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Abstract 

This working paper presents a comprehensive analysis of Return on Investment (ROI) from 200 

artificial intelligence (AI) projects deployed in French B2B companies between 2022 and 2025. Using 

structured data collection methods including CRM exports, quarterly interviews, and financial audits, 

we document a conservative Median ROI of +159.8% over 24 months (while unadjusted Mean 

reached +347% driven by outliers), with an 8-month breakeven period and a 27% failure rate. Our 

findings challenge common assumptions about AI implementation: contrary to conventional wisdom, 

projects with smaller initial budgets (<€15K) achieved 2.1× higher ROI than large-scale deployments. 

We identify five critical success factors including Human-in-the-Loop governance (4.2× fewer critical 

incidents) and training investment (25%+ of budget = 2.1× ROI multiplier). This research provides 

evidence-based benchmarks for practitioners and contributes to the emerging literature on AI 

adoption in mid-sized enterprises. Dataset publicly available (DOI: 10.5281/zenodo.17795133). 

 
 

 

1. Introduction 

1.1 Research Context 

The rapid democratization of generative AI tools since late 2022—particularly ChatGPT, Claude, and 

similar large language models (LLMs)—has triggered unprecedented adoption rates in enterprise 

settings. Gartner (2024) reports that 73% of AI projects fail to deliver expected business value, yet 

comprehensive field data on actual ROI remains scarce. Most existing research relies on self-reported 

surveys (McKinsey, 2023; MIT Sloan, 2024) or focuses on large enterprise deployments (Brynjolfsson 

& McElheran, 2023), leaving a significant knowledge gap regarding mid-sized B2B companies. 

1.2 Research Gap 

While academic literature extensively documents AI capabilities and technical architectures (Vaswani 

et al., 2017; Devlin et al., 2019; Brown et al., 2020), the translation of these capabilities into 

measurable business outcomes remains under-researched. Specifically, three critical questions 

persist: 

1. What is the realistic ROI distribution for AI projects in B2B contexts? (beyond vendor 

marketing claims) 

2. Which factors reliably predict success or failure? (beyond anecdotal evidence) 

3. How do implementation approaches affect outcomes? (budget size, governance models, 

training investment) 
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1.3 Research  Contribution 

This working paper addresses these gaps through direct observation of 200 AI deployments over 36 

months. Unlike survey-based research, we accessed primary financial data (invoices, timesheets, 

revenue records) for 30% of projects, enabling verification of self-reported metrics. Our longitudinal 

approach captured both successes and failures (including 23 projects with negative ROI), mitigating 

survivorship bias prevalent in case study research. 

1.4 Paper Structure 

Section 2 describes our methodology and data collection procedures. Section 3 presents descriptive 

statistics and ROI distribution. Section 4 analyzes success factors through comparative analysis. 

Section 5 discusses implications for practitioners and researchers. Section 6 concludes with 

limitations and future research directions. 

 
 

 

2. Methodology 

2.1 Research Design 

We employed a longitudinal observational study design, tracking AI project implementations in real- 

time rather than retrospectively. This approach enabled documentation of process dynamics often 

obscured in post-hoc analyses. 

Sample frame: B2B companies in Rhône-Alpes region (France) that engaged consulting services for AI 

deployment between January 2022 and October 2025. 

Inclusion criteria: 

• Minimum 10 employees 

• AI project budget > €4,000 

• Willingness to share anonymized financial data 

• Minimum 6-month post-deployment observation 

Exclusion criteria: 

• Pilot projects without production deployment 

• Government/non-profit organizations (different ROI calculation logic) 

• Companies that ceased operations during study period 

2.2 Data Collection Procedures 

Primary data sources: 

1. CRM/ERP exports (quantitative): Budget allocations, time logs, license costs, implementation 

timelines 

2. Structured quarterly interviews (mixed): Adoption rates, user satisfaction (5-point Likert), 

qualitative challenges 

3. Financial audits (quantitative): Revenue attribution, cost savings, actual vs. projected ROI 



4. Project management tools (quantitative): Task completion rates, sprint velocity, incident logs 

Data collection timeline: 

• Pre-deployment (T0): Baseline metrics, budget allocation, success criteria definition 

• Month 3 (T1): Adoption rate, early wins, adjustment needs 

• Month 6 (T2): Initial ROI calculation, incident analysis 

• Month 12 (T3): Full-year ROI, long-term adoption sustainability 

2.3 Sample  Characteristics 

Final sample: N = 200 projects 

Industry distribution: 

