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Abstract: Purpose: A high-level of structural vulnerability exists in early-stage 

entrepreneurial activity in secondary and tertiary economic centres, which is 

mainly acute capital rationing, limited depth of specialised talent pools, and 

excessive geographical distance to major venture capital networks. Basing our 

inquiry on the Dynamic Capabilities View (DCV) and the Resource 

Orchestration Theory (ROT), we examine how the capabilities of Customer 

Relationship Management (AI-CRM) in terms of predictive customer analytics, 

conversational agent responsiveness, and personalized customer lifecycle, 

driven by artificial intelligence, trigger organizational resilience, towards two 

market-level outcomes: customer acquisition velocity and customer retention 

durability. 

Design/methodology/approach: Multi-respondent, time-lagged empirical 

design was implemented on 384 technology and digitally-enabled startups 

located in emerging innovation hubs in Madhya Pradesh, India (in Indore, 

Bhopal, Jabalpur and Gwalior). Data were collected in two waves with a six-

month gap (T1: AI-CRM technological sensing and seizing capabilities; T2: 

acquisition metrics, retention outcomes and organizational resilience indices). 

Both Covariance-Based Structural Equation Modeling (CB-SEM through 

AMOS 28) and Partial Least Squares (PLS-SEM 4.0) were used to test 

structural hypotheses with robust bootstrapping (5,000 resamples) along with 

multi-group moderation and endogeneity controls (Gaussian Copula and Two-

Stage Least Squares). 

Findings: The empirical findings show that the direct impact of AI-CRM 

dynamic capabilities on customer acquisition velocity (beta = 0.382, p < 0.001) 

and customer retention permanence (beta = 0.441, p < 0.001) are statistically 

significant. The mediation of the AI-CRM capability to multidimensional 

startup resilience is in turn highly mediated by acquisition velocity and 

retention durability (total indirect effect = 0.325, p < 0.001) which explains 

54.8% variance in financial resilience and 49.3% variance in operational 
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adaptability. Moreover, both algorithmic transparency and human-in-the-loop 

governance have a beneficial moderating impact on the retention effect, 

alleviating automated algorithmic error-induced customer churn. 

Limitations/implications of the research: Although the cross-industry sample 

in one of the most vibrant emerging Indian states is very ecologically valid in 

terms of regional transition economies, longitudinal panel validations in larger 

geographies of the South Asia and Global South are required to determine 

boundary conditions. 

Practical implications: Predictive customer data governance should be viewed 

as an orchestrating dynamic capability that founders and revenue leaders in 

capital-constrained regions should go beyond off-the-shelf automation and 

consider as a key component of their business model. Resource-constrained 

projects have a chance to compete with those of the metropolis by replacing 

capital-intensive sales teams with algorithmic hyper-personalization 

workflows and human control. 

Originality/value: This work presents innovative empirical evidence that 

disaggregates AI-CRM into specific dynamic micro-foundations and illustrates 

how new hub startups systematically modify algorithmic routines into defensive 

resilience to exogenous environmental shocks. 

 

Keywords: Customer Relationship Management (CRM); Artificial 

Intelligence; Dynamic Capabilities View; Startup Resilience; Customer 

Acquisition; Customer Retention; Emerging Innovation Hubs; Resource 

Orchestration. 

 

Theoretical View: Dynamic Capabilities View (Teece, 2007) and Resource 

Orchestration Theory (Sirmon et al., 2011). 

Methodology: Covariance-Based Structural Equation Modeling (CB-SEM) and 

Partial Least Squares (PLS-SEM 4.0). 

Empirical Context: N = 384 B2B and B2C Tech Start-ups Operating Across 

Emerging Innovation Corridors 

 

 
Introduction and Background 

 

At the start-up stage, in the modern entrepreneurial environment, businesses are run within a 

state of constant uncertainty, intense shortages of resources, and market friction that is 

asymmetrical. The success and the sustainability of the emerging technology projects in the 

past always depend on their ability to design repeatable and scalable customer acquisition 

channels and at the same time curbing customer defections (Baker and Nelson, 2005; 

Eisenhardt and Martin, 2000). Whereas the institutional endowments and liquid specialized 

labour markets of venture ecosystems in primary metropolitan agglomerations (e.g., Bengaluru, 

Mumbai, London, and Silicon Valley) are dense, enterprises located in secondary and tertiary 

entrepreneurial ecosystems (often called an emerging innovation hub) face compounded 

institutional voids and liability of regionality (Audretsch et al., 2021; Roundy, 2017). 
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In India, although the main startup hubs have received a significant amount of academic and 

investment interest, emerging business development hubs like Madhya Pradesh (led by the 

industrial and commercial centres of Indore, Bhopal, Jabalpur and Gwalior) have become 

central crucibles of high-growth digital enterprises. Startups based in these locations have 

different dynamics of operations: sometimes, they have an enormous advantage of operational 

cost arbitrage and a lower outlay on real estate, reduced staff turnover, and sometimes they 

have a severe challenge of getting to late-stage growth capital, a geographical distance to the 

centralized enterprise customers, and extreme consumer distrust about technical maturity. 

Within these strict confines, customer relationship management (CRM) is no longer a 

transactional record-keeping utility, but rather the main lifeline that defines the viability of the 

venture, its liquidity creation and its ability to survive in the framework. 

 

At the same time, the blistering integration of machine learning, natural language processing, 

predictive modeling, and generative conversational architectures has fundamentally reformed 

the working mechanics of CRM systems (Davenport et al., 2020; Kumar et al., 2019; Mikalef 

and Gupta, 2021). The AI-CRM systems of today have gone beyond the indexing of databases 

to offer predictive lead scoring, automatic behavioral hyper-personalization, intelligent 

omnichannel query resolution, and proactive churn prevention algorithms (Syam & Sharma, 

2018). Despite the vast body of literature on the adoption of enterprise-grade AI in large 

multinational corporations (Chintagunta et al., 2016; Overgoor et al., 2019), there are still 

considerable ambiguities in the empirical and theoretical meaning of how resource-scarce 

startups operationalize these advanced algorithmic resources in order to offset the burden of 

structural liabilities. 

 

The research fills three decisive gaps in theoretical and empirical literature in the 

entrepreneurship, information systems and strategic marketing literature. To start with, the 

existing studies on the topic are almost unanimously based on the macro-level adoption 

intentions of AI based on the fixed models like the Technology Acceptance Model (TAM) or 

the Unified Theory of Acceptance and Use of Technology (UTAUT) (Venkatesh et al., 2012). 

Although these frameworks are useful in assessing the psychological acceptance, they do not 

explain the ongoing process by which technological architectures are converted into 

competitive capabilities at the firm level. We fill this gap with the mobilization of the Dynamic 

Capabilities View (DCV) conceptualized by Teece (2007) and the Resource Orchestration 

Theory (ROT) conceptualized by Sirmon et al. (2011), and define AI-CRM as an orchestrated 

set of sensing, seizing, and transforming routines. 

 

Second, the organizational performance is a single construct, as perceived in the literature, 

which is usually measured through the fixed financial margin or through the perception of 

success (Morgan et al., 2009). In the case of early stage projects of volatile regional ecosystems, 

short-term accounting profitability cannot be a sufficient measure of long term feasibility. 

Rather, the survival of a venture depends on its organizational resilience - that is, the ability to 

predict disruptions, absorb shocks in the market, and quickly re-organize workflows (Lengnick-

Hall et al., 2011). We develop a two-pathway model of the relationship between AI-CRM 

capabilities and startup resilience through two mediating market processes: Customer 

Acquisition Velocity (CAV) and Customer Retention Durability (CRD). 
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Third, the literature present has a strong metropolitan bias. Most empirical studies on AI-driven 

marketing are based on samples of developed Western economies, or major Tier-1 world 

locations. The case study of researching the emerging entrepreneurship of Madhya Pradesh 

offers important boundary-condition testing of entrepreneurship theory, clarifying the 

mechanisms of technological substitution strategies in sub-national emerging markets. 

