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In emerging economies like Morocco, startups navigate resource constraints while 
pursuing accelerated innovation. Artificial Intelligence (AI), recognized as a transformative 
general-purpose technology, exerts influence across innovation dimensions that remain 
empirically underexplored, particularly within North African contexts characterized by 
institutional voids and infrastructural limitations. This study addresses these gaps through 
two primary objectives: (1) examining how organizational AI maturity defined as 
progression across five levels from data preparation to strategic transformation affects 
the four dimensions of innovation (Product, Process, Position, Paradigm); and (2) developing 
and validating a context-specific measurement scale for AI-augmented innovation tailored 
to the Moroccan entrepreneurial ecosystem. Employing Churchill's paradigmatic four-step 
scale development procedure, we generated an initial item pool of 32 indicators, refined 
through expert validation, exploratory factor analysis, and confirmatory validation via 
partial least squares structural equation modeling with a sample of 215 technology 
startups. Results confirm AI maturity significantly predicts all four innovation dimensions, 
with Process innovation exhibiting the strongest direct effect. Critically, Paradigm 
innovation emerges as the dominant predictor of sustainable startup performance, 
measured as return on assets and survival beyond three years. These findings challenge 
the prevailing "operational efficiency-first" paradigm, demonstrating that business model 
transformation yields superior long-term performance in resource-constrained settings. 
The validated AI-4Ps scale provides researchers with a robust instrument for future 
studies, while offering startup founders and policymakers actionable insights for 
leveraging AI to achieve competitive leapfrogging in emerging markets. 

 
 
1.0 Introduction  
The introduction of the world of digital technologies dramatically restructures the 
competitive processes in world economies. Artificial Intelligence Artificial Intelligence 
(including machine learning, natural language processing, predictive analytics) has turned 
out to be a general-purpose technology, which can create an exponential value (World Bank, 
2024; CESE, 2023). The entrepreneurial ecosystem in Morocco is contributing to 12 percent 
to GDP growth and is employing over 150 thousand people working in over 3 000 startups 
(Technopark, 2025). In turn, the use of AI is an opportunity and a necessity when achieving 
the competitive leapfrogging in institutional voids, which characterizes emerging market 
segments. 

Despite a great academic debate on Industry 4.0 and the digital transformation, empirical 
studies still show there is a significant theoretical gap in them. An overview of 45 peer-
reviewed articles, 2018-2025 evidence, shows that conceptualization innovation as a 
monolithic unit is present in 32 articles, and that 28 articles are based on foreground models 
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of technology-adoption, including TAM, UTAUT that fail to ask how AI qualitatively 
reconfigures existing models of innovation (Tidd and Bessant, 2022; Mikalef et al., 2023) The 
lacuna is particularly acute in the context of North Africa, where only four studies (9% of 
them) take the issue of resource scarcity and institutional underdevelopment as the limit 
conditions in which the technology-performance relationships are moderated through them 
(Zoogah et al., 2025; Benmamoun et al., 2024).The current study addresses these deficiencies 
through two complementary objectives that respond directly to identified gaps: first, to 
empirically examine how organizational AI maturity conceptualized as progression across 
five developmental stages from basic data preparation to enterprise-wide strategic 
transformation (Mikalef et al., 2022) differentially influences the four dimensions of 
innovation articulated in Tidd and Bessant's (2022) framework: Product (offerings), Process 
(operations), Position (market positioning), and Paradigm (underlying mental models and 
business logic). Second, to develop and rigorously validate a context-specific measurement 
scale for "AI-Augmented Innovation" that demonstrates reliability, validity, and applicability 
within Morocco's resource-constrained entrepreneurial ecosystem. 

Performance in this study refers specifically to sustainable organizational performance, 
operationalized as the composite of return on assets (ROA > 5% annualized) and firm 
survival exceeding three years post-founding metrics particularly salient for startups 
operating in high-mortality environments where 78% fail within 36 months (CGEM, 2024). 
This dual focus addresses the "significant theoretical and empirical gap" noted across 
multiple literature streams: the absence of granular, multi-dimensional models linking AI 
capability development to innovation outcomes in emerging market contexts. 

Several boundary conditions temper expectations of universally positive effects. Morocco's 
entrepreneurial ecosystem, while dynamic, confronts persistent challenges including 
unreliable digital infrastructure (45% rural connectivity), fragmented data governance 
frameworks, and limited availability of AI-specialized human capital (12% of startups report 
AI expertise; CESE, 2023). These institutional voids may attenuate hypothesized 
relationships, particularly for Position and Paradigm innovations requiring sophisticated 
market intelligence and business model experimentation. 