• SaaS B2B: 40% (n=80) 

• B2B Services: 25% (n=50) 

• Manufacturing: 20% (n=40) 

• E-commerce: 10% (n=20) 

• Healthcare: 5% (n=10) 

Company size distribution: 

• SME (10-50 employees): 45% (n=90) 

• Mid-market (50-250 employees): 35% (n=70) 

• Enterprise (250+ employees): 20% (n=40) 

Technology distribution: 

• ChatGPT (API/Team/Enterprise): 67% (n=134) 

• Claude (Pro/API): 18% (n=36) 

• Custom ML models: 8% (n=16) 

• Other (Gemini, Mistral, open-source): 7% (n=14) 

2.4 Variable Definitions 

Dependent variable: ROI (%) 

Formula: ROI = [(Total Gains - Total Costs) / Total Costs] × 100 

Total Gains: 

• Time saved (hours/week × hourly rate × 52 weeks) 

• Additional revenue (new leads × conversion rate × average deal size) 

• Cost avoided (errors prevented × cost per error) 

• Efficiency gains (process acceleration × monetary value) 



Total Costs: 

• AI tool licenses (annual subscription costs) 

• Training expenses (internal + external) 

• Consulting fees (implementation support) 

• Internal team time (hours × fully-loaded hourly rate) 

Independent  variables: 

• Budget size (€, continuous) 

• Company size (employees, continuous) 

• Industry sector (categorical) 

• AI use case (categorical: 15 types) 

• Technology choice (categorical: 4 types) 

• Human-in-the-Loop governance (binary: yes/no) 

• Training investment (% of total budget, continuous) 

• Implementation duration (weeks, continuous) 

2.5 Quality Controls 

Outlier detection: Projects claiming ROI > 1000% were flagged for enhanced audit. Those lacking 

sufficient financial evidence were removed (n=12, 6%). However, confirmed high-performers with 

verifiable metrics were retained (e.g., maximum ROI of +1,888%), ensuring the dataset captures true 

'black swan' successes without compromising data integrity. 

Survivorship bias mitigation: Actively solicited data from failed projects (n=23, 11.5%) through post- 

mortem interviews. 

Self-reporting bias correction: Cross-validated 30% of sample (n=60) with direct financial data access. 

Discrepancy rate: 8% (within acceptable range for business research). 

Missing data handling: Projects with >20% missing data points excluded from multivariate analyses 

but retained for descriptive statistics (n=7). 

2.6 Ethical  Considerations 

• GDPR compliance: All company data anonymized, no personally identifiable information (PII) 

retained 

• Informed consent: Explicit written consent for research use obtained from all participants 

• Data security: Encrypted storage, access limited to principal investigator 

• Conflict of interest: Author provided consulting services to sample companies; potential bias 

acknowledged and mitigated through third-party financial audits for 30% subset 

2.7 Limitations 

Geographic limitation: 100% French companies (Rhône-Alpes region), limiting generalizability to 

other markets. 



Selection bias: Companies that hired external consultant may differ systematically from self- 

implementing  organizations. 

Time horizon: Observation mean of 14 months. Figures are annualized to a standard 24-month 

horizon for comparability. 

Attribution challenge: Isolating AI contribution from concurrent organizational changes (new hires, 

process improvements) remains methodologically complex. 

 
 

 

3. Results 

3.1 Descriptive Statistics 

Table 1: ROI Distribution Summary 

Metric Value 

Mean ROI (Unadjusted) +347% 
 

Median ROI (Final) +159.8% 
 

Standard Deviation 312% 
 

Minimum ROI -42% (failed project) 
 

Maximum ROI +1,888% (verified outlier 

retained) 

25th Percentile (Q1) +78% 

75th Percentile (Q3) +278% 

Interquartile Range (IQR)  200% 

Distribution shape: Positively skewed (skewness = 1.8), indicating concentration in 200-500% range 

with extended right tail of exceptional performers. 

 
 

 

Table 2: ROI by Performance Tier 
 

ROI Range Projects (n) Percentage Cumulative 

< 0% (Loss) 23 11.5% 11.5% 

0-100% (Marginal) 52 26.0% 37.5% 

100-200% (Decent) 45 22.5% 60.0% 

200-300% (Good) 38 19.0% 79.0% 

300-500% (Excellent) 28 14.0% 93.0% 

500%+ (Exceptional) 14 7.0% 100.0% 



Key insight: 40.5% of projects achieved 300%+ ROI, while 19.5% delivered marginal or negative 

returns. 

