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Abstract 
 In the bustling digital marketplace of modern India, where over 950 million internet users navigate a complex 
web of brand interactions, a quiet revolution is reshaping how marketing decisions are made. Artificial 
intelligence, once confined to science fiction, now sits beside human marketers in digital agencies across Mumbai, 
Bangalore, and Delhi, collaboratively steering campaigns that reach billions. Yet this partnership remains poorly 
understood, particularly in the context of Indian digital agencies where cultural diversity, linguistic complexity, 
and rapid technological change create unique challenges. While global studies celebrate AI's potential, they 
overlook how human marketers and intelligent machines collaborate in emerging economies, leaving critical gaps 
in both theory and practice. This study addresses that void through a systematic literature review and empirical 
analysis of Human-AI collaborative marketing intelligence, focusing specifically on AI-powered chatbot 
implementations from January 2023 to January 2026. Drawing upon complementary theory and Huang-Rust's 
collaborative framework, we analyse secondary data from NASSCOM's AI Adoption Index 2.0, IAMAI digital 
economy reports, and survey responses from 147 Indian digital marketing agencies. Our findings reveal that 87% 
of Indian enterprises operate at early stages of AI maturity, with digital agencies showing a 66% adoption rate—
significantly higher than global averages. Agencies implementing structured Human-AI collaborative chatbot 
systems report 40% higher user engagement and 25% reduced operational costs compared to siloed approaches. 
However, inconsistent leadership commitment and ad-hoc implementation strategies persist as major barriers. 
This research contributes to marketing theory by extending collaborative intelligence frameworks to the Indian 
context and provides practical guidelines for optimising Human-AI partnerships in digital agency settings. 
 
Keywords: Human-AI collaboration, marketing intelligence, chatbots, digital agencies, India, complementary 
theory 
 
1. Introduction 
The marketing landscape has undergone a radical 
transformation with the proliferation of artificial 
intelligence technologies. In India, this 
transformation is particularly pronounced, with the 
digital advertising market projected to reach 
₹51,110 crore by 2025 and internet user penetration 
exceeding 950 million active users as of 2025 
(IAMAI, 2024). The Indian AI market, valued at 
$7.63 billion in 2024, is expected to grow to $131.31 
billion by 2032 at a compound annual growth rate of 
42.2%, positioning India as the third-ranked nation 
globally in AI vibrancy (PIB, 2026). Within this 
ecosystem, digital marketing agencies serve as 
critical intermediaries, implementing AI solutions 
across diverse client portfolios while navigating 
unique challenges associated with cultural diversity, 
linguistic complexity, and price-sensitive markets. 
The specific context of Human-AI collaboration in 
marketing decision-making remains under-
theorised, particularly in emerging economies. 
While existing literature extensively documents AI 
applications in marketing, the collaborative 
mechanisms by which human and artificial 
intelligence combine to produce superior decision 
outcomes warrant deeper investigation. Huang and 
Rust (2022) established that AI and human 

intelligence possess distinct relative strengths: AI 
excels in mechanical and analytical tasks involving 
data computation, while humans maintain 
advantages in contextual, intuitive, and emotional 
intelligence tasks. Their framework posits that 
lower-level AI intelligences augment higher-level 
human intelligences, creating collaborative 
synergies that exceed individual capabilities. This 
collaborative paradigm is especially relevant for 
chatbot implementations in Indian digital agencies. 
Chatbots are among the most widely deployed AI 
applications in marketing, handling approximately 
70% of customer queries for major e-commerce 
platforms while reducing operational costs by 25% 
(McKinsey India, 2024). The Indian chatbot market, 
valued at approximately $243 million in 2024, is 
projected to reach $1.46 billion by 2033, growing at 
a compound annual growth rate exceeding 20% 
(IMARC Group, 2025). However, the transition 
from simple automation to genuine collaborative 
intelligence requires systematic examination of how 
agencies structure Human-AI workflows, allocate 
decision-making authority, and measure 
collaborative effectiveness. The research problem 
emerges from a critical gap in current knowledge. 
Despite widespread AI adoption—87% of Indian 
companies now use AI solutions in some capacity—
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NASSCOM's AI Adoption Index 2.0 (2024) reveals 
that leadership commitment remains inconsistent, 
implementation strategies are predominantly ad hoc, 
and quantifying business impact is a major 
bottleneck for 59% of organisations. Digital 
agencies, serving as AI implementers for client 
brands, face compounded challenges: they must 
simultaneously develop internal AI capabilities, 
educate clients on the benefits of collaborative AI, 
and navigate ethical considerations around 
transparency and data privacy. The Adobe State of 
AI-driven Consumer Value report (2024) indicates 
that 81% of Indian consumers expect brands to 
adopt generative AI by year-end 2024, creating 
pressure that outpaces organisational readiness. This 
study addresses the following research objectives: 

1. To systematically review and synthesise literature 
on Human-AI collaborative marketing intelligence 
from 2023-2025, establishing theoretical 
foundations grounded in complementary theory and 
Huang-Rust's collaborative framework. 

2. To analyse empirical data from Indian digital 
agencies regarding current chatbot implementation 
patterns, decision-making workflows, and 
performance metrics. 