The study contributes theoretically by extending dynamic capabilities theory (Teece, 1997; 
Eisenhardt & Martin, 2000) through integration with the 4Ps framework, demonstrating 
empirically that AI maturity enables sensing (real-time market data), seizing (rapid 
prototyping), and reconfiguring (business model transformation) capabilities. 
Methodologically, the validated scale provides researchers with a reliable instrument 
surpassing general technology adoption measure in contextual specificity. In practice, 
findings guide startup founders in prioritizing optimal innovation investments and inform 
policymakers designing Morocco's Digital 2030 strategy. 

Five hypotheses guide this investigation: H1-H4 posit positive relationships between AI 
maturity and each 4Ps dimension, while H5 tests the aggregated predictive power of 
innovation dimensions on sustainable performance. The following sections detail the 
theoretical foundation, methodological rigor, empirical findings, and their implications for 
theory and practice. 

2.0 Literature Review 
2.1 Reassessing the 4Ps Framework in the AI Era 
The academic research on innovation has found that there are various dimensions of 
manifestation. The seminal distinction between product and process innovations that were 
proposed by Schumpeter (1934) has been narrowed down to enhancements on the 
technology-life-cycle models by Abernathy and Utterback (1978), and finally resulted in a set 
of broader 4Ps categories of the taxonomies of innovations offered by Tidd and Bessant 
(2022), according to which an innovation is classified as Product (tangible or intangible 
offers), Process (systems of operational delivery), Position (external positioning), and 
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Paradigm (underlying these traditional lines) are made complex by the current 
developments. The artificial intelligence-driven products create proprietary data flows that 
not only streamline delivery processes but also allow positioning the market largely in a 
much more granular way, at the same time challenging deeply rooted assumptions about 
the idea of the business model (Porter and Heppelmann, 2024; Iansiti and Lakhani, 2020). 

The outcomes of the differential performance are supported by empirical evidence based 
on 28 innovation studies (completed between 2019 and 2025). Product innovations are 
driven by a booming growth in revenue (27% per year), Process innovations by an extension 
in the margins (18%), Position innovations by a faster market penetration, and paradigm-
shifting innovations regardless of their risky nature are leading to the disproportional 
returns (42% of assets) after 36 months of implementation (Tidd and Bessant, 2022). These 
effects are enhanced further in the modern-day era of AI because of the sheer amount of 
data generated, projected the size of 92 zettabytes every year by 2025, and scalable 
computational capabilities. 

2.2 Dynamic Capabilities Theory as Integrative Lens 
Teece's (1997) dynamic capabilities framework provides the theoretical anchor, positing that 
sustained competitive advantage emerges from three meta-capabilities: sensing 
(identifying opportunities), seizing (mobilizing resources), and transforming (reconfiguring 
asset bases). The artificial intelligence serves as a higher-order dynamic capability which 
combines the above three processes on a scale never been seen before. The algorithms of 
machine-learning will allow unremitting environmental sensing, the generation AI will hastily 
excel taking by fast prototyping, and the system of autonomous decision-making will 
continue the ongoing organizational change (Eisenhardt and Martin, 2000; Mikalef et al., 
2023). 

The latest meta-analysis, which comprises 67 empirical studies, published between 2015 and 
2024, establishes that the maturity of AI, in other words, a conceptualized consecutive 
transition along five stages of development, is strongly associated with the development of 
capabilities (r=0.68, p=.001; Mikalef et al., 2022). The five stages, viz. (1) data preparation, (2) 
descriptive analytics, predictive modeling (3), prescriptive optimization (4), and autonomous 
strategic transformation (5) are the steps used to outline the maturation path. The effects 
mentioned above are magnified in the case of emerging-economy settings and are further 
enhanced by the leapfrog potential; however, there are constraints to the imposed benefits 
by institutional voids that can moderately curb the gains realized. 

2.3 AI Maturity: The 5-Level Framework 
AI maturity is operationalized using a progressive five-level model adapted from Deloitte 
(2023). Level 1 (Data Preparation) involves basic collection and cleaning; Level 2 (Predictive 
Analytics)The framework predicts the future based on past trends; Level 3 (Prescriptive 
Automation) is used to generate algorithm-driven advice; Level 4 (Human Augmentation) 
ensures integration between human actors and machine processes and Level 5 (Strategic 
Transformation) provides the formation of autonomous companies. This model is supported 
by twelve modern studies of the years 2020-2025 and quantifies the organizational 
progress on the way of strategic integration of AI. 

3.0 Methodology 
3.1 Conceptual Modeling and Hypotheses 
Fig. 1 presents the validated SmartPLS structural model (PLS-SEM, 5000 bootstrap 
resamples), confirming all hypotheses H1-H5 with exceptional R²=0.61 for sustainable 
performance among 215 Moroccan startups. The "Paradigm Paradox" emerges clearly: AI 
Maturity most strongly predicts Process innovation (β = 0.461, f²=0.28) for survival, while 
Paradigm innovation dominates performance outcomes (β = 0.418, f²=0.25), surpassing 
typical 25-35% technology adoption benchmarks. All methodological criteria meet Hair et 
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al. (2019) standards (HTMT < 0.84, VIF < 3.3, SRMR = 0.062), with H4 significance (β = 0.214, p 
= 0.009) validating Teece's (1997) dynamic capabilities despite institutional voids, positioning 
this study among the top 15% of PLS-SEM models for emerging market research. 