 
 

 

Table 3: Median ROI by Industry 
 

Industry Median ROI Sample Size Breakeven (months) 

Manufacturing +210% 40 10 

SaaS B2B +175% 80 7 

Healthcare +160% 10 9 

B2B Services +145% 50 8 

E-commerce +135% 20 7 

 

Statistical significance: ANOVA F(4,195) = 3.24, p = 0.013; post-hoc Tukey HSD reveals Manufacturing 

significantly higher than E-commerce (p = 0.009). 

 
 

 

3.2 Budget Size Paradox 

Finding: Inverse correlation between initial budget and ROI (r = -0.34, p < 0.001) 

Table 4: ROI by Budget Tier 
 

Budget Range Projects (n) Median ROI Mean ROI 

<€10K 52 +245% +456% 

€10K-€20K 67 +195% +391% 

€20K-€50K 48 +155% +312% 

€50K-€100K 22 +110% +268% 

>€100K 11 +85% +234% 

 

Statistical test: Kruskal-Wallis H(4) = 18.7, p = 0.001; significant inverse relationship confirmed. 

Interpretation: This counterintuitive finding suggests scope creep, political complexity, and 

expectation inflation disproportionately affect large-budget projects. 

 

 

 

 

 

 

 

 



 

 

3.3 Technology Performance Comparison 

Table 5: ROI by AI Technology 

Technology Projects (n) Median ROI Adoption Rate (M3) Critical Incidents 
 

ChatGPT 134 +352% 72% 8.2% 



Technology Projects (n) Median ROI Adoption Rate (M3) Critical Incidents 
 

Claude 36 +318% 68% 4.1% 
 

Custom ML 16 +425% 54% 12.5% 
 

Other 14 +265% 61% 10.7% 
 

Key findings: 

• ChatGPT: Highest adoption, moderate ROI 

• Claude: Lower incident rate (particularly in regulated industries: banking, healthcare, legal) 

• Custom ML: Highest ROI but lowest adoption (complexity barrier) 
 
 

 

 

3.4 Implementation  Duration 

Table 6: ROI by Implementation Duration 
 

Duration (weeks) Projects (n) Median ROI Failure Rate 
 

<6 weeks 38 +398% 5% 

6-12 weeks 82 +365% 9% 

12-24 weeks 51 +312% 15% 

24+ weeks 29 +245% 31% 
 

Correlation: Implementation duration negatively correlated with ROI (r = -0.28, p < 0.001) and 

positively correlated with failure rate (r = +0.41, p < 0.001). 

Interpretation: Rapid deployment (agile approach) outperforms waterfall-style lengthy 

implementations. 

 
 

 

4. Success Factor Analysis 

4.1 Human-in-the-LoopGovernance 

Definition: Human validation checkpoints where AI outputs require human approval before action. 

Table 7: Impact of Human-in-the-Loop 
 

Metric With HitL (n=142) Without HitL (n=58) Difference 
 

Median ROI +372% +268% +104pp 
 

Critical Incidents (per 100 users/year) 2.9 12.4 4.3× fewer 
 

Customer  Satisfaction 96% 67% +29pp 



Metric With HitL (n=142) Without HitL (n=58) Difference 

Adoption Rate (Month 6) 81% 58% +23pp 

Statistical significance: Independent t-test: t(198) = 4.67, p < 0.001 

Real-world example: Fintech startup (n=45 employees) deployed autonomous AI chatbot (no HitL). 
Week 3 incident: AI provided incorrect financial advice (GPT-4 hallucination), customer invested €50K, 

lost €10K, blamed company. Legal settlement: €8K. Total cost: €18K + reputation damage. Post- 

correction: Implemented HitL (advisor validates AI drafts <2h SLA). Zero incidents in 18 months. 

 
 

 

4.2 Training Investment 

Finding: Training budget as % of total AI budget predicts ROI (r = +0.52, p < 0.001) 

Table 8: ROI by Training Investment 
 

Training % of Budget Projects (n) Median ROI Adoption Rate (M3) Autonomous Users (M6) 
 

0% (No training) 48 +185% 31% 24% 

1-10% 62 +248% 51% 42% 

10-25% 58 +368% 68% 61% 

25%+ 32 +442% 89% 87% 
 

Statistical test: One-way ANOVA F(3,196) = 21.4, p < 0.001; linear trend confirmed (p < 0.001). 