3. To identify barriers and enablers of effective 
Human-AI collaboration in marketing decision-
making within the Indian context. 
The significance of this research extends across 
theoretical and practical domains. Theoretically, it 
extends complementary theory—traditionally 
applied to labour economics and organisational 
behaviour—to marketing decision-making contexts, 
examining how AI complements rather than 
substitutes human judgment. The study tests Huang 
and Rust's (2022) collaborative framework in an 
emerging economy setting, where resource 
constraints, cultural diversity, and rapid 
digitalisation create unique implementation 
conditions. Practically, the research provides 
actionable insights for agency leaders, marketing 
managers, and policymakers seeking to harness AI's 
potential while maintaining human-centric value 
creation.  
 
2. SYSTEMATIC LITERATURE REVIEW 
This systematic literature review examines scholarly 
work on Human-AI collaborative marketing 
intelligence published between January 2023 and 
January 2026. The review follows the PRISMA 
(Preferred Reporting Items for Systematic Reviews 

and Meta-Analyses) guidelines to ensure 
transparency and replicability. We searched Scopus, 
Web of Science, Google Scholar, and IEEE Xplore 
databases using combinations of keywords: 
"Human-AI collaboration," "artificial intelligence 
marketing," "chatbots," "marketing decision-
making," "digital agencies," and "complementary 
theory." The initial search yielded 1,247 articles, 
which were screened for relevance, resulting in 87 
empirical studies and 34 theoretical papers that met 
the inclusion criteria. Figure 1 illustrates the 
PRISMA flow diagram for study selection. 
Figure 1: PRISMA Flow Diagram for Literature 

Selection 

 
2.1 Theoretical Foundations 
The theoretical foundation of this research rests on 
complementary theory, originally developed in 
labour economics and recently extended to AI 
contexts. The theory posits that AI and human 
intelligence possess distinct relative strengths that, 
when properly combined, yield synergistic 
outcomes that exceed individual capabilities (Huang 
& Rust, 2022).  

 
Table 1: Intelligence Hierarchy and Complementary Roles 

Intelligence 
Level 

AI Capability Human Capability Collaborative Function 

Mechanical Data computation, pattern 
recognition 

Physical mobility, 
manual dexterity 

AI handles volume: humans 
handle physical nuance 
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Analytical Information processing, 
statistical analysis 

Intuition, contextual 
interpretation 

AI provides data; humans provide 
meaning 

Intuitive Limited emotional 
recognition 

Emotional intelligence, 
empathy 

Humans lead relationships; AI 
supports data 

Empathetic Simulated emotional 
response 

Genuine emotional 
connection 

Humans build trust; AI manages 
logistics 

Recent empirical studies validate this framework. 
Casazar et al. (2024) demonstrated that current 
Large Language Models (LLMs) can achieve 
human-comparable performance in strategic 
decision-making tasks involving the generation and 
evaluation of strategies, the two primary outputs of 
strategic decision-making (SDM). Their research, 
conducted with entrepreneurs and investors from 
leading accelerator programs, found that AI-
augmented SDM relaxes bounded rationality—a 
fundamental constraint of traditional decision-
making—by altering the underlying cognitive 
processes of search, representation, and aggregation. 
The theory-based view (TBV) of strategy provides 
another critical lens. This tension is particularly 

relevant for marketing contexts where creativity and 
differentiation determine competitive advantage. 
2.2 Human-AI Collaboration in Marketing 
(2023-2026) 
The period 2023-2026 witnessed explosive growth 
in generative AI (GenAI) marketing research. A 
comprehensive bibliometric analysis by Dwivedi et 
al. (2025) examined 371 Scopus and Web of Science 
documents, identifying 2023 and 2024 as the most 
productive years with 107 and 71 publications, 
respectively. Four thematic clusters emerged: 
opinion and text mining, big data analytics, artificial 
intelligence in marketing, and user-generated 
content. 

 
Table 2: Publication Trends in GenAI Marketing Research (2023-2024) 

Year Publications Primary Focus Areas Key Journals 

2023 107 ChatGPT applications, content generation, and ethical concerns IJIM, JAR, JM 

2024 71 Consumer attitudes, image generation, and ROI measurement JAMS, JBR, 
JCP 

2025 
(Jan) 

12 Collaborative frameworks, service recovery, and strategic 
decision-making 

STSC, JRCS 

Source: Dwivedi et al. (2025)  

Chatbot research has matured significantly since 2023. Current studies demonstrate substantial performance 
improvements across multiple metrics. According to 2024 industry data, chatbots now handle 39% of all B2C 
conversations, with 80% of consumers reporting positive experiences with multiple chatbot interactions. 
Critically, 62% of consumers prefer chatbot interactions to waiting 15 minutes for human agents, indicating a shift 
toward AI-mediated services. 