 

1.1 Research Questions 

 RQ1 (Direct Capabilities): What are the impacts of AI-CRM dynamic capabilities 

(predictive analytics, conversational responsiveness and lifetime personalization) on 

customer acquisition rate and customer retention rates in emerging innovation 

corridors? 

 RQ2 (Mediation Mechanism): Do customer acquisition velocity and customer 

retention durability mediate the relationship between AI-CRM capabilities and 

multidimensional startup resilience? 

 RQ3 (Boundary Conditions): How does algorithmic Human-in-the-Loop (HITL) 

governance moderate the effectiveness of AI-CRM deployment on customer retention? 

 

Theoretical Foundations and Hypothesis Development 

 

2.1 Theoretical Framework: Dynamic Capabilities and Resource Orchestration 

Dynamic Capabilities View (DCV) argues that the sustained competitive advantage in a fast 

changing environment is not just a result of the possession of valuable, rare, inimitable and 

non-substitutable (VRIN) resources, but the ability of an organization to integrate, create and 

re-configure internal and external competences to respond to rapidly changing business 

environments (Teece et al., 1997; Teece, 2007). Teece outlines three basic clusters of dynamic 

capabilities: (a) Sensing: scanning, filtering, and identifying market and consumer 

opportunities; (b) Seizing: mobilizing resources to capture value of identified opportunities 

through scalable business models; and (c) Transforming: continuously realigning 

organizational assets and operational architectures. 

 

Resource Orchestration Theory (ROT) is a complement to DCV that explains the managerial 

activities needed to organize, pack, and use firm resources (Sirmon et al., 2007, 2011). 

Structuring entails acquisition, accumulation and divestiture of resources; bundling involves 

the combination of resources to generate unique capabilities and leveraging involves 

mobilization of capabilities in the market processes. When considering early-stage start ups, 

the technological infrastructure cannot be a source of economic rents on its own. Ready-made 

AI algorithms and CRM software in the cloud are ubiquitous commodities. The real dynamic 

capability lies in the ability of the startup to combine algorithmic intelligence with customer 

interaction processes, in order to detect the trends of customer preference in real-time, capture 

high-conversion market segments, and remodel service delivery. 

 

2.2 Dimensionalizing AI-CRM Capabilities 

Synthesizing the current developments in the AI systems and marketing technology (Mikalef 

et al., 2020; Syam and Sharma, 2018) we operationalize AI-CRM as a higher-order 

multidimensional construct that includes three micro-foundational capabilities: 
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1. Predictive Customer Analytics Capability (PCAC): The organizational routine of 

using monitored and unmonitored machine learning applications to predict the 

likelihood of lead qualification, customer lifetime value (CLV), purchase propensities, 

and churn hazards based on unprocessed telemetry information. 

2. Conversational Agent Responsiveness (CAR): The automated implementation of 

natural language understanding (NLU) bots to address customer questions in real-

time, handle multi-turn conversations, process support tickets and semantic continuity 

between various communication surfaces. 

3. Automated Lifecycle Personalization (ALP): The re-configurative re-formation of 

digital marketing content, price schedules, product suggestions, and re-engagement 

signals in individual consumer journeys through online channels. 

 

2.3 Hypotheses Formulation 

AI-CRM Abilities and Customer Acquisition Velocity 

Customer acquisition velocity (CAV) refers to the time efficiency and conversion effectiveness 

of an enterprise to convert potential leads into paying customers (Srivastava et al., 1998). In the 

case of startup ventures, the long sales cycles drain up scarce cash reserves. Automated lead 

prioritization is the direct result of AI-CRM which accelerates acquisition. Machine learning 

algorithms compare past engagement data, determining patterns of behavior that are associated 

with a conversion. Instead of spreading sales agents in homogeneous fashion over vague 

prospects, startups have an opportunity to use algorithmic scoring to direct human sales 

interventions to high-probability prospects only. Moreover, automated omnichannel 

engagement solutions do not introduce delays during the first point of contact, as they respond 

to inbound leads within seconds, as opposed to hours. Consequently, we propose: 

 

H1: The dynamic capabilities of AI-CRM have a statistically significant positive influence 

on the pace of customer acquisition in startups of new hubs. 

 

AI-CRM Abilities and Customer Retention Sturdiness. 

Customer retention durability (CRD) is used to depict the long-term survival, renewal tendency 

and long-term loyalty of an existing customer base. The marginal cost of customer retention 

would be far outpaced by the cost of acquiring a new customer in capital constrained regional 

environment (Reinartz and Kumar, 2003). AI-CRM promotes retention by continually 

observing behaviors and using automated sentiment detection. Predictive algorithms identify 

churn weaknesses in products consumed, tone of inquiry and checkout rhythm by analyzing 

minuscule shifts in product usage, inquiry tone, and checkout pace (Ascarza, 2018). At the 

same time, automated lifecycle engines provide contextually specific value reinforcements, 

incentives based on loyalty, and proactive customer success treatment. We therefore 

hypothesize: 

 

H2: AI-CRM dynamic capabilities positively affect customer retention durability statistically 

significantly in new hub startups. 

 

Mediating Effects of Acquisition Velocity and Retention Durability on Startup Resilience. 
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Startup resilience is the ability of a company to continue to operate, absorb extreme changes in 

demand, and rapidly adjust to exogenous shocks (Linnenluecke, 2017). We claim that the 

capabilities of AI-CRM cannot guarantee the survival of the venture directly, but its influence 

is achieved to the maximum with the help of the dual engines of operations customer acquisition 

and customer retention. Quick acquisition speed generates strong, predictable cash flow inflows 

that cushion the startup through macro-economic tightening and dry investment conditions. At 

the same time, sustainable customer retention creates a foundation of recurring revenue, which 

shields the business against local competition attacks. In this way, customer acquisition and 

retention are proximate behavioral mediators of technological capabilities into strategic 

resilience: 

 

H3a: Customer acquisition velocity is an intermediate between AI-CRM capabilities and 

startup resilience. 

 

H3b: Customer retention durability mediates customer AI-CRM capabilities-startup 

resilience. 

 

The Moderating Effect of Algorithms Transparency and Human-in-the-Loop (HITL) 

Governance. 

Although AI automation is associated with high velocity of operations, the existential risks of 

nascent startup brands are related to algorithmic opacity (so-called black-box decision-making) 

and automated hallucination (Dietvorst et al., 2018). Customer trust is destroyed quickly when 

automated CRM interactions do not understand the context of the client or provide an 

inappropriate automated response. Our hypothesis is that Human-in-the-Loop (HITL) 

governance which can be described as organized protocols that allow human control, smooth 

agent transfers and algorithmic auditing are an essential boundary condition. By adopting 

strong HITL structures, startups improve the good correlation between AI-CRM applications 

and customer retention by making sure that algorithmic efficiency does not affect relational 

empathy. Hence, we formulate: 

 

H4: Algorithmic human-in-the-loop governance moderates the relationship between in a 

positive way.  

 

The capabilities of AI-CRM and retention durability of the customer as that the higher the 

governance the more the effect. 

 

Research Methodology 

 

3.1 Research Design and Sampling Context 

In order to remove possible common method bias (CMB) and provide a temporal precedence, 

this study used a two wave time-lagged survey design (Podsakoff et al., 2012). The empirical 

context is the digital and technology-enabled startups included in the state of Madhya Pradesh, 

India. It is an ideal empirical laboratory, in that the state is an illustrative secondary innovation 

ecosystem, with a flourishing entrepreneurial activity under government programs (e.g., MP 

Startup Policy 2022) but limited by regional access to venture capital compared to Tier-1 hubs. 
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The sampling frame was developed through cross-referencing startup registries with the 

Department for Promotion of Industry and Internal Trade (DPIIT), incubation centers (such as 

CIIE IIM Indore and AIC-AARTECH Bhopal and institutional incubators of IIT Indore) and 

regional industry associations. The eligibility criteria included that participating ventures must: 

(1) be between 12 months and 8 years old; (2) be actively operating in the software, fintech, 

agritech, healthtech, e-commerce, or B2B SaaS industry; (3) have a minimum of five full-time 

employees; and (4) have successfully operationalized an AI-enabled CRM platform within 6 

months of survey administration. 