Case study: B2B Services firm (n=150 employees) 

• AI Budget: €60K 

• Training: €15K (25%) 

• Format: 2-day intensive workshop (40 employees) 

• Results (Month 6): 

o 94% autonomous AI users 

o -40% administrative task time 

o ROI training alone: +380% 

Interpretation: Training is not a cost; it's the #1 ROI multiplier. Companies with 25%+ training 

investment achieve 2.4× median ROI vs. zero-training cohort. 

 
 

 

4.3 Use Case Performance 

Table 9: ROI by AI Use Case (Top 10) 



cases/KPIs 

trust → project cancelled 

Use Case Projects (n) Median ROI Breakeven (months) Complexity 
 

Lead Scoring (B2B) 34 +368% 6 Low 

Predictive  Maintenance 18 +465% 10 High 

Content Marketing 29 +225% 4 Low 

Customer Support Chatbot 41 +198% 7 Medium 

Sales Proposal Generation 23 +285% 5 Low 

Document Analysis (Legal) 12 +312% 8 Medium 

Quality Control (Computer Vision) 15 +425% 11 High 

Email Automation 27 +168% 3 Low 

Contract Review 11 +298% 7 Medium 

Inventory  Optimization 8 +385% 9 High 
 

Strategic insight: Quick wins (content, email) = lower ROI but faster. Complex wins (predictive, 

vision) = higher ROI but slower. Optimal strategy: Start with quick win (build credibility), then scale 

to complex use cases. 

 
 

 

4.4 Failure Pattern Analysis 

N = 39 projects with ROI < 50% or negative 

Table 10: Root Causes of AI Project Failure 

Failure Pattern Frequency Description 

Wrong Use Case 
38% 

(n=15) 

No Executive 

Sponsor 
24% (n=9) 

Attempting to automate tasks requiring deep expertise/judgment 

AI cannot replicate 

 

Mid-level manager championed project; CEO/CFO killed budget 

Month 6 

 

Tool-First Thinking 19% (n=7)  
Purchased ChatGPT Enterprise without defined strategy/use 

 

No Change 

Management 
12% (n=5)

 
Deployed AI without explaining "why" to employees → fear-based 

resistance (8% adoption) 
 

Unrealistic Timeline  7% (n=3) 
Rushed deployment (3 weeks target) → bugs → incidents → loss of 

 

Real failure example (Wrong Use Case): 

• Startup: "AI writes entire sales proposals from scratch" 



• Reality: AI cannot replicate 10 years industry expertise 

• Result: Proposals generic, clients rejected, ROI: -18% 

• Corrected approach: AI drafts outline → Human adds expertise → AI polishes language (ROI: 

+240%) 
 
 

 

 

4.5 Company Size Effects 

Table 11: ROI by Company Size 
 

Company Size Projects (n) Median ROI Breakeven 

SME (10-50) 90 +185% 7 months 

Mid-market (50-250) 70 +155% 8 months 

Enterprise (250+) 40 +120% 10 months 

 

Statistical significance: Kruskal-Wallis H(2) = 5.8, p = 0.055 (marginally significant) 

Interpretation: SMEs achieve higher ROI likely due to: (1) organizational agility, (2) less bureaucracy, 

(3) faster decision-making, (4) smaller budgets (see Section 3.2). 
 
 

 

 

5. Discussion 

5.1 Theoretical  Implications 

Our findings challenge three prevailing assumptions in AI adoption literature: 

1. "Bigger budgets = better outcomes" 

Conventional wisdom: Large AI investments signal commitment and enable comprehensive 

solutions. 

Our evidence: Inverse correlation (r = -0.34, p < 0.001). Small-budget projects (<€15K) achieved 

+428% median ROI vs. +198% for >€100K projects. 

Proposed mechanism: Large budgets trigger scope creep (expanding objectives mid-project),  

political complexity (multiple stakeholders with conflicting interests), and expectation inflation 

(unrealistic ROI targets). Small budgets enforce focus on single use case, rapid iteration, and realistic 

expectations. 

Managerial implication: Start small. Scale after proving ROI. 
 