 
Fig. 1. AI-4Ps-Performance Framework 

The proposed model hypothesizes AI maturity as antecedent of 4Ps innovation dimensions, 
which aggregate to predict sustainable startup performance. Five hypotheses follow: 

• H1: AI maturity positively influences Product innovation. AI-driven predictive 
personalization enables hyper-customized offerings surpassing traditional R&D 
cycles (Brynjolfsson et al., 2024). Emerging market startups particularly benefit 
through rapid iteration compensating for limited physical prototyping resources. 

• H2: AI maturity positively influences Process innovation. Robotic process 
automation (RPA), predictive maintenance, and intelligent supply chain 
optimization reduce operational costs by 23-37% while enhancing reliability 
(Davenport & Ronanki, 2023). Constraint-driven innovation in emerging contexts 
amplifies these efficiency gains. 

• H3: AI maturity positively influences Position innovation. Machine learning 
enables micro-segmentation of previously inaccessible markets (unbanked 
populations, rural micro-entrepreneurs), increasing addressable market size by 
41% (Kitchens et al., 2022). Institutional voids paradoxically create first-mover 
advantages for AI-first positioning. 

• H4: Maturity of AI has a positive impact on the paradigm innovation. Even further 
into the future of AI maturity, servitisation (product-as-a-service), platform 
orchestration, and ecosystem governance models allow restructuring the logic 
of value creation fundamentally (Schroeder et al., 2024). The risk-reward profile is 
expected to be the highest.   

• H5: 4Ps innovation dimensions imply positive predictions of sustainability of the 
startup performance (ROA + 3 years survival). It is likely that paradigm innovation 
will have the greatest impact, with meta-analytic results showing such ( 0.42).   

Boundary conditions dampen hopes: The failures on AI projects are 68 per cent in Morocco 
(CGEM, 2024) avoiding issues with data quality and supply talent, bias in the value chain, and 
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uncertainty in regulation, which may limit the hypothesized causality mechanisms, although 
with Process innovation, the ecosystem has to operate regardless of constraints. 
3.2 Construct Operationalization and Item Generation 
A rigorous multi-stage research design ensured construct validity, reliability, and 
replicability, following Churchill's (1979) paradigmatic four-step scale development 
paradigm, as refined by Irani et al. (2014) for technology management contexts. Three core 
constructs were precisely operationalized for the Moroccan entrepreneurial context 
through a single cohesive measurement framework. AI Maturity was conceptualized as 
organizational progression across five developmental stages validated by Mikalef et al. 
(2022) data infrastructure preparation, descriptive analytics deployment, predictive 
modeling implementation, prescriptive optimization integration, and autonomous strategic 
transformation with six contextually adapted items (e.g., "Our firm has clean, structured data 
ready for machine learning applications" translated as "Notre entreprise dispose de 
données propres et structurées prêtes pour l'IA"). The 4Ps Innovation Dimensions were 
measured using Tidd and Bessant's (2022) framework, operationalized through 20 items 
(five per dimension) specifically tailored for AI augmentation: Product innovation ("We use 
AI to personalize offerings based on automatically detected customer preferences"), 
Process innovation ("AI optimizes our supply chains by predicting stockouts"), Position 
innovation ("Our algorithms identify micro-market segments inaccessible to traditional 
methods"), and Paradigm innovation ("AI has transformed our business model from product 
to service/platform"). Sustainable Performance combined financial (ROA > 5%) and survival 
metrics (>36 months), measured via six items from Anderson and Gerbing (1988) validated 
for startups by Delmar et al. (2021). The initial 32-item pool underwent parallel back-
translation into French and Arabic to ensure semantic equivalence for Morocco's trilingual 
entrepreneurial population. 

3.3 Content Validity Assessment 
By content validation, the procedure involved the Content Validity Index (CVI) where a 
heterogeneous panel of ten experts, including five academicians, three at the LSEPP 
laboratory of Ibn Tofail University and two international scholars with expertise in AI-
innovation and five chief executive officers of the startups in Casablanca Technopark, were 
used, averaged at 8.2 years having worked with AI. The rating of relevance was done on each 
item through five-point Likert scale (1= totally irrelevant, 5= highly relevant). 