 

3.2 Data Collection Protocol and Non-Response Bias 

Eligible ventures were identified and asked to join in a total of 850 through organized email 

invitations to founders, Chief Executive Officers (CEOs), Chief Technology Officers (CTOs) 

and Chief Marketing/Sales Officers (CMOs). Data collection was done in two phases: 

 Wave 1 (Time 1, Months 1–2): Captured independent variables (Predictive Customer 

Analytics, Conversational Agent Responsiveness, Automated Personalization), 

moderating variables (HITL Governance), and organizational baseline controls. 442 

ventures (52.0% initial response rate) gave valid responses. 

 Wave 2 (Months 7-8, Time 2): Six months after Wave 1, applied to the same 442 

sampled firms, to measure the mediating variables ( Customer Acquisition Velocity, 

Customer Retention Durability ) and outcome variables ( Startup Resilience 

dimensions ). Having filtered out incomplete submissions and firms with a leadership 

turnover, the final matched sample that can be used was 384 startups, which is an 

effective completion of 45.18%. 

The non-response bias was stringently assessed by comparing the early (first 25% n=96) and 

late respondents (final 25% n=96) on the major demographic factors such as the age of the firm, 

the number of employees, the annual turnover and the experience of the founder (Armstrong 

and Overton, 1977). Statistically significant differences between the two cohorts were not 

found (p > 0.15 in all variables) in independent samples t-tests, which proves that non-response 

bias is not a confounding threat. 

 

3.3 Measurement Scales and Construct Operationalization 

All the survey tools were based on multi-item scales borrowed and slightly modified to 

represent startup specifics of operations. All items were rated on a seven-point Likert scale (1 

Strongly Disagree to 7 Strongly Agree). 

 Predictive Customer Analytics Capability (PCAC): Scoring through a 5-item scale, 

based on Mikalef et al. (2020) and Syam and Sharma (2018), assessing the accuracy 

of algorithmic lead scoring, churn prediction, and demand prediction. 

 Conversational Agent Responsiveness (CAR): Measured through a 4-item scale 

based on Davenport et al. (2020), which measures 24/7 automated dialogue 

processing, first-contact resolution speed, and sentiment detection. 

 Automated Lifecycle Personalization (ALP): Measured via a 4-item scale based on 

Kumar et al. (2019), capturing automated micro-segmentation, dynamic messaging, 

and algorithmic recommendation engines. 
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 Customer Acquisition Velocity (CAV): A 4-item scale modified based on Srivastava 

et al. (1998) and Morgan et al. (2009), to measure lead-to-conversion cycles, customer 

acquisition cost (CAC) reduction, and pipeline acceleration. 

 Customer Retention Durability (CRD): Measured using a 4-item scale based on the 

adaptation of the scale by Reinartz and Kumar (2003), the scale measures the 

annualized retention of a cohort of customers, net revenue retention (NRR) and 

persistence of a loyalty program. 

 Startup Resilience (SRES): Measured as a second-order variable (Financial 

Resilience (4 items), Operational Adaptability (4 items)) that are based on Lengnick-

Hall et al. (2011) and Linnenluecke (2017). 

 Human-in-the-Loop Governance (HITL): Evaluated using a 4-item scale 

measuring human supervisory triggers, algorithmic audit routines, and prompt 

escalation paths. 

 

Empirical Analysis and Results 

 

4.1 Sample Profile and Demographic Characteristics 

The entire demographic setup of the 384 sampled startups is given in Table 1. This profile 

exhibits extensive industry coverage and representation in the region with 45.8% and 30.2% of 

the ventures in Indore and Bhopal respectively representing the major economic hubs of central 

India. 

 

Table 1: Comprehensive Sample Demographic Profile (N = 384) 

Demographic 

Category 
Classification Sub-Group 

Frequency 

(n) 

Percentage 

(%) 

Cumulative 

% 

Geographic 

Location 

Indore Metropolitan 

Corridor 

176 45.83% 45.83% 

Bhopal Smart City Cluster 116 30.21% 76.04% 

Jabalpur Innovation Zone 54 14.06% 90.10% 

Gwalior Industrial Corridor 38 9.90% 100.00% 

Industry 

Vertical 

Fintech & Digital Payments 82 21.35% 21.35% 

B2B SaaS & Enterprise 

Tools 

94 24.48% 45.83% 

Agritech & Supply Chain 68 17.71% 63.54% 

Healthtech & Telemedicine 52 13.54% 77.08% 

E-Commerce & D2C Brands 88 22.92% 100.00% 

Firm Age 

(Years) 

1.0 to 2.5 Years 112 29.17% 29.17% 

2.6 to 5.0 Years 194 50.52% 79.69% 

5.1 to 8.0 Years 78 20.31% 100.00% 

Full-Time 

Employees 

5 to 15 Employees 142 36.98% 36.98% 

16 to 50 Employees 184 47.92% 84.90% 

51 to 150 Employees 58 15.10% 100.00% 

Funding Stage 
Bootstrapped / Angel 

Funded 

218 56.77% 56.77% 
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Seed / Pre-Series A 124 32.29% 89.06% 

Series A & Beyond 42 10.94% 100.00% 

Respondent 

Role 

Founder / Co-Founder / 

CEO 

162 42.19% 42.19% 

Chief Technology Officer 

(CTO) 

98 25.52% 67.71% 

Chief Marketing / Revenue 

Officer 

124 32.29% 100.00% 

Source: DPIIT Startup India Registry; MP Startup Policy (Govt. of MP, 2022); Incubator data 

on CIIE IIM Indore and AIC-AARTECH. 

 

4.2 Measurement Model Assessment: Reliability and Validity 

Assesses the internal consistency of scale items, but considers individual factor loadings: 

𝐶𝑅 =
(∑ 𝜆𝑖

𝑘
𝑖=1 )

2

(∑ 𝜆𝑖
𝑘
𝑖=1 )2 + ∑ (1 − 𝜆𝑖

2)𝑘
𝑖=1

 

The measurement model was measured according to the standard structural equation modeling 

procedures (Hair et al., 2022; Fornell and Larcker, 1981) in terms of internal consistency, 

convergent validity, and discriminant validity. Table 2 describes the factor loadings, Cronbachs 

alpha, Composite Reliability (CR) and Average Variance Extracted (AVE) of every latent 

construct. The mean standardized loadings of the indicator factors were all above the 

recommended value of 0.707 (0.912 to 0.768) and significant at p = 0.001. The Cronbach alpha 

values were between 0.842 and 0.926, and the Composite Reliability coefficients were between 

0.894 and 0.944 which is well above the 0.70 mark and confirms that there are high internal 

consistency. Moreover, the whole set of AVEs were greater than the conservative cutoff of 0.50 

(between 0.628 and 0.809), which supports strong convergent validity. 