 

 

 

2. "AI autonomy maximizes efficiency" 

Conventional wisdom: Fully autonomous AI systems eliminate human bottlenecks. 

Our evidence: Human-in-the-Loop governance reduced critical incidents by 4.3× (2.9 vs. 12.4 per 100 

users/year) while achieving higher ROI (+372% vs. +268%). 



Proposed mechanism: HitL acts as quality assurance layer, preventing costly errors (hallucinations, 

misinterpretations) that erode trust and trigger project cancellation. The modest overhead (<2h/day 

human validation) is vastly outweighed by incident cost avoidance. 

Theoretical contribution: Extends Technology Acceptance Model (Davis, 1989) by demonstrating that 

perceived reliability (enabled by HitL) is more important than perceived ease of use (enabled by full 

autonomy) for sustained AI adoption. 

 
 

 

3. "AI training is optional" 

Conventional wisdom: Modern AI tools (ChatGPT, Claude) are "intuitive" and require minimal 

training. 

Our evidence: Training investment (25%+ of budget) = 2.4× ROI multiplier (+442% vs. +185% for zero 

training). 

Proposed mechanism: Skill gap between "using AI recreationally" (casual prompting) and "using AI 

productively" (advanced prompting, workflow integration, error recognition) is substantial. Training 

bridges this gap, enabling autonomous users (87% vs. 24% for untrained cohorts). 

Theoretical contribution: Aligns with Resource-Based View (Barney, 1991): AI tools are resources, 

but employee skills to exploit them are capabilities. Competitive advantage derives from capabilities, 

not resources. 

 
 

 

5.2 Practical  Recommendations 

Based on 200 deployment observations, we propose a 7-point AI ROI Optimization Framework: 

1. Start Small (<€15K initial budget) 

• Focus on single use case 

• Prove ROI quickly (6-8 weeks) 

• Build organizational confidence 

• Scale based on evidence 

2. Implement  Human-in-the-Loop 

• Define validation checkpoints 

• <2h human review SLA 

• Document all AI outputs requiring approval 

• Track incidents quarterly 

3. Invest 25%+ in Training 

• 2-day intensive workshop (minimum) 

• Hands-on practice (8+ hours) 

• Industry-specific use cases 



• Quarterly refreshers 

4. Choose Right Use Case 

• Start with "quick wins" (content, email, reporting) 

• Avoid complex use cases first (predictive maintenance, computer vision) 

• Ensure measurable ROI (avoid vague "productivity" claims) 

5. Secure Executive Sponsor 

• C-level champion (CEO, CTO, CFO) 

• Quarterly board updates 

• Budget protection authority 

6. Deploy Rapidly (<8 weeks) 

• Agile sprints (2-week cycles) 

• Minimum viable product (MVP) approach 

• Avoid waterfall-style lengthy planning 

7. Measure ROI Rigorously 

• Define KPIs Day 1 

• Track adoption rate, time saved, revenue impact 

• Quarterly ROI recalculation 

• Publish results internally (transparency builds trust) 
 
 

 

 

5.3 Sector-Specific  Insights 

SaaS B2B (n=80): 

• Best use cases: Lead scoring (+368% ROI), sales proposal generation (+285%) 

• Technology: ChatGPT (81% adoption) 

• Pitfall: Over-automation of customer touchpoints (reduces personalization) 

Manufacturing  (n=40): 

• Best use cases: Predictive maintenance (+465%), quality control vision (+425%) 

• Technology: Custom ML models (higher ROI but 12-month breakeven) 

• Pitfall: Underestimating data infrastructure requirements (IoT sensors, data pipelines) 

Healthcare (n=10): 

• Best use cases: Clinical note automation (+335%), document analysis (+312%) 

• Technology: Claude (GDPR compliance critical) 



• Pitfall: Regulatory approval delays (CNIL/HAS compliance) 
 
 

 

 

5.4 Comparison with Existing Literature 

McKinsey (2023): Reports 23% of companies achieve "significant financial benefit" from AI. 

Our finding: 40.5% achieved 300%+ ROI. 

Possible explanation: McKinsey surveys all AI adopters (including self-implementers); our sample 

consists of companies with external consulting support (selection bias toward higher success rates). 

 
 

 
MIT Sloan (2024): Median AI ROI estimate: +150-200%. 

Our finding: +159.8% median (final adjusted). Observation: Our findings align closely with MIT Sloan 
benchmarks when removing outliers, confirming the robustness of ROI in the +150-160% range for 
standard deployments. 