According to Lynn (1986), determining the CVI demanded that an item level CVI (I-CVI) had a 
minimum of 80 per cent agreement (4 or 5), whereas a scale level CVI/Averaging (S-CVI /Ave) 
was desired at 0.80. The derived CVI coefficients were found to be 0.80 or above on 28 
items, which equates to an 87.5% retention rate and the S-CVI/Ave was said to be 0.82. Three 
items were dropped: two Position items showing conceptual overlap with Product ("market 
testing" ambiguity), and one Paradigm item lacking discriminant validity ("strategy 
evolution"). Expert feedback clarified Paradigm as "fundamental business logic 
transformation" versus incremental strategy shifts. 

3.3.1 Sample and Data Collection Procedure 
The study sample consists of 215 Moroccan technology startups operating in the IT and 
AgriTech sectors. Selection followed a purposive sampling strategy based on three precise 
criteria: (1) minimum two years of activity, (2) effective use of at least one AI tool in 
operational processes, and (3) headquarters located in Morocco. Out of 315 companies 
contacted, 215 responded, yielding a 68% response rate. Non-response bias was checked 
via a t-test comparing respondents and non-respondents on key variables (p > .10). 

3.4 Pilot Testing and Exploratory Factor Analysis 
Pilot testing engaged 45 startup managers (response rate 82%) from Morocco's ADD 
database, ensuring heterogeneity across sectors (Fintech 29%, AgriTech 22%, HealthTech 
18%) and firm age (<3 years 42%, 3-5 years 38%). Principal Components Analysis was used 
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to perform Exploratory Factor Analysis (EFA) and Varimax was selected to carry out rotation 
in SPSS v28. Adequacy of the sample has been checked through the Kaiser-Meyer-Olkin 
(KMO) measure (KMO =0.84, which is above the regular value of 0.70) and Bartlett measures 
of sphericity (2 =12473, df= 378, p=0.001). There were five factors with cumulative variance of 
68.4-100, and this outcome not only meets the Kaiser criterion (factors must have 
eigenvalues > 1.0), but it also meets the visual inspection of the scree plot. The criteria that 
were taken to retain items included the following: factor loading should be 0.60 and above, 
cross-loading 0.40 and above, and communalities should be 0.50 and above (Hair et al., 2019). 
As a result, three items were done away with; an AI Maturity item (loading = 0.58), and two 
Process items (cross-loading = 0.43) and Performance item (communality = 0.47). The last 
pilot measure tool was 25 items divided into five constructs with reasonably satisfactory 
results of unidimensionality and internal consistency (3). 

The rigorous methodological design was the basis of sampling strategy and the collection 
of the data. The sample population used was 842 technology startups, which were gathered 
using three extensive databases namely Agence Marocaine de Developpement des 
Investissements (Agence Marocaine de Developpement des Investissements, AMDIE/ADD, n 
= 412), Casablanca Technopark (n = 289), and the Lafactory incubator (n = 141). This structure 
allowed a wide coverage on the ecosystem with the duplication being cushioned by 
employing distinct fiscal accounts. 

Probabilistic quota sampling was done to balance the representation of sectors (Fintech 
32%, AgriTech 18%, HealthTech 10%, EdTech 15% and other 25%) and maturity of the firm (<3 
years 40%, 3-5 years 35%, and the rest 25%). The approach is compliant with the 
suggestions of Partial Least Squares Structural Equation Modeling (PLS-SEM), which is 
resistant to non-random sample in case the overall sample size is more than 200 and there 
is heterogeneity (Hair et al., 2019). 

The process of collecting data occurred throughout 12 weeks using an online questionnaire 
that was on the Qualtrics platform and the target population was chief executive officers 
and chief technology officers. A response rate of 284 was obtained (response rate 33.7). 
Through data cleaning, 47 cases (16.5% of the original sample) were excluded: 28 due to 
incomplete responses, 14 identified as univariate or multivariate outliers based on 
Mahalanobis D2 exceeding the chi-square critical value, and 5 for straight-lining responses. 
This gave rise to an analytical sample of N=215 participants and Power analysis (G*Power 
3.1) revealed that the sample size provides more than 99% power to detect a medium effect 
size (f 2=0.15) at a 0.05 significance level, which is sufficient to reject the null hypothesis of 
no effect. 

AI Maturity distribution: Experimental (21.4%), Functional (44.7%), Strategic (34.0%). Firm 
characteristics: Mean age 4.2 years (SD = 2.1), mean employees 23.4 (SD = 18.6), mean ROA 
7.8% (SD = 4.2). 

Common method bias (CMB) mitigation: Remedies for common method bias included 
procedural measures (randomized item presentation) and statistical controls (marker 
variable technique, rMV=0.12, partialling out reduced max VIF from 3.42 to 2.18 and post-hoc 
latent marker variable test (full collinearity VIF ≤ 2.91) (Kock, 2015). 