 

Table 2: Confirmatory Factor Analysis (CFA) and Measurement Quality Metrics 

Construct & Items 

Std 

Loading 

(λ) 

Std 

Error 

t-

statistic 

p-

value 

Cronbach 

α 
CR AVE 

Predictive Analytics 

(PCAC) 
    0.914 0.936 0.744 

  PCAC1: 

Algorithmic Lead 

Scoring 

0.852 0.032 26.63 
< 

0.001 
   

  PCAC2: Churn 

Propensity 

Forecasting 

0.884 0.028 31.57 
< 

0.001 
   

  PCAC3: CLV 

Estimation Precision 
0.841 0.034 24.74 

< 

0.001 
   

  PCAC4: Real-time 

Behavior Prediction 
0.872 0.030 29.07 

< 

0.001 
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  PCAC5: Dynamic 

Pricing & Offer 

Targeting 

0.864 0.031 27.87 
< 

0.001 
   

Conversational 

Agents (CAR) 
    0.886 0.921 0.745 

  CAR1: Automated 

24/7 Inquiry 

Resolution 

0.878 0.029 30.28 
< 

0.001 
   

  CAR2: Multi-turn 

Dialog Intelligence 
0.849 0.032 26.53 

< 

0.001 
   

  CAR3: 

Omnichannel 

Sentiment 

Adaptation 

0.861 0.031 27.77 
< 

0.001 
   

  CAR4: Seamless 

Human-Agent 

Handshake 

0.864 0.030 28.80 
< 

0.001 
   

Automated 

Personalization 

(ALP) 

    0.875 0.915 0.728 

  ALP1: Dynamic 

Web/App 

Personalization 

0.862 0.030 28.73 
< 

0.001 
   

  ALP2: Behavioral 

Email/SMS Re-

engagement 

0.846 0.033 25.64 
< 

0.001 
   

  ALP3: Algorithmic 

Product 

Recommendations 

0.871 0.029 30.03 
< 

0.001 
   

  ALP4: Autonomous 

Lifecycle Milestone 

Push 

0.835 0.034 24.56 
< 

0.001 
   

Acquisition Velocity 

(CAV) 
    0.892 0.925 0.755 

  CAV1: 

Acceleration of Sales 

Qualified Leads 

0.881 0.027 32.63 
< 

0.001 
   

  CAV2: 

Compression of 

Sales Cycle Duration 

0.894 0.025 35.76 
< 

0.001 
   

  CAV3: Customer 

Acquisition Cost 

Reduction 

0.838 0.033 25.39 
< 

0.001 
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  CAV4: Conversion 

Rate at Bottom of 

Funnel 

0.862 0.030 28.73 
< 

0.001 
   

Retention Durability 

(CRD) 
    0.908 0.935 0.783 

  CRD1: Increase in 

12-Month Cohort 

Retention 

0.895 0.026 34.42 
< 

0.001 
   

  CRD2: Expansion 

in Net Revenue 

Retention 

0.912 0.023 39.65 
< 

0.001 
   

  CRD3: Reduction 

in Monthly Churn 

Hazard 

0.876 0.028 31.29 
< 

0.001 
   

  CRD4: Organic 

Customer Advocacy 

& NPS 

0.856 0.031 27.61 
< 

0.001 
   

Startup Resilience 

(SRES) 
    0.926 0.941 0.668 

  SRES_F1: 

Liquidity Cushion 

Under Shocks 

0.824 0.033 24.97 
< 

0.001 
   

  SRES_F2: Revenue 

Predictability & 

Stability 

0.839 0.031 27.06 
< 

0.001 
   

  SRES_F3: Capital 

Preservation 

Efficiency 

0.812 0.035 23.20 
< 

0.001 
   

  SRES_F4: 

Solvency 

Preservation Margin 

0.798 0.037 21.57 
< 

0.001 
   

  SRES_O1: Swift 

Service Pivot 

Adaptability 

0.842 0.030 28.07 
< 

0.001 
   

  SRES_O2: 

Workflow 

Automation 

Redundancy 

0.828 0.032 25.88 
< 

0.001 
   

  SRES_O3: 

Operational 

Bottleneck 

Absorption 

0.815 0.034 23.97 
< 

0.001 
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  SRES_O4: Rapid 

Market 

Repositioning Speed 

0.776 0.039 19.90 
< 

0.001 
   

HITL Governance 

(HITL) 
    0.868 0.910 0.717 

  HITL1: Human 

Oversight on High-

Risk Churn 

0.858 0.031 27.68 
< 

0.001 
   

  HITL2: Systematic 

Algorithmic Bias 

Auditing 

0.832 0.034 24.47 
< 

0.001 
   

  HITL3: Real-Time 

Human Intervention 

Triggers 

0.874 0.029 30.14 
< 

0.001 
   

  HITL4: Ethical 

Data Usage & 

Safeguards 

0.823 0.035 23.51 
< 

0.001 
   

Source: PCAC: Mikalef et al. (2020), Syam & Sharma (2018), CAR: Davenport et al. (2020), 

ALP: Kumar et al. (2019), CAV: Srivastava et al. (1998), CRD: Reinartz & Kumar (2003), 

SRES: Lengnick-Hall et al. (2011) 

 

4.3 Discriminant Validity Assessment 

The concept of discriminant validity was determined through two methods, the classic Fornell 

and Larcker (1981) criterion and the new, stricter Heterotrait-Monotrait (HTMT) ratio of 

correlations (Henseler et al., 2015). As shown in Table 3, the square root of the construct AVE 

of each of the constructs (shown along the bold diagonal) is greater than all of the off-diagonal 

inter-construct bivariate correlations. Furthermore, the HTMT ratios (presented above the 

diagonal) all fall well below the conservative threshold of 0.85 (maximum HTMT = 0.684 

between PCAC and ALP), firmly demonstrating that all latent constructs are empirically 

distinct and free from multicollinearity artifacts. 

 

Table 3: Discriminant Validity Matrix (Fornell-Larcker Diagonal & HTMT Ratios 

Above Diagonal) 

The square root of each construct's 𝐴𝑉𝐸 must exceed all bivariate inter-construct correlations 

(𝑟𝑖𝑗): 

√𝐴𝑉𝐸𝑃𝐶𝐴𝐶 = √0.7443 = 𝟎. 𝟖𝟔𝟐𝟕 

Maximum correlation of PCAC is with ALP (𝑟 = 0.574). Since 0.863 > 0.574, discriminant 

validity is satisfied. 

Construc

t 

Mea

n 

SD (1) (2) (3) (4) (5) (6) (7) 

(1) PCAC 
5.18 

1.1

2 

0.86

3 

0.582

* 

0.648

* 

0.492

* 

0.518

* 

0.462

* 

0.384

* 

(2) CAR 
4.86 

1.2

4 

0.51

2 
0.863 

0.591

* 

0.445

* 

0.488

* 

0.412

* 

0.342

* 
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(3) ALP 
5.02 

1.1

8 

0.57

4 
0.521 0.853 

0.536

* 

0.562

* 

0.494

* 

0.398

* 

(4) CAV 
4.74 

1.3

0 

0.43

5 
0.392 0.472 0.869 

0.612

* 

0.578

* 

0.315

* 

(5) CRD 
4.95 

1.2

2 

0.45

8 
0.428 0.495 0.538 0.885 

0.645

* 

0.425

* 

(6) SRES 
5.10 

1.0

8 

0.41

0 
0.365 0.435 0.512 0.571 0.817 

0.362

* 

(7) HITL 
4.62 

1.3

5 

0.33

8 
0.301 0.352 0.278 0.374 0.319 0.847 

Source: Fornell & Larcker (1981); Henseler, Ringle, & Sarstedt (2015). 

Note: Values on the bold diagonal represent the square root of the Average Variance Extracted 

(AVE). Elements below the diagonal are inter-construct Pearson correlations (all significant 

at p < 0.001). Elements above the diagonal with asterisks (*) represent Heterotrait-Monotrait 

(HTMT) ratios of correlation (all well below the conservative 0.85 threshold). 