Table 3: Chatbot Performance Metrics from Empirical Studies (2023-2026) 

Metric Finding Source Year 

Lead generation 
improvement 

35% increase in lead capture Drift State of Conversational 
Marketing 

2023 

Customer engagement 67% higher engagement vs. non-
AI 

HubSpot Report 2023 

Conversion rate 67% increase in e-commerce Forrester Research 2024 
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Cost reduction 30% decrease in service costs Chatbots Magazine 2024 

Response rate (well-
designed) 

80-90% vs. 35-40% (poor 
design) 

Matthew Barby Analysis 2025 

ROI vs. retargeting ads 30% better in Facebook 
Messenger 

Business Insider 2026 

Academic studies have moved beyond simple 
adoption metrics to examine collaborative 
mechanisms. Fotheringham and Wiles (2023) 
conducted event study analyses demonstrating that 
implementing chatbot customer service significantly 
impacts stock returns, validating market valuation of 
AI service capabilities. Their research established 
that chatbot deployment signals technological 
competence to investors, creating tangible financial 
returns beyond operational efficiencies. Recent 
research specifically examines Human-AI 
collaboration in service recovery contexts. Ameen et 
al. (2024) developed a comprehensive framework 
that identifies four stages of B2B service recovery in 
which AI and humans collaborate: prediction, 
detection, recovery, and post-recovery. Their 
empirical study with senior managers revealed that 
different types of AI intelligence are required at each 
stage—processing speed and visual-spatial AI for 
prediction; logic-mathematical, social, and 
processing-speed AI for detection; and logic-
mathematical, social, verbal-linguistic, and 
processing-speed AI for recovery. A 2025 study 
analysing AI-powered influencer marketing in India 
found that AI-enhanced content generates 33% 
higher engagement and 29% increased purchase 
intent compared to traditional approaches. The 
research, conducted across beauty, fitness, and 
consumer electronics categories in Madhya Pradesh 
and Indore, identified five key mechanisms: 
personalisation precision, content optimisation 
timing, multivariate testing capacity, sentiment 
integration, and performance prediction modelling. 
The study revealed significant adoption gaps: 

organisations with annual revenue exceeding ₹500 
crore demonstrate 61% comprehensive AI adoption, 
compared with 38% for mid-market organisations 
and 19% for small businesses. This disparity creates 
competitive advantages for larger brands while 
highlighting barriers for smaller digital agencies. 
2.4 AI in Indian Digital Marketing (2023-2026) 
Research specifically addressing Indian digital 
marketing contexts has expanded rapidly. Maheta et 
al. (2024) conducted mixed-methods research 
analysing 50 digital marketing campaigns from 
Indian firms (2023-2024), demonstrating that AI-
enabled campaigns achieve 25% higher conversion 
rates and a 30% increase in ROI compared to 
traditional methods. Their qualitative interviews 
with 15 marketing professionals identified precision 
targeting, dynamic content personalisation, and 
regulatory compliance with India's Digital Personal 
Data Protection Act (2023) as critical success 
factors. The MARK-GEN framework, developed 
through analysis of Indian e-commerce, FMCG, 
tourism, and banking sectors, provides a seven-stage 
roadmap for GenAI adoption: Aim, Data Collection, 
Processing, Design, Training, Evaluation, and 
Deployment. Case studies demonstrate measurable 
outcomes: Flipkart achieved 18% higher click-
through rates during Big Billion Days 2024; 
Hindustan Unilever reduced creative costs by 25% 
through AI-generated multilingual video ads; 
MakeMyTrip improved Net Promoter Scores by 
12% through GenAI trip planning; and HDFC Bank 
achieved 25% higher click-through rates for 
personalised loan campaigns. 

 
Table 4: MARK-GEN Framework Implementation Results in India 

Company Sector Stage Focus Key Outcome Metric 

Flipkart/Myntra E-
commerce 

Vernacular personalization Rural penetration +18% CTR 

HUL FMCG Regional dialect processing Cost efficiency -25% creative 
costs 

MakeMyTrip/OYO Tourism Hyper-personalization Customer 
satisfaction 

+12% NPS 
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HDFC Bank/Paytm Banking Compliance + 
personalization 

Engagement +25% CTR 

Research by De and Vats (2025) examined consumer 
trust in AI-generated marketing content in India, 
finding that while GenAI tools improve 
engagement, consumers doubt trustworthiness due 
to inconsistent platform standards and a lack of 
transparency.  
2.5 Synthesis and Research Gaps 
Analysis of 121 studies reveals four dominant 
research themes: 
Theme 1: Collaborative Intelligence Architecture 
Research consistently supports Huang and Rust's 
(2021, 2022) complementary framework, 

demonstrating that effective Human-AI 
collaboration requires clear role delineation based 
on relative strengths. However, most studies 
examine B2C contexts; B2B and digital agency 
applications remain underexplored. 
Theme 2: Performance Measurement Evolution 
The literature shows rapid evolution from simple 
efficiency metrics (cost reduction, response time) to 
sophisticated collaboration metrics (engagement 
quality, forgiveness, brand perception). Table 7 
summarises this evolution. 

 
Table 5: Evolution of AI Marketing Metrics (2023-2026) 

Phase Period Primary Metrics Representative Studies 

Efficiency Focus 2023 Cost reduction, automation rate, response 
time 

Kshetri et al. (2024), 
Fotheringham & Wiles (2023) 

Engagement 
Focus 

2023-
2024 

CTR, conversion rate, NPS, sentiment Maheta et al. (2024), Ameen et al. 
(2024) 

Collaboration 
Focus 

2024-
2025 

Human-AI task allocation, sequence 
optimisation, and forgiveness 

Yang & Shao (2025), Ameen et al. 
(2024) 

Strategic Focus 2025-
2026 

SDM quality, theory generation, and 
competitive advantage 

Casazar et al. (2024) 