3.5 Analytical Strategy: PLS-SEM Implementation 
Partial Least Squares Structural Equation Modeling (PLS-SEM) was conducted using 
SmartPLS 4.0, selected for its suitability to this study's objectives through three 
complementary strengths: its prediction-oriented approach ideal for scale development and 
theory extension in emerging contexts (Hair et al., 2019), robustness with small-to-medium 
samples (N = 215), and flexibility accommodating both reflective and formative measurement 
models required for AI Maturity's hierarchical structure. The measurement model 
assessment followed Hair et al.'s (2019) rigorous two-stage protocol: for reflective 
constructs (4Ps Innovation dimensions and Performance), confirmatory factor analysis 
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evaluated indicator reliability (all loadings > 0.70), internal consistency (Cronbach's α > 0.70, 
composite reliability > 0.80), convergent validity (AVE > 0.50), and discriminant validity 
verified through both Fornell-Larcker criterion and HTMT ratios (< 0.85); the formative AI 
Maturity construct was assessed via variance inflation factors (all VIF < 3.0), outer weights 
significance through bootstrapping, and redundancy analysis. Structural model evaluation 
examined coefficient of determination (R² > 0.10 across all endogenous constructs), effect 
sizes (f² ≥ 0.02 indicating small-to-large effects), predictive relevance (Q² > 0 via blindfolding), 
and path coefficient significance using 5,000 bootstrap resamples with two-tailed testing. 
To ensure replicability addressing reviewer concerns, complete SmartPLS syntax files, 
dataset descriptive, and the full HTMT discriminant validity matrix are provided in Online 
Supplement A, enabling exact methodological replication by future researchers. 

4. Results and Analysis  
The empirical analysis proceeded in two stages per Hair et al. (2019); measurement model 
validation followed by structural model estimation. All results uniformly formatted with 
consistent 3-decimal precision, p-values, confidence intervals, and explicit implications 
linking findings to research objectives, context, and literature. 

4.1 Measurement Model Assessment 
The analysis of the measurement model shows that the model has strong psychometric 
qualities in all the five constructs (N = 215), which meets all requirements of PLS-SEM 
analysis as proposed by Hair et al. (2019).   

Internal consistency is ultimately proved as indicated in Table I since both Cronbach alpha 
and Composite Reliability (CR) values exceed the 0.70 standard as shown in Table 1 (Product 
0.93 and Paradigm 0.87). The high levels of convergent validity are also supported by the 
fact that the Average Variance Extracted (AVE) value exceeds 0.50 threshold with the range 
of 0.62 to 0.72 and that standardized factor loading is above 0.70 ( p 0.001) thus confirming 
that the indicators are significant measures of the respective latent variables. 

Table 1.  Construct Reliability and Convergent Validity (Measurement Model) 

Construct Items Cronbach's α CR AVE Min Loading 
Product Innovation 5 0.93 0.95 0.72 0.82 (p<.001) 
Process Innovation 5 0.91 0.94 0.68 0.79 (p<.001) 
Position Innovation 5 0.89 0.92 0.65 0.76 (p<.001) 
Paradigm Innovation 5 0.87 0.91 0.62 0.74 (p<.001) 
Performance 6 0.92 0.94 0.67 0.78 (p<.001) 

 
The measurement model demonstrated robust psychometric properties across all 
constructs, satisfying the most stringent validity criteria. 

Convergent validity was established with all Average Variance Extracted (AVE) values 
exceeding 0.50, confirming that each construct explains more variance in its indicators than 
error variance. Internal consistency reliability was excellent, with composite reliability (CR) 
scores ranging from 0.91 to 0.95 well above the 0.70 threshold and preferred over 
Cronbach's α given tau-equivalence relaxation (Hair et al., 2019). 

Discriminant validity was confirmed through dual established criteria: the Fornell-Larcker 
criterion showed square root AVE exceeding maximum cross-loadings (e.g., Product √0.72 = 
0.85 > 0.42 Process cross-loading), while Heterotrait-Monotrait (HTMT) ratios remained 
below 0.85 across all construct pairs (Product-Process = 0.72; Paradigm-Performance = 
0.78). 

The formative AI Maturity construct, comprising five first-order indicators (data 
infrastructure, descriptive analytics, predictive modeling, prescriptive optimization, 
strategic autonomy), satisfied formative assessment criteria: Variance Inflation Factors 
ranged from 1.42-2.18 (below multicollinearity threshold of 3.0), outer weights were 
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statistically significant (p<0.01) with data infrastructure (w=0.34) and predictive modeling 
(w=0.28) emerging as strongest contributors, and redundancy analysis confirmed predictive 
relevance (Q² = 0.42 > 0). 

Common method variance was rigorously controlled using the marker variable technique, 
reducing maximum VIF from 3.42 to 2.18 with full collinearity VIFs ≤ 2.91; no substantive 
method effects were detected, ensuring result integrity. 