 

4.4 Second-Order Construct Validation for AI-CRM and Startup Resilience 

Both AI-CRM Dynamic Capabilities (AI-CRM) and Startup Resilience (SRES) were 

conceptualized as second-order reflective constructs. Table 4 presents the higher-order 

parameterization. For AI-CRM, the three first-order dimensions—PCAC (gamma = 0.862, p < 

0.001), CAR (gamma = 0.804, p < 0.001), and ALP (gamma = 0.848, p < 0.001)—loaded 

strongly and uniformly onto the higher-order latent capability. Similarly, Financial Resilience 

(gamma = 0.882, p < 0.001) and Operational Adaptability (gamma = 0.854, p < 0.001) loaded 

exceptionally onto the higher-order Startup Resilience construct. Target Coefficient (T-ratio) 

exceeded 0.92, verifying that higher-order parameterization is statistically and conceptually 

warranted. 

 

Table 4: Second-Order Measurement Model Verification 

Higher-Order 

Latent Construct 

First-Order 

Dimension 

Second-

Order 

Loading 

(γ) 

Std 

Error 

t-

value 

p-

value 

Variance 

Explained 

(R²) 

AI-CRM Dynamic 

Capability (AI-

CRM) 

Predictive 

Customer 

Analytics (PCAC) 

0.862 0.026 33.15 
< 

0.001 
74.30% 

Conversational 

Agent 

Responsiveness 

(CAR) 

0.804 0.031 25.94 
< 

0.001 
64.64% 

Automated 

Lifecycle 

Personalization 

(ALP) 

0.848 0.028 30.29 
< 

0.001 
71.91% 
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Startup Resilience 

(SRES) 

Financial Capital 

Resilience (FRES) 
0.882 0.024 36.75 

< 

0.001 
77.79% 

Operational 

Adaptability & 

Agility (OADA) 

0.854 0.027 31.63 
< 

0.001 
72.93% 

Source: Dynamic Capabilities micro-foundations (Teece, 2007); Resource Orchestration 

(Sirmon et al., 2011); Resilience dimensions (Linnenluecke, 2017). 

 

4.5 Common Method Bias and Endogeneity Diagnostic Tests 

To ensure that variance in our findings is not an artifact of survey methodology, multiple 

statistical remedies were executed. First, Harman's single-factor test revealed that the largest 

unrotated exploratory factor accounted for only 28.64% of total variance, well below the 50% 

critical threshold. Second, an unmeasured latent common methods factor (ULMC) model was 

estimated in AMOS 28. The inclusion of the global method factor did not yield statistically 

meaningful improvements in model fit (delta CFI = 0.012; delta RMSEA = 0.004), and 

indicator loadings remained virtually unchanged. 

 

To address potential endogeneity arising from omitted variable bias or reverse causality 

between AI-CRM adoption and venture performance, we applied Park and Gupta's (2012) 

Gaussian Copula approach. The Gaussian Copulas for PCAC (p = 0.412), CAR (p = 0.584), 

and ALP (p = 0.329) were statistically non-significant, confirming that endogeneity is not 

driving the hypothesized path coefficients. 

 

Table 5: Structural Model Goodness-of-Fit Summary Indices 

Fit Index Category Empirical Value 
Recommended 

Threshold 

Standard 

Interpretation 

& Source 

Chi-Square / Degrees of 

Freedom (χ²/df) 

1.684 (χ² = 742.64, df 

= 441) 

< 3.00 

(Conservative 

< 2.00) 

Superior fit 

(Hair et al., 

2022) 

Comparative Fit Index (CFI) 0.968 > 0.950 

Excellent 

incremental fit 

(Bentler, 1990) 

Tucker-Lewis Index (TLI) 0.963 > 0.950 

Excellent 

relative fit 

(Tucker & 

Lewis, 1973) 

Standardized Root Mean 

Square Residual (SRMR) 
0.038 

< 0.080 (Ideal 

< 0.050) 

High absolute 

precision (Hu 

& Bentler, 

1999) 

Root Mean Square Error of 

Approx (RMSEA) 

0.042 [90% CI: 0.037 - 

0.048] 

< 0.060 

(PCLOSE > 

0.50) 

High 

population 

parsimony 
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(Browne & 

Cudeck, 1993) 

Goodness-of-Fit Index 

(GFI) 
0.918 > 0.900 

Strong 

explanatory 

adequacy 

(Jöreskog & 

Sörbom, 1993) 

Parsimonious Normed Fit 

Index (PNFI) 
0.824 > 0.500 

Adequate 

model 

parsimony 

(Mulaik et al., 

1989) 

Source: Cutoff criteria for covariance structure modeling: Hu & Bentler (1999); Browne & 

Cudeck (1993); Bentler (1990). 

 

4.6 Hypotheses Testing: Direct Structural Paths 

SEM was run using 5,000 bootstrap resamples (bias-corrected) with a 95% confidence interval. 

The structural regression paths, standardized estimates, t-statistics and the corresponding 

significance levels are presented in Table 6. Our main hypotheses are strongly supported by the 

empirical results. In particular, the Customer Acquisition Velocity has a significant positive 

direct impact on AI-CRM capabilities (beta = 0.382, t = 7.958, p=0.001), which proves H1. 

Customer Retention Durability is also fueled by AI-CRM capabilities with a significant level 

of magnitude (beta = 0.441, t = 9.383, p < 0.001), which is a strong confirmation of H2. Both 

Customer Acquisition Velocity (beta = 0.312, t = 6.498, p < 0.001) and Customer Retention 

Durability (beta = 0.468, t = 9.957, p < 0.001) in their turn represent a formidable direct impact 

on Startup Resilience. Firm age, startup size and total venture funding were used as control 

variables and have insignificant but statistically moderated effects on venture resilience. 

 

Table 6: Structural Model Path Coefficients and Hypotheses Testing 

𝑡 =
𝛽̂

𝑆𝐸boot

 

 H1 (AI-CRM → CAV): 𝛽̂ = 0.382, 𝑆𝐸 = 0.048 ⟹ 𝑡 =
0.382

0.048
= 𝟕. 𝟗𝟓𝟖 (𝑝 <

0.001) 

 H2 (AI-CRM → CRD): 𝛽̂ = 0.441, 𝑆𝐸 = 0.047 ⟹ 𝑡 =
0.441

0.047
= 𝟗. 𝟑𝟖𝟑 (𝑝 <

0.001) 

 CAV → SRES: 𝛽̂ = 0.312, 𝑆𝐸 = 0.048 ⟹ 𝑡 =
0.312

0.048
= 𝟔. 𝟓𝟎𝟎 (𝑝 < 0.001) 

 CRD → SRES: 𝛽̂ = 0.468, 𝑆𝐸 = 0.047 ⟹ 𝑡 =
0.468

0.047
= 𝟗. 𝟗𝟓𝟕 (𝑝 < 0.001) 

Hypothesized Structural 

Path 

Std 

Path 

(β) 

Std 

Error 

t-

statistic 

p-

value 

95% 

Boot 

CI 

[LL, 

UL] 

Hypothesis 

Status 
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H1: AI-CRM Capability → 

Acquis. Velocity (CAV) 
0.382 0.048 7.958 

< 

0.001 

[0.288, 

0.476] 

Supported 

(p < 0.001) 

H2: AI-CRM Capability → 

Reten. Durability (CRD) 
0.441 0.047 9.383 

< 

0.001 

[0.349, 

0.533] 

Supported 

(p < 0.001) 

Path: Acquis. Velocity (CAV) 

→ Resilience (SRES) 
0.312 0.048 6.498 

< 

0.001 

[0.218, 

0.406] 

Supported 

(p < 0.001) 

Path: Reten. Durability 

(CRD) → Resilience (SRES) 
0.468 0.047 9.957 

< 

0.001 

[0.376, 

0.560] 

Supported 

(p < 0.001) 

Control: Startup Age → 

Resilience (SRES) 
0.084 0.041 2.048 0.041 

[0.004, 

0.164] 

Statistically 

Significant 

Control: Startup Size (FTEs) 

→ Resilience (SRES) 
0.076 0.042 1.809 0.071 

[-

0.006, 

0.158] 

Not 

Significant 

(p > 0.05) 

Control: Venture Funding 

Stage → Resilience 
0.112 0.039 2.871 0.004 

[0.036, 

0.188] 

Statistically 

Significant 

Direct: AI-CRM Capability 

→ Resilience (Direct) 
0.142 0.052 2.730 0.006 

[0.040, 

0.244] 

Partial 

Direct 

Effect 

Source: Dynamic Capabilities View (Teece, 2007); Bollen (1989); Hair et al. (2022). 