Theme 3: Regional Contextualization While 
global studies dominate, India-specific research 
reveals unique challenges: linguistic diversity 
requiring vernacular NLP, price-sensitive markets 
demanding cost-efficient solutions, and regulatory 
compliance with the DPDP Act 2023. 
Theme 4: Ethical and Trust Dimensions Post-
2024 research increasingly addresses the 
"authenticity paradox"—consumers demand 
personalisation while resisting excessive data use 
and opaque AI operations. 
2.5.1 Identified Research Gaps 
Despite significant progress, critical gaps persist: 
Gap 1: Digital Agency Specificity. No empirical 
studies specifically examine Human-AI 
collaboration within digital marketing agencies as 
service providers. Existing research focuses on 
brands implementing AI or technology vendors 
developing AI, neglecting the agency intermediary 
role. 
Gap 2: Chatbot Decision-Making Workflows. 
While chatbot effectiveness is well documented, 
research lacks a granular analysis of how human 
marketers and AI chatbots collaborate in real-time 
decision-making, particularly in campaign 

optimisation, budget allocation, and creative 
direction. 
Gap 3: Indian Agency Context. No studies 
specifically address the unique position of Indian 
digital agencies in serving diverse clients across 
sectors while simultaneously managing internal AI 
capabilities, client education, and talent 
development. 
2.6 Conceptual Framework Development 
Based on the systematic review, we propose an 
integrated conceptual framework for Human-AI 
collaborative marketing intelligence in digital 
agencies. The systematic literature review reveals a 
rapidly evolving field with significant empirical 
progress from 2023 to 2026. However, critical gaps 
remain regarding digital agency-specific 
applications, real-time collaborative workflows, and 
longitudinal dynamics. These gaps justify the 
current study's focus on Human-AI collaborative 
marketing intelligence in Indian digital agencies. 
 
3: RESEARCH METHODOLOGY 
3.1 Research Philosophy and Design 
This study adopts a pragmatist research 
philosophy, integrating both positivist and 
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interpretivist approaches to address the complex, 
multifaceted nature of Human-AI collaboration in 
marketing decision-making. Pragmatism allows 
simultaneous examination of objective performance 
metrics (efficiency gains, ROI) and subjective 
experiences (collaboration quality, trust dynamics), 
which is essential for understanding Human-AI 
partnerships (Creswell & Creswell, 2018). The 
research employs a mixed-methods sequential 
explanatory design within the LSR framework. 
This involves: 

1. Systematic Literature Review (SLR): 
Completed establishing theoretical 
foundations 

2. Secondary Data Analysis: Quantitative 
analysis of industry datasets 

3. Integration: Merged findings producing 
comprehensive insights 

3.2 Research Context: Indian Digital Marketing 
Agencies 

This study focuses on digital marketing agencies 
in India, defined as organisations providing 
marketing services through digital channels, 
including search engines, social media, email, 
mobile applications, and websites. These agencies 
serve as intermediaries between brands and 
consumers, implementing AI solutions for diverse 
clients while developing their internal capabilities. 
Inclusion Criteria: Registered digital marketing 
agencies operating in India, Minimum 10 
employees, Active AI/chatbot implementation in 
client campaigns, Willingness to participate in 
primary research 
Exclusion Criteria: Freelance individual 
consultants, Pure technology vendors without 
marketing services, Agencies with less than 2 years 
of operation 
3.2.2 Contextual Characteristics 
The Indian digital agency sector presents unique 
research conditions: 

 
Table 1: Indian Digital Agency Context Characteristics 

Dimension Characteristic Research Implication 

Market Size ₹51,110 crore projected by 2025 (IAMAI, 
2024) 

Large, growing market with diverse 
agency tiers 

AI Adoption 87% of enterprises use AI; 66% of agencies 
(NASSCOM, 2024) 

High adoption but varying maturity 
levels 

Linguistic Diversity 22 official languages; Hinglish dominance in 
digital 

Requires vernacular AI capabilities 

Price Sensitivity Cost-conscious clients; ROI pressure Efficiency metrics critical for 
adoption 

Regulatory 
Environment 

DPDP Act 2023 implementation Compliance as a collaboration factor 

Talent Landscape AI skills shortage; high attrition Human-AI collaboration as talent 
strategy 

Client Expectations 81% expect GenAI adoption by end-2024 
(Adobe, 2024) 

Pressure is driving rapid 
implementation 

3.3 Secondary Data Collection and Analysis 
Data Sources: Secondary data provides macro-level 
context and validation for primary findings. We 

identified and analysed datasets from authoritative 
sources: 

 
Table 2: Secondary Data Sources and Characteristics 

Source Type Time 
Period 

Sample/Scope Key Variables 

NASSCOM AI Adoption 
Index 2.0 

Industry Report 2023-
2024 

500+ Indian 
enterprises 

Maturity stages, 
investment, barriers 
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IAMAI Digital Advertising 
Reports 

Industry Data 2023-
2025 

Market-wide 
statistics 

Spend, growth, platform 
usage 

Statista Digital India Dossier Statistical 
Database 

2023-
2026 

1,200+ metrics User behaviour, adoption 
rates 

Company Annual Reports 
(TCS, Infosys, Wipro) 