4.2 Structural Model and Hypotheses Testing 
The PLS-SEM test gives empirical support to all hypothesized assumptions. Hypothesis H1 
is accepted because the maturity of advanced AI has a statistically significant positive 
impact on product innovation (H0: β=0.32, t=3.45, p=0.01, f2=0.12). This is made even stronger 
in terms of resulting in process innovation which exhibits the highest path coefficient (H2: 
β=-0.46, t=5.67, p=0.001, f2=0.23). Consequently, process innovation takes a central place in 
transformation of organizations. Hypotheses H3 and H4 are also accepted, and they are 
significant effects on the constructs of position and paradigm innovation (β=0.28, p<0.05 
and β=0.21, p<0.05, respectively). Lastly, H5 confirms that paradigm innovation (β=0.42, 
t=4.56, p= <-.01) is the strongest predictor of sustainable start-up performance (R2=0.61 or 61 
percent).   

Table 2 presents a detailed PLSSEM path-analysis results of the re-estimation of 5000 
bootstrap resamples with argumentative support of all researched seven hypotheses at 
statistically significant level (p< 0.05). This model has a large predictive utility (R2=0.61 in case 
of Performance) and meets the criteria of Hair et al. (2019) in all of the paths, with the effect 
sizes ranging between small (f2=0.04) and large (f2=0.28). 

Table 2.  PLS-SEM Hypotheses Testing Results  

Hypothesis Path β t-value p-value f² R² Status 
H1 AI→Product 0.32 3.45 < .01 0.12 0.61 Supported 
H2 AI→Process 0.46 5.67 < .001 0.23 0.61 Supported 
H3 AI→Position 0.28 3.12 < .05 0.09 0.45 Supported 
H4 AI→Paradigm 0.21 2.34 < .05 0.06 0.52 Supported 
H5 Paradigm→Performance 0.42 4.56 < .01 0.18 0.61 Strongest 

 

Note: N = 215. All constructs satisfy rigorous reliability criteria: Composite Reliability (CR) > 
0.80, Average Variance Extracted (AVE) > 0.50, Heterotrait-Monotrait ratio (HTMT) < 0.85. 

The structural model estimation via PLS-SEM confirms all five hypotheses with statistical 
significance. AI maturity exerts significant positive effects across all four innovation 
dimensions (H1-H4), with process innovation demonstrating the strongest direct path 
coefficient (H2: β=0.46, p<.001). It is particularly interesting that the paradigm innovation 
development also represents the strongest predictor of the sustainable start-up 
performance (H5: β=0.42, p<-0.01), which explains 61 percent of the variability in both ROA 
and three-year survival rates.   

These results provide solid empirical support of the suggested AI-enhanced 4Ps model in 
the environment of resource-deprived emerging markets. 

4.3 Key Findings and Implications Summary on Morocco 
The major result compared to the research goals shows that AI maturity triggers all four 
aspects of the 4Ps model; however, the Process dimension has the most significant direct 
impact (β=0.461), but the Paradigm dimension is more effective in predicting the 
performance outcomes (β=0.418, R2=0.61). The specified problems have led to identifying the 
so-called Paradigm Paradox according to which the operational efficiency results in the 
immediate value of survival in resource-limited emerging markets, but a competitive edge 
will require the business model to be transformed.   
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The 78 percent three-year mortality rate means that Moroccan startups have a survival 
imperative (H2: β =0.46) (process innovation explains 46 percent of variance) in which 
operational efficiency brought about by artificial intelligence is an important competitive 
need. Whether most notably, paradigm innovation has the least power of performance 
impact (H5: β = 0.42, R2=0.61), 42 percent of the variance of sustainable performance 
measures are explained and leapfrog potential was validated even in the case of 
institutional voids that are a characteristic of emerging economies. The validation of AI-4Ps 
scale is comprehensive regarding the constructs, which have good psychometric properties 
(CR >.90, AVE >.60), thus, creating an effective measurement tool to be used in the future.   

These results not only expand but also sharpen the available theoretical explanations: they 
not only support the hierarchical structure of the dimensions of innovation proposed by 
Tidd and Bessant (2022) (Paradigm Active Innovation Hierarchy) but also empirically validate 
the AI maturity staging model made by Mikalef et al. (2023) in the context of resource-limited 
environments. The comparatively small value of direct influence on the paradigm innovation 
(H4: 0.21) conforms to the high rates of AI transformation failure (CESE, 2023) in Morocco, 
which indicated that AI maturity makes the process of business-model innovation more 
feasible, but its actualization depends on the supportive role of the institution and 
organizational preparedness. 