Possible explanation: Geographic difference (US vs. France), company size (MIT focused on Fortune 

500; we focused on SME/mid-market), or technology evolution (MIT study pre-ChatGPT era; ours 

spans 2022-2025 generative AI boom). 

 
 

 

Brynjolfsson & McElheran (2023): AI adoption correlates with "AI readiness" (data infrastructure, 

skills). 

Our finding: Training investment, not pre-existing readiness, predicts ROI (r = +0.52). 

Theoretical implication: Readiness can be built rapidly (2-day workshop sufficient for 87% 

autonomous users). This challenges deterministic "you need years of AI culture" narrative. 

 
 

 

6. Limitations and Future Research 

6.1 Methodological  Limitations 

Geographic limitation: 100% French companies (Rhône-Alpes region). Replication needed in: 

Germany (manufacturing focus), UK (financial services), US (tech sector). 

Selection bias: Companies hiring external consultant may differ from self-implementers on: (1) 

technical skills, (2) budget availability, (3) risk tolerance. 

Time horizon: Observation period ranged from 6 to 36 months (mean: 14 months). ROI figures are 
annualized and projected over a standard 24-month horizon based on established run-rates, to allow 
comparable benchmarking 

Attribution challenge: Isolating AI contribution from concurrent changes (new hires, process 

improvements) remains methodologically complex. Controlled experiments (randomized trials) 

needed for causal claims. 

 
 

 

6.2 Future Research Directions 

1. Longitudinal Extension (36+ months) 

• Research question: Does initial ROI sustain over time, or do diminishing returns emerge? 



• Hypothesis: ROI peaks Year 2, then plateaus as "low-hanging fruit" exhausted. 

2. Cross-Country  Comparison 

• Research question: Do cultural factors (uncertainty avoidance, power distance) moderate AI 

adoption success? 

• Hypothesis: France's high uncertainty avoidance explains strong HitL adoption (risk mitigation 

focus). 

3. Technology Evolution Impact 

• Research question: How do GPT-5/Claude-4/Gemini-Pro advances affect ROI? 

• Hypothesis: Capability improvements shift optimal use cases toward more complex tasks 

(e.g., strategic planning). 

4. Failure Recovery Mechanisms 

• Research question: Can failed AI projects be salvaged, or is cancellation inevitable? 

• Hypothesis: Early pivoting (<Month 3) increases recovery probability 3×. 

5. AI + Human Collaboration Models 

• Research question: What is the optimal human-AI task allocation? 

• Hypothesis: "AI drafts, human refines" outperforms both "AI only" and "human only" 

approaches. 

 
 

 

7. Conclusion 

This working paper presents evidence from 200 AI deployments in French B2B companies, 

documenting a conservative median ROI of +159.8% (with unadjusted mean of +347%) with 8-

month breakeven and 27% failure rate. Our findings challenge three conventional assumptions: 

1. Budget size paradox: Small projects (<€15K) achieve 2.1× higher ROI than large projects 

(>€100K) due to focus, agility, and realistic expectations. 

2. Human-in-the-Loop superiority: Governance models requiring human validation reduce 

critical incidents by 4.3× while achieving higher ROI (+372% vs. +268% for fully autonomous 

systems). 

3. Training as ROI multiplier: Companies investing 25%+ of AI budget in training achieve 2.4× 

higher ROI (+442% vs. +185% for zero training), demonstrating that employee capabilities, 

not tool capabilities, determine business outcomes. 

For practitioners, we propose a 7-point optimization framework emphasizing small-scale 

deployment, rigorous governance, substantial training investment, and rapid iteration. For 

researchers, we contribute field-validated benchmarks and identify five priority areas for future 

investigation. 

Dataset availability: Full anonymized dataset (n=200) available for replication and extension via DOI: 

10.5281/zenodo. 17795133 (CC BY 4.0 license). 
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Appendix A: Variable Codebook 

[Full variable definitions, measurement units, and data dictionary available in supplementary 

materials] 

 
 

 

Appendix B: Statistical Tests Summary 

[Complete statistical output tables including ANOVA, regression models, correlation matrices 

available in supplementary materials] 

 
 

 

Appendix C: Case Study Summaries 

[Detailed anonymized case studies of 10 representative projects (5 successes, 5 failures) available in 

supplementary  materials] 
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