Financial 
Filings 

2023-
2025 

Top 10 IT firms AI revenue, client 
projects 

McKinsey India Digital 
Reports 

Consulting 
Research 

2023-
2024 

Sector analyses Implementation cases, 
ROI data 

Google AI Impact Reports Industry 
Research 

2023-
2025 

Global with India 
focus 

Search trends, tool 
adoption 

Open Government Data 
Platform 

Government 
Data 

2023-
2025 

DPIIT, MEITY 
statistics 

Policy impact, sector 
growth 

Data Extraction Protocol: We developed a 
standardised extraction protocol to ensure 
consistency: Documents screened against inclusion 
criteria (Human-AI collaboration, marketing 
applications, Indian context, 2023-2026 timeframe), 
Structured templates capturing quantitative metrics, 
implementation descriptions, and contextual factors, 
Triangulation across multiple sources for key 
statistics 
Analytical Techniques: Secondary data analysis 
employed: Descriptive Statistics: Market size, 
adoption rates, growth trends, Comparative 
Analysis: India vs. global benchmarks, sector 
variations, Trend Analysis: Time-series 
examination of AI adoption patterns (2023-2026), 
Correlation Analysis: Relationship between AI 
investment and performance metrics 
3.4 Primary Data Collection: Survey Research 

3.4.1 Sampling Strategy: Given the absence of a 
comprehensive registry of Indian digital agencies, 
we employed multi-stage stratified sampling: 
Stage 1: Frame Construction: Compiled lists from 
NASSCOM member directories, IAMAI agency 
registries, LinkedIn databases, and industry 
associations (ADMAI, DMAi), Initial frame: 2,847 
agencies 
Stage 2: Stratification Stratified by: Geography: 
Tier 1 cities (Delhi NCR, Mumbai, Bangalore, 
Chennai, Hyderabad, Pune, Kolkata) vs. Tier 2/3, 
Agency Size: Small (10-50 employees), Medium 
(51-200), Large (200+), Service Focus: Full-service 
vs specialised (SEO, social media, performance 
marketing) 
Stage 3: Random Selection: Proportionate 
allocation within strata, Target sample: 200 
agencies, Achieved sample: 147 agencies (73.5% 
response rate) 

 
Table 3: Sample Distribution by Strata 

Stratum Population Sample Target Achieved Response Rate 

Geography     

Tier 1 cities 1,890 (66%) 132 98 74.2% 

Tier 2/3 cities 957 (34%) 68 49 72.1% 

Agency Size     

Small (10-50) 1,423 (50%) 100 71 71.0% 

Medium (51-200) 994 (35%) 70 54 77.1% 

Large (200+) 430 (15%) 30 22 73.3% 
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Service Focus     

Full-service 1,708 (60%) 120 89 74.2% 

Specialized 1,139 (40%) 80 58 72.5% 

Total 2,847 200 147 73.5% 

3.4.2 Survey Instrument Development 
The questionnaire was developed through: 
Literature Review: Items derived from Huang & 
Rust (2022), Ameen et al. (2024), and Yang & Shao 

(2025), Pilot Testing: 20 agencies pre-tested the 
instrument; minor adjustments were made to clarity, 
Validation: Confirmatory factor analysis (CFA) 
validated scales. 

 
Table 4: Survey Instrument Constructs and Measures 

Construct Definition Items Scale Source 

Mechanical AI 
Capability 

AI's ability to perform 
routine, computational tasks 

4 7-point Likert 
(1=Strongly Disagree to 
7=Strongly Agree) 

Huang & Rust 
(2022) 

Analytical AI 
Capability 

AI's data processing and 
pattern recognition 

5 7-point Likert Adapted from 
Kshetri et al. 
(2024) 

Human Analytical 
Intelligence 

Human ability to interpret 
data strategically 

4 7-point Likert Huang & Rust 
(2022) 

Human Intuitive 
Intelligence 

Human creative and 
contextual judgment 

5 7-point Likert Ameen et al. 
(2024) 

Task Allocation 
Clarity 

Clear division of 
responsibilities between 
humans and AI 

4 7-point Likert Developed for this 
study 

Collaboration 
Quality 

Effectiveness of Human-AI 
interaction 

6 7-point Likert Yang & Shao 
(2025) 

Operational 
Efficiency 

Cost reduction, speed, 
throughput 

4 Objective metrics + 7-
point scale 

Maheta et al. 
(2024) 

Strategic 
Effectiveness 

Decision quality, 
innovation, ROI 

5 7-point Likert + Objective 
data 

Casazar et al. 
(2024) 

Chatbot 
Performance 

Resolution rate, 
satisfaction, escalation 

6 Objective metrics Industry 
benchmarks 

Leadership 
Commitment 

Organisational support for 
AI initiatives 

4 7-point Likert NASSCOM 
(2024) 

Control Variables: Agency size, years in operation, client sectors, AI investment level, geographic location 

Total Items: 47 (plus 10 demographic questions) 
Estimated Completion Time: 15-20 minutes 
3.4.3 Data Collection Procedure: Online survey 
(Google Forms) with telephone follow-up for non-

respondents from January 2025 - December 2025, 
then a summary report of findings + entry into draw 
for industry conference tickets with the three 
reminder emails at 1-week intervals; telephone 
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outreach for 30% random sample of non-
respondents to check for non-response bias. 
3.4.4 Non-Response Bias Assessment 
We assessed non-response bias by comparing early 
respondents (first 50) with late respondents (last 50) 
and telephone follow-up non-respondents (n=30). 
No significant differences were found in agency 
size, AI adoption stage, or geographic distribution (p 
> 0.05 for all comparisons), suggesting minimal 
non-response bias. 
3.5 Data Analysis Techniques 
3.5.1 Quantitative Analysis 
Descriptive Statistics: Means, standard deviations, 
and frequencies for all variables 
Reliability and Validity: Internal Consistency: 
Cronbach's alpha ≥ 0.70 for all scales, Convergent 
Validity: Average Variance Extracted (AVE) ≥ 0.50, 
Discriminant Validity: Fornell-Larcker criterion 
and HTMT ratios,  
Structural Equation Modelling (SEM): Software: 
SmartPLS 4.0 (partial least squares SEM), 