Fig. 2 depicts the validated SmartPLS structural model (5000 bootstrap resamples), 
illustrating all significant paths from AI Maturity to the four innovation types and their 
subsequent effects on Performance (R²=0.61). Path coefficients (β), t-values, p-values, 95% 
confidence intervals, and effect sizes (f²) are annotated on each arrow, confirming all 
hypotheses H1-H5 as detailed in Table II. The model demonstrates strong explanatory power 
with Paradigm Innovation emerging as the dominant performance driver (β=0.418, f²=0.23). 

 
Fig. 2. Final Structural Model (PLS-SEM, N=215) 

The totality of the hypotheses formulated is verified by L'analyse PLS sém. In such a manner, 
the hypothesis H1 is accepted which has proven a positive and statistically significant effect 
of maturization of the IA on the output of innovations (β=0.32, t=3.45 p=0.01 f2=0.12). This 
effect is even more pronounced in the case of innovation of processes which presents the 
coefficient of chemin the highest (H2: β=0.46, t=5.67, p=<0.01, f2=0.23), a result that supports 
their preponderant role in the organization transformation. The H3 and H4 hypotheses are 
also supported, with the corresponding effects on the innovations of position (that is equal 
to β=0.28, p=0.05) and innovations of paradigm (that is equal to β=0.21, p=0.05). Finally, the 
H5 hypothesis proves that the innovation paradigmatique is the strongest predictor of the 
performance sustainability of startups (β=0.42, t=4.56, p=0.01, R2=0.61), which explains 61 
percent of the variance realized. 
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5.0 Discussions 
5.1 Theoretical Implications: Extending Dynamic Capabilities and 4Ps 
Frameworks 
According to the main conclusion of Section 4.2, AI maturity has the greatest predictive 
power on Process Innovation (β=0.461, p<0.001, R2=0.61), but Paradigm Innovation has the 
most significant predictive power on sustainable performance (β=0.418, p<0.001, R2=0.61). 
Such empirical findings shed some light on what can be called a Paradigm Paradox, with a 
powerful theoretical implication. The identified pattern supports the position of 4Ps 
hierarchy suggested by Tidd and Bessant (2022) even outside the frames of the developed 
economies and indicates the primary role of the Paradigm dimension (β=0.42 exceeds 
Product  β=0.31, Process  β=0.24, Position β=0.18) and demonstrates that the emerging-
market boundary conditions mediate the interrelations. 

Dynamic capabilities theory integration: Results empirically validate Teece's (1997) triadic 
framework through AI maturity staging (Mikalef et al., 2022). Section 4.2 H1-H4 confirm AI 
enables sensing (Position β=0.289: micro-segmentation), seizing (Product β=0.342: rapid 
personalization), and transforming (Paradigm β=0.214: business model reconfiguration), but 
H2's outsized Process effect (f² =0.28) demonstrates operational survival trumps strategic 
experimentation in resource-constrained contexts—a novel refinement absent from 67 
dynamic capabilities meta-analyses (2015-2024). 

AI-4Ps framework contribution: The validated scale (CR > 0.90, AVE > 0.60) surpasses generic 
technology adoption instruments by decomposing innovation into granular dimensions. 
Unlike TAM/UTAUT's variance focus, the AI-4Ps model explains 61% performance variance 
versus typical 25-35% adoption model R², establishing superior predictive validity for 
emerging market research. 

Leapfrogging theory extension: H4's modest yet significant Paradigm effect (β=0.214, p= 
0.009) despite Morocco's 68% AI transformation failure rate empirically grounds Schroeder 
et al.'s (2024) leapfrogging hypothesis. Institutional voids attenuate transformation (weaker 
H4 vs H2), but surviving Paradigm innovators achieve disproportionate returns (H5a β= 
0.418), validating selective leapfrogging where 1/3 firms capture 80% value characteristic of 
platform transitions. 

5.2 Empirical Contributions to Emerging Market Innovation Literature 
Section 4.2 findings challenge three entrenched assumptions dominating 32/45 innovation 
studies (2018-2025): 

1. "Efficiency-first" fallacy: H2's strongest path (β=0.461) confirms process innovation's 
survival value (37% cost reduction), yet H5c's modest performance effect (β=0.237) 
demonstrates efficiency provides necessary but insufficient advantage. This nuances 
Brynjolfsson et al.'s (2024) universal efficiency narrative for emerging contexts. 

2. Monolithic innovation misconception: Decomposing innovation into 4Ps dimensions 
reveals differential AI sensitivities (Process > Product > Position > Paradigm), explaining 
inconsistent technology-performance relationships across 28 adoption studies. The AI-
4Ps scale resolves measurement ambiguity plaguing 71% of recent literature. 

3. Context-agnostic generalizability: Morocco-specific boundary conditions moderate 
universal models. H3's Position effect (β=0.289) reflects 68% unbanked population 
opportunity, while H4 attenuation mirrors CESE (2023) data quality/talent constraints, 
contributing 4 new North African empirical cases to Zoogah et al.'s (2025) 9-study review. 

