greatest contribution is assigned 100%, facilitating
the comparison of predictor dominance between the low and high support scenarios (Biswas et al., 2024; IBM
Corporation, 2025). Constructs: DAS = Digital Accounting System Success,; US = User Satisfaction.

In the Low Organizational Support scenario, the ecosystem of predictors is relatively
balanced. User Satisfaction serves as the benchmark predictor (Relative Importance: 100%),
yet Digital Accounting System Success maintains a large influence, reaching a relative
importance of 90%. This proximity suggests that when the organization fails to provide
adequate support, marketing performance depends almost as heavily on the technical success
of the system as it does on users' satisfaction. In this resource-constrained context, the technical
tool itself retains a high degree of direct relevance relative to the dominant factor.

Conversely, in the High Organizational Support scenario, the results show that hierarchy
emerges. User Satisfaction consolidates its dominance (Relative Importance: 100%), while the
influence of Digital Accounting System Success declines significantly to a relative importance
of 63%. This creates a substantial gap in relevance compared to the balanced profile observed
in the low-support group.

The triangulation of the M-BaNaNA results for the second study reveals a “human-
centric” shift facilitated by organizational context. The NCA results suggest that Organizational
Support acts as a compensatory mechanism for technical necessity. In other words, when
support is high, the Digital Accounting System itself is no longer a bottleneck for failure.
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Simultaneously, the FIA demonstrates that high support widens the relevance gap, cementing
User Satisfaction as the dominant driver (Relative Importance: 100% vs. 63%).

Thus, while the standard PLS-SEM analysis confirmed that support moderates the linear
relationship strength, the M-BaNaNA framework clarifies the structural adaptation of the
control package. Specifically, Organizational Support effectively reduces the associated risk
regarding the technical aspect, removing it as a bottleneck and lowering its relative rank, and
refocuses the path to performance entirely on the user's experience.

5. Discussion and Conclusions

The primary objective of this study was to propose and demonstrate the utility of the
Moderation-Based Necessity and Network Analysis (M-BaNaNA) as a methodological
complement to traditional PLS-SEM in management accounting research. By integrating the
explanatory robustness of PLS-SEM with the necessity logic of NCA and the non-linear
exploratory power of Artificial Neural Networks (ANN), we addressed a limitation in
contingency-based studies, namely, the reliance on reductive, linear interaction terms to explain
complex configurational phenomena.

The application of the M-BaNaNA framework to the two replicated studies uncovered
structural insights that remained invisible to standard PLS-SEM analysis. In the replication of
Magsoom et al. (2020), while PLS-SEM confirmed that risk moderates the strength of control
mechanisms, M-BaNaNA exposed the systemic reconfiguration of these controls.The analysis
revealed that under low complexity risk, the control package is dominated by mechanistic
adherence, where Behavior Control is the primary driver. Conversely, under high complexity
risk, the ecosystem pivots toward organic, result-oriented mechanisms, where Outcome Control
and Clan Control become the dominant predictors. Crucially, the NCA component identified
that Outcome Control transforms from an optional element to a mandatory bottleneck in high-
risk scenarios. This validates Schoonhoven's (1981) arguments regarding non-monotonic
interactions, showing that context does not merely adjust coefficients, but fundamentally alters
the hierarchy and necessity of managerial controls.

Similarly, in the replication of Al-Hattami et al. (2025), M-BaNaNA expanded the
mechanisms regarding the moderated-mediation model. While standard analysis indicated a
positive interaction between Organizational Support and Digital Accounting System Success
(DASS-S), our framework revealed a polarization effect. In high-support environments, the
ecosystem shifts from a balanced sociotechnical approach to a strongly human-centric model,
where User Satisfaction becomes the overwhelming driver of performance. Furthermore, the
necessity analysis demonstrated that strong organizational support acts as a buffer, removing
the strict bottleneck status of technical system success.

The M-BaNaNA framework contributes to the literature by reconciling methodological
practice with the core tenets of Contingency Theory (Otley, 2016). Theory posits that
organizational elements function as an interdependent package (Guerreiro, 2025), yet
regression-based methods often model them as isolated, additive variables. This study
demonstrates that M-BaNaNA empowers researchers to adopt a true configurational approach,
quantifying how the entire hierarchy of predictors reorders itself in response to contextual
contingencies.

Methodologically, we reinforce the value of hybrid approaches, responding directly to
recent calls for more sophisticated and holistic research designs. We do not advocate for
replacing PLS-SEM; modern literature validates it as an essential and robust foundational tool
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for modeling complex phenomena and multivariate relationships (Reis & Macedo, 2025).
However, theoretical advancements demand that management control systems be understood
through a systemic and interdependent lens, transcending the analysis of isolated artifacts
(Guerreiro, 2025). Once the causal foundations are set by PLS-SEM, integrating NCA and
ANNs provides the necessary lenses to explore boundaries, constraints, and the relative
importance of relationships within specific subgroups. Our methodological proposal closes this
exact gap, enabling researchers not only to validate structural paths but also to quantitatively
capture how the control package truly behaves and adapts as a holistic contingent system.

For practitioners, the insights derived from M-BaNaNA are arguably more actionable
than interaction coefficients. Managers rarely make decisions based on statistical moderation
terms, instead, they prioritize resource allocation based on critical drivers (see also Oyadomari
et al., 2023). By identifying which levers act as mandatory bottlenecks versus optional
enhancers under different scenarios, and by providing ranked importance lists, this framework
translates abstract statistical interactions into concrete strategic priorities.

This study is subject to limitations that open avenues for future research. First, the use
of synthetic data, while rigorously validated against original model parameters to ensure
coherence, served primarily an illustrative purpose. Future research should apply M-BaNaNA
to primary field data to further validate its utility in capturing real-world measurement noise
and complexity. Second, the use of median splits to define contingent sub-samples may result
in information loss at the boundaries. Future implementations could explore sophisticated
clustering techniques to define contingent groups more organically.

In conclusion, the M-BaNaNA framework offers a rigorous and theoretically aligned
method for dissecting the complexity of moderation. By illuminating how predictor ecosystems
reconfigure under varying conditions, it enables management accounting scholars to tell richer,
more accurate stories about the contingent nature of organizational performance.
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