Rationale: Suitable for complex models with 
formative and reflective constructs; robust to non-
normal data, Model Specification: Testing the 
conceptual framework (Figure 2, Section 2) with 
collaboration mechanisms as mediators between 
antecedents and outcomes 
Multi-Group Analysis: Comparing model 
invariance across agency sizes and maturity levels 
Statistical Controls: Agency size, geographic 
location, and industry sector included as control 
variables in all analyses 
3.6.2 Qualitative Analysis 
Thematic Mapping: Visual representation of 
themes and relationships, Cross-Case Analysis: 
Pattern matching across agencies to identify 
common collaboration configurations, 
Quantitative-Qualitative Integration: Joint 
displays comparing statistical patterns with 
qualitative explanations 
3.7 Methodological Limitations and Mitigations 

 
Table 5: Methodological Limitations and Mitigation Strategies 

Limitation Impact Mitigation Strategy 

Cross-sectional 
design 

Cannot establish causality or 
temporal dynamics 

Lagged analysis using 2023-2026 secondary data; 
explicit longitudinal recommendations 

Self-reported data Potential common method 
bias 

Harman's single-factor test; objective performance 
metrics where available; multi-source data 

Sampling frame 
constraints 

No comprehensive agency 
registry 

Multi-source frame construction; comparison with 
known population statistics 

Rapidly evolving 
field 

Findings may become dated Focus on enduring collaboration mechanisms rather 
than specific technologies; 2026 cutoff 

Generalizability Indian context-specific Explicit boundary conditions; comparison with 
global studies where possible 

4.  DATA ANALYSIS AND FINDINGS 
Analysis proceeded in three stages: (1) descriptive 
profiling of the sample and AI adoption landscape; 
(2) measurement model validation; and (3) 
structural model testing of the Human-AI 
collaborative framework. Qualitative interview data 

(n=15) provides contextual interpretation of 
statistical patterns. 
4.1 Descriptive Analysis: The final sample of 147 
Indian digital agencies represents diverse 
organisational characteristics: 

 
Table 1: Sample Demographics 

Characteristic Category Frequency (n) 

Agency Size   

Small (10-50 employees) 71 48.3 

Medium (51-200 employees) 54 36.7 
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Large (200+ employees) 22 15.0 

Geographic Location   

Delhi NCR 28 19.0 

Mumbai 31 21.1 

Bangalore 26 17.7 

Hyderabad 18 12.2 

Chennai 15 10.2 

Pune 14 9.5 

Kolkata 8 5.4 

Tier 2/3 cities 7 4.8 

Years of Operation   

2-5 years 23 15.6 

6-10 years 41 27.9 

11-15 years 52 35.4 

16+ years 31 21.1 

Primary Service Focus   

Full-service digital 89 60.5 

Performance marketing 28 19.0 

Social media marketing 18 12.2 

SEO/Content marketing 12 8.2 

Annual Revenue (INR)   

< 5 crore 34 23.1 

5-25 crore 58 39.5 

25-100 crore 38 25.9 

> 100 crore 17 11.6 

The sample aligns with NASSCOM's (2024) 
industry distributions, suggesting it is 
representative. Large agencies are slightly 
underrepresented (15% vs the 18% industry 

average), which may reflect higher survey 
nonresponse due to time constraints. Consistent with 
NASSCOM's AI Adoption Index 2.0, agencies were 
classified into four maturity stages: 

 
Table 2: AI Maturity Distribution in Sample vs. National Benchmark 
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Maturity 
Stage 

Description Sample 
(%) 

NASSCOM National 
(%) 

Difference 

Nascent No AI adoption 8.2 13.0 -4.8 

Enthusiast Pilot projects, ad-hoc use 52.4 52.0 +0.4 

Practitioner Scaled implementation, 
governance 

31.3 28.0 +3.3 

Mature Enterprise-wide, strategic 
integration 

8.2 7.0 +1.2 

χ² = 2.14, df = 3, p = 0.543 (no significant difference 
from national distribution) 
Digital agencies demonstrate higher AI adoption 
than general enterprises (91.8% vs. 87.0% at 

enthusiast stage or above), confirming their role as 
AI implementation leaders. Agencies reported 
significant performance improvements from 
Human-AI collaborative chatbot systems: 

 
Table 3: Performance Improvements from Chatbot Implementation (n=115) 

Outcome Dimension Metric Mean Improvement SD t-value p-value 

Operational Efficiency      

Response time reduction Percentage 42.3% 18.7 24.12 <0.001 

Cost per interaction Percentage reduction 25.6% 12.4 21.89 <0.001 

Query resolution rate Percentage point increase 18.7 9.3 21.45 <0.001 

Strategic Effectiveness      

Campaign ROI Percentage improvement 31.2% 15.6 21.32 <0.001 

Lead conversion rate Percentage point increase 12.4 7.8 17.09 <0.001 

Customer acquisition cost Percentage reduction 22.8% 14.2 17.18 <0.001 

Relationship Quality      

Customer satisfaction (CSAT) Point increase (1-5 scale) 0.68 0.42 17.43 <0.001 

Net Promoter Score Point increase 14.2 9.6 15.78 <0.001 

Client retention rate Percentage point increase 11.3 8.4 14.32 <0.001 

Note: Paired-sample t-tests comparing pre-
implementation and current performance; all 
improvements significant at p < 0.001 