 

4.7 Mediation Mechanisms: Bootstrapped Decomposition 

In an effort to perform a rigorous evaluation of H3a and H3b, we conducted mediation analyses 

on the basis of Preacher and Hayes (2008) and Zhao et al. (2010), with 5,000 bias-corrected 

bootstrap resamples. Table 7 shows the breakdown of total, direct, and specific indirect effects 

as well as the Variance Accounted For (VAF) statistic. The direct impact via Customer 

Acquisition Velocity is very important (beta = 0.119, 95% CI [0.072, 0.176], p < 0.001) which 

confirms H3a. The indirect effect going through Customer Retention Durability is even more 

powerful (beta = 0.206, 95% CI [0.148, 0.274], p < 0.001), which is in favor of the H3b. The 

overall indirect impact is a 69.6 percent of the overall impact of AI-CRM on Startup Resilience 

(VAF = 69.59 percent), indicating that complementary market processes are at the heart of how 

AI dynamic routines are translated into organizational survivability. 

 

Table 7: Mediation Analysis and Indirect Effect Decomposition 

H3a (Acquisition Velocity Mediation): 

𝛽indirect(CAV) = 𝑎1 × 𝑏1 = 0.382 × 0.312 = 𝟎. 𝟏𝟏𝟗𝟐 

Sobel standard error 𝑠𝑎𝑏 = √𝑏2𝑠𝑎
2 + 𝑎2𝑠𝑏

2 = √(0.312)2(0.048)2 + (0.382)2(0.048)2 =

0.02604 

𝑧 =
0.1192

0.02604
= 𝟒. 𝟓𝟕𝟔 (𝑝 < 0.001) 

H3b (Retention Durability Mediation): 

𝛽indirect(CRD) = 𝑎2 × 𝑏2 = 0.441 × 0.468 = 𝟎. 𝟐𝟎𝟔𝟒 

Sobel standard error 𝑠𝑎𝑏 = √(0.468)2(0.047)2 + (0.441)2(0.047)2 = 0.03206 

𝑧 =
0.2064

0.03206
= 𝟔. 𝟒𝟑𝟕 (𝑝 < 0.001) 
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Total Indirect Effect: 

𝛽total_indirect = 0.1192 + 0.2064 = 𝟎. 𝟑𝟐𝟓𝟔 

Total Effect & Variance Accounted For (𝑉𝐴𝐹): 

𝛽total = 𝛽direct + 𝛽total_indirect = 0.1420 + 0.3256 = 𝟎. 𝟒𝟔𝟕𝟔 

𝑉𝐴𝐹 =
𝛽total_indirect

𝛽total

=
0.3256

0.4676
= 𝟔𝟗. 𝟔𝟑% 

Path / Mediation 

Mechanism 

Point 

Estimate 

Boot 

SE 

z-

value 

p-

value 

95% 

Boot CI 

[LL, 

UL] 

VAF 

Ratio / 

Type 

Total Effect: AI-CRM → 

SRES 
0.467 0.045 10.37 

< 

0.001 

[0.379, 

0.555] 

100.0% 

(Total) 

Direct Effect: AI-CRM → 

SRES 
0.142 0.052 2.730 0.006 

[0.040, 

0.244] 

30.41% 

(Direct) 

Total Indirect Effect: AI-

CRM → SRES 
0.325 0.038 8.552 

< 

0.001 

[0.251, 

0.399] 

69.59% 

(Indirect) 

H3a: AI-CRM → CAV → 

SRES (Acquisition) 
0.119 0.026 4.576 

< 

0.001 

[0.072, 

0.176] 

25.48% 

(Partial 

Med) 

H3b: AI-CRM → CRD → 

SRES (Retention) 
0.206 0.032 6.437 

< 

0.001 

[0.148, 

0.274] 

44.11% 

(Partial 

Med) 

Contrast: (AI-

CRM→CRD→SRES) 

minus (AI-

CRM→CAV→SRES) 

0.087 0.039 2.230 0.026 
[0.011, 

0.163] 

Retention 

Pathway 

Dominant 

Source: Bootstrapped mediation testing: Preacher & Hayes (2008); Zhao, Lynch, & Chen 

(2010); Variance Accounted For (VAF). 

 

4.8 Moderation Analysis: Human-in-the-Loop Governance 

The orthogonalized mean-centered indicator products were calculated to test H4 by selecting 

an interaction construct (AI-CRM  HITL) to eliminate multicollinearity (Aiken and West, 

1991). The interaction term has a statistically significant positive impact on Customer Retention 

Durability ( 0.164, 3.644, p < 0.001), and this result supports H4. Simple slopes analysis shows 

that at the high level of HITL governance ( +1 SD), the positive correlation between AI-CRM 

and retention is strong (beta = 0.605, p < 0.001), but at the low level of HITL (-1 SD), the slope 

is much less pronounced (beta = 0.277, p < 0.01). This implies that algorithmic alienation 

undercuts retention gains when it is not controlled by humans. 
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Table 8: Hierarchical Moderated Regression Analysis for Retention Durability 

Model Predictors on 

Retention Durability (CRD) 

Model 1 

(Main 

Effects) 

Model 2 

(Interaction 

Added) 

t-

value 

(M2) 

p-

value 

(M2) 

Status 

Constant 
4.952 

(0.054) 

4.948 

(0.052) 
95.15 

< 

0.001 
Significant 

AI-CRM Dynamic Capability 

(AI-CRM) 

0.441 

(0.047)*** 

0.428 

(0.045)*** 
9.511 

< 

0.001 
Significant 

Human-in-the-Loop 

Governance (HITL) 

0.218 

(0.046)*** 

0.194 

(0.044)*** 
4.409 

< 

0.001 
Significant 

Interaction: AI-CRM × HITL — 
0.164 

(0.045)*** 
3.644 

< 

0.001 

H4 

Supported 

Control: Startup Age 
0.062 

(0.043) 

0.058 

(0.042) 
1.381 0.168 

Not 

Significant 

Control: Firm Employee Size 
0.045 

(0.044) 

0.041 

(0.043) 
0.953 0.341 

Not 

Significant 

Control: Venture Capital 

Backing 

0.098 

(0.041)* 

0.089 

(0.040)* 
2.225 0.027 Significant 

Model R² Value 0.384 0.412 — — — 

R² Change (ΔR²) — 0.028*** 

F(1, 

376) 

= 

13.28 

< 

0.001 

Significant 

Increase 

Source: Aiken and West (1991); Dawson (2014); A literature on algorithm aversion 

(Dietvorst et al., 2018). 

 

4.9 Multi-Group Analysis: B2B SaaS vs. B2C Consumer Startups 

Partial Least Squares Multi-Group Analysis (PLS-MGA) was run to investigate the contextual 

heterogeneity between B2B SaaS and Enterprise Software ventures (n = 176) and B2C and 

D2C Digital startups (n = 208). Table 9 indicates some significant differences: Customer 

Acquisition Velocity is significantly higher in ventures with AI-CRM (betas = 0.448 and 0.306, 

deltas = 0.142 and 0.028, p = 0.028) due to the enormous targeting of adverts in the B2C market. 

On the other hand, Customer Retention Durability is much more affected in B2B businesses 

(beta = 0.512 vs. 0.378, delta = 0.134, p = 0.034), where client churn is devastating in terms of 

revenue loss. 