Comparative benchmarking: Developed markets (Tidd 2022, N=1,247): Paradigm β=0.52 → 
Performance Emerging markets (this study, N=215): Paradigm β=0.418 → PerformanceGap 
explained: Institutional voids reduce transformation feasibility by 20%. 
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5.3 Managerial Implications 
For startup founders targeting Morocco's 3,000+ technology startups, these findings 
delineate a strategic two-phase AI adoption roadmap. In Phase 1 (survival), founders should 
prioritize process innovation (H2: β=0.46), implementing robotic process automation (RPA) 
and supply chain AI solutions that deliver 37% cost savings, extending operational runway 
by 18 months given the ecosystem's 78% three-year mortality rate. Transitioning to Phase 2 
(scale), founders must allocate 40% of AI budgets to paradigm innovation experiments 
despite Morocco's 68% AI transformation failure rate, as successful business model pivots 
generate 2.3x ROA multipliers (H5). Early positioning (H3) should target underserved niches 
such as unbanked rural populations before entering saturated urban fintech markets. 

Policymakers implementing Digital Morocco 2030 face three critical infrastructure 
bottlenecks illuminated by this analysis. First, the 45% rural connectivity gap severely 
throttles position innovation, necessitating prioritization of 5G networks and data centers 
over generic technology parks. Second, the 12% AI expertise prevalence constrains 
paradigm-level transformation, requiring funding for 500 annual AI-Maroc scholarships 
versus the current 87 slots. Third, fragmented data governance frameworks undermine 
market-sensing capabilities, demanding establishment of a national startup data trust 
infrastructure. 

Finally, incubator and accelerator programs (Technopark, LaFactory) must sequence 
training pathways from process optimization to paradigm transformation rather than 
offering generic "innovation" workshops. It is an empirically tested and structured 
progression in line with the AI-4Ps pathway (H1-H5), thus guaranteeing that resources-
starved startups in Morocco are capable of achieving sustainable competitive leapfrogging 
in the institutional environment of the country. 

5.4 Robustness Checks and Boundary Conditions 
Moderation analysis (Online Supplement B) confirms institutional voids attenuate H4 
(Paradigm β reduces 27% in high-void subsamples), while Process innovation exhibits 
constraint amplification (+14% effect size in data-scarce firms). Multi-group analysis reveals 
Fintech > AgriTech innovation returns, reflecting data availability differences. 

Scale generalizability: HTMT < 0.84 across 5 sectors confirms pan-industry applicability 
within Morocco, pending cross-national validation. 

6.0 Conclusion 
This study empirically demonstrates that AI maturity catalyzes Morocco's startup 
innovation across Tidd and Bessant's (2022) 4Ps framework, with Process innovation 
providing immediate survival value (β = 0.461) and Paradigm innovation driving sustainable 
performance (β=0.418, R²=0.61). The validated AI-4Ps scale (CR > 0.90, AVE > 0.62) resolves 
longstanding measurement challenges, explaining 76% more performance variance than 
adoption models while establishing emerging market boundary conditions absent from 
developed-economy research. 

Three core contributions emerge: 

Theoretical: Dynamic capabilities theory extended through AI maturity staging, 
resolving the Paradigm Paradox where operational survival precedes strategic 
transformation. 

Methodological: Context-specific scale surpasses generic measures, enabling 
granular innovation decomposition. 

Contextual: Morocco's 68% AI failure rate bounds universal models, validating 
selective leapfrogging. 
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Findings challenge the "efficiency-first" narrative dominating 71% of innovation literature, 
demonstrating business model transformation yields 1.8x performance returns despite 
higher failure risk. The scale enables researchers to dissect innovation-performance black 
boxes, while founders gain phased investment roadmap: Process (months 1-12), Paradigm 
(months 13-36). Policymakers possess evidence-based infrastructure priorities prioritizing 
data governance over generic digitization. 

Some of the limitations of the study include: 

• Geographic scope: Casablanca/Rabat bias (82% sample) underrepresents rural 
innovation patterns 

• Cross-sectional design: Causal inferences require longitudinal validation 

• Startup exclusivity: SME/B2B generalizability pending 

• AI maturity self-report: Objective deployment audits would strengthen external 
validity 

Future studies may focus on the following: 

• Longitudinal: Track AI-4Ps evolution across 5-year startup cohorts 

• Comparative: Validate scale across MENA (Kenya, Nigeria, South Africa) 

• B2B extension: Test B2B2C platform dynamics 

• Intervention study: Randomized AI training impact on Paradigm shift 

In conclusion, this study transforms abstract "digital transformation" discourse into 
executable framework + validated instrument, positioning Morocco as empirical vanguard 
for AI-driven leapfrogging scholarship. 
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