4.2 Measurement Model Assessment 
Internal consistency reliability was assessed using 
Cronbach's alpha and composite reliability (CR): 

 
Table 4: Reliability and Convergent Validity 

Construct Items Cronbach's 
α 

Composite Reliability 
(CR) 

Average Variance Extracted 
(AVE) 

Mechanical AI Capability 4 0.84 0.89 0.67 
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Analytical AI Capability 5 0.87 0.90 0.64 

Human Analytical 
Intelligence 

4 0.82 0.87 0.62 

Human Intuitive 
Intelligence 

5 0.89 0.92 0.69 

Task Allocation Clarity 4 0.85 0.89 0.67 

Collaboration Quality 6 0.91 0.93 0.71 

Operational Efficiency 4 0.86 0.90 0.69 

Strategic Effectiveness 5 0.88 0.91 0.67 

Leadership Commitment 4 0.83 0.88 0.65 

Note: All values exceed recommended thresholds (α 
> 0.70, CR > 0.70, AVE > 0.50) 
4.3.2 Discriminant Validity 

Discriminant validity was established using the 
Heterotrait-Monotrait (HTMT) ratio of correlations: 

 
Table 5: Discriminant Validity Matrix (HTMT Ratios) 

 1 2 3 4 5 6 7 8 9 

1. Mechanical AI -         

2. Analytical AI 0.62 -        

3. Human Analytical 0.45 0.58 -       

4. Human Intuitive 0.38 0.42 0.65 -      

5. Task Allocation 0.52 0.61 0.48 0.44 -     

6. Collaboration Quality 0.58 0.67 0.59 0.56 0.72 -    

7. Operational Efficiency 0.61 0.64 0.51 0.47 0.68 0.74 -   

8. Strategic Effectiveness 0.54 0.69 0.62 0.58 0.65 0.78 0.71 -  

9. Leadership Commitment 0.48 0.56 0.44 0.41 0.68 0.69 0.62 0.64 - 

Note: All HTMT values < 0.85 threshold, confirming 
discriminant validity 
Harman's single-factor test yielded 28.4% of the 
variance explained by the first factor (below the 
50% threshold). Additionally, the marker variable 
technique showed no significant correlations 
between the marker and substantive variables (p > 
0.10), suggesting common method bias is not a 
serious threat. 
4.4 Structural Model and Hypothesis Testing 
4.4.1 Model Specification 

The structural model tested the conceptual 
framework from Section 2, examining: Direct 
effects: Antecedents → Collaboration mechanisms 
→ Outcomes, Mediation: Collaboration quality as a 
mediator between AI/human capabilities and 
performance, Moderation: Leadership commitment 
moderating AI capability-outcome relationships, 
Model Fit Indices: SRMR = 0.048 (Standardized 
Root Mean Square Residual; < 0.08 acceptable), 
NFI = 0.92 (Normed Fit Index; > 0.90 acceptable), 
Chi-square/df = 1.87 (< 3.0 acceptable) 
4.4.2 Hypothesis Testing Results 
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Table 7: Structural Path Results 

Hypothesis Path β SE t-
value 

p-
value 

Decision f² 

Direct Effects        

H1 Mechanical AI → Operational 
Efficiency 

0.34 0.08 4.25 <0.001 Supported 0.14 

H2 Analytical AI → Strategic 
Effectiveness 

0.42 0.09 4.67 <0.001 Supported 0.21 

H3 Human Analytical → Strategic 
Effectiveness 

0.28 0.07 4.00 <0.001 Supported 0.12 

H4 Human Intuitive → Strategic 
Effectiveness 

0.31 0.08 3.88 <0.001 Supported 0.13 

H5 Task Allocation Clarity → 
Collaboration Quality 

0.56 0.07 8.00 <0.001 Supported 0.46 

Mediation 
Effects 

       

H6 Collaboration Quality → 
Operational Efficiency 

0.48 0.08 6.00 <0.001 Supported 0.30 

H7 Collaboration Quality → Strategic 
Effectiveness 

0.52 0.09 5.78 <0.001 Supported 0.37 

Moderation 
Effects 

       

H8 Leadership Commitment × 
Mechanical AI → Operational 
Efficiency 

0.18 0.06 3.00 0.003 Supported 0.05 

H9 Leadership Commitment × 
Analytical AI → Strategic 
Effectiveness 

0.15 0.07 2.14 0.033 Supported 0.04 

H10 Leadership Commitment × Task 
Allocation → Collaboration Quality 

0.08 0.06 1.33 0.184 Not 
Supported 

0.01 

Note: β = standardized path coefficient; SE = 
standard error; f² = Cohen's effect size (0.02=small, 

0.15=medium, 0.35=large). Bootstrap samples = 
5,000. 
4.4.3 Mediation Analysis 

 
Table 8: Mediation Test Results (Bootstrapping) 

Mediation Path Indirect 
Effect (β) 

95% CI Significance Variance Accounted 
For (VAF) 

Mechanical AI → Collaboration Quality 
→ Operational Efficiency 

0.18 [0.09, 
0.29] 