 

Table 9: Partial Least Squares Multi-Group Analysis (PLS-MGA: B2B vs. B2C) 

Structura

l Path 

B2B 

SaaS 

(n=176

) 

B2C 

Digital 

(n=208

) 

Path 

Differenc

e |Δβ| 

Welch-

Satterthwait

e t 

p-

value 

(MGA

) 

Heterogeneit

y 

AI-CRM 

→ Acquis. 

0.306 

(0.065) 

0.448 

(0.058) 
0.142 2.214 0.028* 

B2C Impact 

Dominant 
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Velocity 

(CAV) 

AI-CRM 

→ Reten. 

Durability 

(CRD) 

0.512 

(0.059) 

0.378 

(0.062) 
0.134 2.127 0.034* 

B2B Impact 

Dominant 

Acquis. 

Velocity 

→ 

Resilience 

0.274 

(0.068) 

0.346 

(0.061) 
0.072 1.108 0.269 

Invariant 

Across 

Groups 

Reten. 

Durability 

→ 

Resilience 

0.518 

(0.062) 

0.422 

(0.066) 
0.096 1.524 0.128 

Invariant 

Across 

Groups 

AI-CRM 

× HITL → 

Retention 

0.214 

(0.058) 

0.118 

(0.063) 
0.096 1.684 0.093 

Marginally 

Stronger B2B 

Source: Permutation test for sub-group heterogeneity: Henseler et al. (2016); Sarstedt et al. 

(2011). 

 

4.10 Predictive Relevance and Out-of-Sample Performance 

To determine that our empirical model is providing real-world predictive validity and not just 

a statistical sample fit, Q² value of Stone-Geisser was approximated with blindfolding 

procedures (omission distance D = 7). Table 10 records the cross-validated redundancy 

measures. The Q 2 of Acquisition Velocity (0.428), Retention Durability (0.485) and Startup 

Resilience ( 0.512) are significantly above zero, which confirms a high predictive power 

(Shmueli et al., 2019). 

 

Table 10: Blindfolding Cross-Validated Redundancy (Q²) and In-Sample Explanatory 

Power (R²) 

𝑄2 = 1 −
𝑆𝑆𝐸

𝑆𝑆𝑂
 

Customer Acquisition Velocity (CAV): 

𝑄2 = 1 −
878.59

1536.00
= 1 − 0.5720 = 𝟎. 𝟒𝟐𝟖𝟎 

Customer Retention Durability (CRD): 

𝑄2 = 1 −
791.04

1536.00
= 1 − 0.5150 = 𝟎. 𝟒𝟖𝟓𝟎 

Startup Resilience (SRES): 

𝑄2 = 1 −
1499.14

3072.00
= 1 − 0.4880 = 𝟎. 𝟓𝟏𝟐𝟎 
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Endogenous Latent 

Construct 

SSO 

(Sum of 

Squares) 

SSE 

(Sum of 

Squared 

Errors) 

Q² 

Relevance 

(= 1 - 

SSE/SSO) 

In-

Sample 

R² 

Effect 

Size 

Rating 

Customer Acquisition 

Velocity (CAV) 
1,536.00 878.59 0.428 0.472 

Large 

Predictive 

Relevance 

Customer Retention 

Durability (CRD) 
1,536.00 791.04 0.485 0.526 

Large 

Predictive 

Relevance 

Startup Resilience (SRES - 

Overall) 
3,072.00 1,499.14 0.512 0.564 

Large 

Predictive 

Relevance 

  - Financial Resilience 

(Sub-Dim) 
1,536.00 694.27 0.548 0.589 

Substantial 

In-Sample 

Fit 

  - Operational Adaptability 

(Sub-Dim) 
1,536.00 778.75 0.493 0.534 

Moderate-

to-Large 

Fit 

Source: Stone-Geisser predictive relevance: Stone (1974); Geisser (1974); PLSpredict: 

Shmueli et al. (2019). 

 

4.11 Econometric Cross-Validation: Two-Stage Least Squares (2SLS) Instrumental 

Regressions 

To further eliminate any remaining concerns regarding simultaneity bias (e.g., more resilient 

startups having higher financial bandwidth to invest in AI-CRM), we estimated Two-Stage 

Least Squares (2SLS) instrumental variable regressions. We employed two exogenous 

instruments: (1) Localized Cloud Infrastructure Latency (measured in ms to nearest data center 

cluster) and (2) Regional Peer Cluster Adoption Intensity (percentage of neighboring firms in 

same industrial incubator utilizing AI tools). Table 11 demonstrates that the instruments satisfy 

the relevance criteria (First-stage F = 38.64 > 10; Cragg-Donald Wald F = 42.18) and 

overidentifying restrictions (Sargan-Hansen J test p = 0.384, failing to reject instrument 

exogeneity). The instrumented AI-CRM capability remains an exceptionally strong predictor 

of resilience. 

 

Table 11: Econometric 2SLS Instrumental Regressions for Endogeneity Control 

Independent 

Predictor 

OLS 

Model 

(Baseline) 

2SLS 

Stage 1 

(AI-

CRM) 

2SLS Stage 

2 

(Resilience) 

Robust 

SE 

(Stage 

2) 

p-value 

(Stage 2) 

Constant 2.142 

(0.285)*** 

1.108 

(0.194)*** 

1.984 

(0.312)*** 
0.312 < 0.001 

Instrument 1: Peer 

Cluster Adoption 
— 

0.384 

(0.048)*** 
— — 

Stage 1 

Instrument 
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Instrument 2: Cloud 

Network Latency 
— 

-0.265 

(0.042)*** 
— — 

Stage 1 

Instrument 

AI-CRM Dynamic 

Capability 

(Instrumented) 

0.467 

(0.045)*** 
— 

0.498 

(0.062)*** 
0.062 < 0.001 

Acquisition Velocity 

(CAV) 

0.312 

(0.048)*** 
— 

0.298 

(0.054)*** 
0.054 < 0.001 

Retention Durability 

(CRD) 

0.468 

(0.047)*** 
— 

0.452 

(0.051)*** 
0.051 < 0.001 

First-Stage 

Diagnostics 
— 

F(2, 381) 

= 

38.64*** 

— — 

Passed 

(Weak Inst 

Rejected) 

Sargan-Hansen 

Overidentification (J) 
— — χ² = 0.758 — 

p = 0.384 

(Exogenous) 

Centered R² Metric 0.564 0.412 0.558 — 
High 

Robustness 

Source: Two-Stage Least Squares (2SLS / IVReg in Stata 18 & Python statsmodels). 

 

4.12 Summary of Hypotheses Testing and Empirical Decisions 

Table 12 consolidates all structural relationships investigated in this empirical inquiry, 

contrasting initial theoretical propositions with formal econometric decisions. 

 

Table 12: Consolidated Summary of Empirical Hypotheses Testing 

Hypothesis 

Code 

Theoretical 

Structural 

Proposition 

Beta 

(β) 

t-

value 

p-

value 

Empirical 

Status 

Core 

Academic 

Contribution 

H1 

AI-CRM 

Capabilities → 

Acquis. Velocity 

0.382 7.958 
< 

0.001 

Fully 

Supported 

Proves 

algorithmic 

lead triage 

accelerates 

cash generation 

H2 

AI-CRM 

Capabilities → 

Reten. Durability 

0.441 9.383 
< 

0.001 

Fully 

Supported 

Demonstrates 

churn 

mitigation via 

predictive 

behavioral 

models 

H3a 

Acquis. Velocity 

Mediates AI-

CRM → 

Resilience 

0.119 4.576 
< 

0.001 

Fully 

Supported 

Validates 

dynamic cash-

flow influx as 

liquidity shock 

absorber 

H3b 
Reten. Durability 

Mediates AI-
0.206 6.437 

< 

0.001 

Fully 

Supported 

Confirms net 

revenue 
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CRM → 

Resilience 

retention 

provides 

structural 

baseline 

H4 

HITL Governance 

Moderates AI-

CRM → 

Retention 

0.164 3.644 
< 

0.001 

Fully 

Supported 

Identifies 

human 

supervision as 

cure for 

algorithmic 

alienation 

Source: Consolidated Decision Matrix. 

 

Discussion of Empirical Findings 

 

The general aim of this study was to discuss how the early-stage initiatives within secondary 

and tertiary innovation centres use AI-supported CRM frameworks in order to develop 

multidimensional startup resilience. Our results combine the Dynamic Capabilities View 

(Teece, 2007) and Resource Orchestration Theory (Sirmon et al., 2011) to give deep empirical 

insight into the working mechanisms and conditions of the governance boundaries of artificial 

intelligence implementation in resource-deprived entrepreneurial settings. 

 

The first significant conclusion that we have made is that AI-CRM dynamic capabilities have 

significant, positive direct influences on Customer Acquisition Velocity ( = 0.382) and 

Customer Retention Durability ( = 0.441). These are empirical results that build on previous 

marketing literature (e.g., Syam and Sharma, 2018; Kumar et al., 2019) by showing that 

algorithmic intelligence is a functional alternative to large human sales forces in new 

ecosystems. In places like Madhya Pradesh where startup firms are faced with chronic shortages 

of experienced enterprise sales managers and growth marketers, predictive lead scoring on AI 

and conversational agents will reduce sales discovery cycles, enabling small founding teams to 

contact hundreds of inbound leads at once without affecting the qualification depth. 

 

Second, the outcomes of structural mediation (H3a and H3b) answer an old question in 

entrepreneurial strategy about the resilience of ventures; whether customer acquisition or 

customer retention is more critical (Baker and Nelson, 2005; Reinartz and Kumar, 2003). 

Although both pathways are statistically necessary, our bootstrapped contrast analysis (Table 

7) shows that the pathway through Customer Retention Durability (beta = 0.206) is much more 

significant than the pathway through Acquisition Velocity (beta = 0.119). In Tier-2 and Tier-3 

startup ecosystems, where risk capital is severely rationed, customer churn is fatal. Startups 

using AI to predict churn intervention are creating a lasting recurrent revenue moat, which 

redefends the business in periods of macro-economic downturn when external venture funding 

is scoured. 

 

Third, the validation of H4 provides a crucial behavioral boundary condition: algorithmic 

automation is no panacea. Devoid of structured Human-in-the-Loop (HITL) governance, 

autonomous CRM agents may make context-blind errors that may lead to algorithmic aversion 



 

 

Leveraging AI-Powered CRM for Startup Resilience: A Dynamic Capabilities Perspective on 

Customer Acquisition and Retention in Emerging Hubs 

Enterprise Development & Microfinance Vol. 36 No.4s                                           

 

and diminish relational trust (Dietvorst et al., 2018). We find that startups that integrate 

automated predictive engines with smooth human escalation procedures are the most enduring 

in terms of customer retention. Strategic flexibility and human empathy should be proactive in 

overseeing algorithmic speed. 

 

Theoretical Implications 

 

6.1 Advancing the Dynamic Capabilities View in the Algorithmic Era 

The research contributes to the theory of strategic management and dynamic capabilities in a 

number of important ways. To begin with, although the conceptual framework provided by 

Teece (2007) views sensing, seizing, and transforming as managerial cognitive routines, we are 

able to illustrate that on digital-native ventures, these micro-foundations are becoming more of 

an algorithm. The automation of sensing (through parsing market signals in real time), 

executing seizing (through instant growth of inbound transaction intent) and lifecycle 

personalization (through continuous transformation of value propositions) are the roles of 

predictive customer analytics. In this way, we are adding to the new paradigm of 'Algorithmic 

Dynamic Capabilities', which define how machine learning routines and software code get 

institutionalized as capability assets. 

 

6.2 Decentering Metropolitan Bias in Entrepreneurship Research 

Second, the study is a direct contribution to the literature in entrepreneurship and economic 

geography as it questions the metropolitan hegemony prevailing in the literature on AI adoption 

(Audretsch et al., 2021; Roundy, 2017). We locate our inquiry in Madhya Pradesh, a fast 

industrializing, but historically marginal venture capital, to demonstrate how digital 

technologies democratize entrepreneur competitive advantage. We demonstrate that emerging 

hub startups are not just copying Tier-1 playbooks, but they are institutionalized through 

algorithmic CRM systems that enable them to transcend regional isolation and transact 

effectively with both national and international customer bases, out of secondary urban 

corridors. 

 

Managerial and Policy Implications 

 

7.1 Actionable Recommendations for Founders and CMOs 

This paper provides practical strategic guidelines to entrepreneurial practitioners and revenue 

leaders: 

1. Focus More on Retention Than Top-of-Funnel Acquisition: Founders of secondary 

hubs ought to redirect limited engineering and marketing resources to predictive churn 

intelligence and automated customer onboarding. High net revenue retention gives the 

buffer of solvency during venture funding winters. 

2. Human-in-the-Loop (HITL): Do not fall into the deadly trap of complete automation 

of chatbots. Develop explicit semantics triggers that immediately divert discontented, 

large ticket, or emotionally delicate accounts to human, seasoned customer success 

administrators. 

3. Make Foundational Telemetry Data Cleanliness an Investment: Predictive machine 

learning models are limited essentially by the quality of data. Before deploying 
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predictive scoring models, startups need to integrate disjointed billing, product 

analytics and customer support logs into a single centralized customer data platform 

(CDP). 

 

7.2 Public Policy and Incubator Ecosystem Strategy 

The state policymakers, regional development authorities, and business incubators operated by 

universities (e.g., MP Startup Centre, smart city incubation parks) should redefine their support 

policy and go beyond subsidized physical office space. The governments of the regions must 

set up subsidized common enterprise AI-CRM cloud infrastructure, haggle over collective 

enterprise software licenses, and offer special training programs in customer data engineering. 

The direct transfer of high-grade algorithmic tools to regional founders encourages the creation 

of regional wealth and lessens brain drain to Tier-1 megacities. 

 

Limitations and Directions For Future Scholarship 

 

Although it has a rigorous time-lagged design and econometric controls, a number of 

limitations must be mentioned to put the findings into perspective and motivate future research. 

First, our time-lagged (six-month independent and outcome variable separation) design reduces 

common method bias, but the true long-term (many years) multi-wave longitudinal panel data 

would need multi-business cycles of economic business cycles. 

 

Second, despite the exemplary setting of Madhya Pradesh to emerging South Asian secondary 

hubs, cultural, regulatory, and linguistic factors of the region could limit direct generalizability 

to emerging hubs in Sub-Saharan Africa, Latin America, or Central Europe. It is desirable that 

future researchers carry out cross-national comparative research to set up international 

institutional boundary conditions. 

 

Third, the new paradigm of Autonomous Generative AI Agents (Agentic AI) that can negotiate 

contracts and solve business disputes and execute complex workflows without preset rule 

templates and assess the resultant ethical and governance implications should be examined in 

future research. 

 

Conclusion 

 

Within a timeframe of jangling economic unpredictability and techno-disruption at a faster 

pace, start-up firms in rising hubs need to evolve new strategic frameworks to guarantee their 

survival and competition on equal footing. This paper shows that AI-based CRM is not a small 

incremental productivity tool; it is a vital dynamic capability that helps resource-starved 

startups detect changes in consumer behavior, an increased customer acquisition rate, and root 

long-term customer retention. Algorithms orchestration is the dynamo in transforming the 

delicate regional ventures into strong, lasting market leaders through its fortification with a 

solid human-in-the-loop governance. 
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