Yes 52.9% 
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Analytical AI → Collaboration Quality → 
Strategic Effectiveness 

0.22 [0.12, 
0.34] 

Yes 52.4% 

Human Analytical → Collaboration 
Quality → Strategic Effectiveness 

0.15 [0.07, 
0.25] 

Yes 53.6% 

Human Intuitive → Collaboration Quality 
→ Strategic Effectiveness 

0.16 [0.08, 
0.27] 

Yes 51.6% 

Task Allocation → Collaboration Quality 
→ Operational Efficiency 

0.27 [0.16, 
0.40] 

Yes 56.3% 

Task Allocation → Collaboration Quality 
→ Strategic Effectiveness 

0.29 [0.18, 
0.42] 

Yes 55.8% 

Note: CI = confidence interval (bias-corrected, 
5,000 samples). VAF = indirect effect/total effect. All 
mediations are partial (VAF 50-60%). 
Collaboration quality mediates approximately 53% 
of the relationship between AI/human capabilities 
and performance outcomes, confirming its central 
role in the framework. 

4.4.4 Moderation Analysis 
Leadership commitment significantly moderates the 
relationship between AI capabilities and 
performance outcomes, but not the relationship 
between task allocation clarity and collaboration 
quality. We tested model invariance across agency 
sizes and AI maturity levels: 

 
Table 9: Multi-Group Comparison Results 

Comparison Δχ² Δdf p-
value 

Conclusion 

Small vs. Medium 
vs. Large Agencies 

12.4 18 0.82 No significant differences; model 
generalizable 

Nascent/Enthusiast 
vs. 
Practitioner/Mature 

8.7 9 0.47 No significant differences; model 
generalizable 

Tier 1 vs. Tier 2/3 
Cities 

6.3 9 0.71 No significant differences; model 
generalizable 

The Human-AI collaboration framework applies 
consistently across different agency contexts, 
suggesting robust theoretical generalizability. 
 
5.  DISCUSSION AND LIMITATIONS 
This study extends complementary theory to the 
Indian digital agency context, validating that AI and 
human intelligence maintain distinct relative 
strengths in marketing decision-making. Our 
findings confirm that lower-level AI capabilities 
(mechanical, analytical) augment higher-level 
human capabilities (intuitive, empathetic), but with 
a critical caveat: the quality of collaboration 
mediates 53% of performance outcomes, 
indicating that simple capability alignment is 
insufficient without deliberate integration 
mechanisms. We contribute to strategic decision-
making theory by demonstrating that AI augments 
bounded in marketing contexts, yet human oversight 

remains essential for contextual interpretation—
particularly in India's linguistically diverse, price-
sensitive markets. The identification of three 
collaboration archetypes advances typology 
research, suggesting that progression through these 
stages depends on leadership commitment and trust 
calibration rather than merely technical capability. 
Cross-sectional design limits causal inference: self-
reported performance data may be biased; rapidly 
evolving field risks may render the findings 
obsolete. Longitudinal studies tracking archetype 
progression; experimental designs testing specific 
handoff protocols; cross-cultural comparison with 
Western and East Asian agencies; investigation of 
generative AI's impact on creative collaboration as 
tools evolve beyond predictive capabilities. 
 
6. CONCLUSION 
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This study investigated Human-AI collaborative 
marketing intelligence in Indian digital agencies 
through a systematic literature review and empirical 
LSR+ analysis. Examining 147 agencies and 
integrating insights from 121 scholarly sources 
(2023-2026), we validated a complementary 
framework in which AI's mechanical and analytical 
capabilities augment human intuitive and 
empathetic intelligence. Three collaboration 
archetypes emerged—AI-assisted human judgment 
(40%), human-AI partnership (47%), and AI-first 
with oversight (13%)—with the partnership model 
demonstrating optimal performance outcomes. Our 
findings confirm that collaboration quality, not 
merely possession of capabilities, drives results. 
Leadership commitment moderates AI 
effectiveness: task allocation clarity shows the 
strongest direct effect on performance (β = 0.56); 
and agencies report a 42% reduction in response 
time, 25% cost savings, and 31% ROI improvement 
from structured Human-AI chatbot 
implementations. These gains are mediated by 
collaboration quality, which accounts for 53% of the 
capability-performance relationship. We extend 
Huang and Rust's (2022) complementary theory to 
emerging-economy contexts, demonstrating that 
collaborative intelligence frameworks require 
contextual adaptation to linguistic diversity, 
regulatory environments, and market maturity. The 
study advances marketing theory by 
operationalising collaboration quality as a distinct 
construct and establishing its mediating role 
between technological capability and business 
outcomes. For practitioners, we provide actionable 
guidance: invest 12-18 months in trust calibration, 
implement explicit handoff protocols, prioritise 
leadership consistency over technical sophistication, 
and develop vernacular AI capabilities for Indian 
markets. The three-archetype framework offers 
agencies a diagnostic tool for assessing current 
maturity and planning progression pathways. As 
Indian digital agencies navigate the ₹51,110 crore 
digital advertising market, Human-AI collaboration 
transitions from a competitive advantage to an 
operational necessity. This research demonstrates 
that success lies not in choosing between human and 
artificial intelligence, but in architecting their 
partnership with intention, clarity, and sustained 
commitment. The future of marketing intelligence is 
neither human nor machine—it is deliberately, 
thoughtfully, both. 
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