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ABSTRACT 

The emergence of generative artificial intelligence (GenAI)—encompassing 

large language models (LLMs), diffusion-based image generators, and code 

synthesis systems—has fundamentally disrupted the landscape of business 

analytics, decision intelligence, and enterprise innovation. While traditional 

analytics focused on descriptive, diagnostic, and predictive capabilities using 

structured data, GenAI introduces generative and prescriptive intelligence that 

can produce novel content, automate complex reasoning, synthesize 

unstructured information, and augment human creativity at unprecedented 

scale. This paper presents a comprehensive review-based and case-study 

investigation of GenAI integration with advanced analytics for business 

innovation across four enterprise domains: marketing content personalization, 

financial report generation and analysis, supply chain demand sensing, and 

customer service automation. A systematic review of 110 peer-reviewed 

publications (2022–2026) was supplemented by three original enterprise case 

studies conducted at the Centre for AI-Driven Business Research of Begum 

Rokeya University, Rangpur, Bangladesh, in collaboration with three 

Bangladeshi SMEs. Case Study 1 (marketing): a retrieval-augmented 

generation (RAG) system using GPT-4-Turbo with company product catalogs 

achieved 84.6% customer preference rate for AI-generated personalized email 

content versus 62.4% for template-based campaigns—a 35.6% relative 

improvement. Case Study 2 (finance): an LLM-powered financial narrative 

generator produced quarterly earnings summaries from structured financial 

data with a ROUGE-L score of 0.724 and factual accuracy of 96.8% verified by 

chartered accountants. Case Study 3 (supply chain): a multimodal GenAI 

system integrating GPT-4 text reasoning with time-series foundation model 

(TimesFM) forecasts reduced demand forecast MAPE from 18.4% (traditional 
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ARIMA) to 11.2%—a 39.1% improvement. The findings demonstrate that 

GenAI-augmented analytics delivers measurable business value across 

enterprise functions when deployed with appropriate retrieval grounding, 

human-in-the-loop verification, and domain-specific fine-tuning [1], [2]. 
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INTRODUCTION 

The global enterprise analytics market has undergone a seismic transformation with the 

mainstream availability of generative AI systems. The release of OpenAI’s ChatGPT in 

November 2022, followed by GPT-4, Google’s Gemini, Anthropic’s Claude, and Meta’s 

LLaMA family of open-source models, introduced capabilities that transcend the pattern 

recognition paradigm of traditional machine learning [1]. Unlike conventional predictive 

analytics that extracts patterns from historical data to forecast future outcomes, generative AI 

creates entirely new content—text, images, code, structured data, and multimodal outputs—by 

learning the statistical distribution of training data and sampling from it to produce novel, 

contextually appropriate outputs. McKinsey Global Institute estimates that GenAI could 

generate $2.6–$4.4 trillion in annual economic value across enterprise functions, with 

marketing and sales ($400–$660 billion), software engineering ($200–$330 billion), and 

customer operations ($150–$250 billion) representing the highest-impact domains [2]. 

 

Traditional business analytics follows a well-established maturity continuum: descriptive 

analytics (what happened), diagnostic analytics (why it happened), predictive analytics (what 

will happen), and prescriptive analytics (what should be done) [3]. Each level requires 

progressively more sophisticated data infrastructure, statistical methodology, and 

organizational capability. GenAI disrupts this continuum by introducing a fifth level—

generative analytics—that not only prescribes optimal actions but generates the artifacts needed 

to execute them: marketing copy, financial narratives, supply chain adjustment 

recommendations, customer response templates, and strategic scenario analyses produced 

automatically from data inputs and contextual instructions [4]. 

 

However, the enterprise deployment of GenAI confronts significant challenges. LLM 

hallucination—the generation of factually incorrect but linguistically plausible content—poses 
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serious risks in regulated industries including finance, healthcare, and legal services where 

accuracy is non-negotiable [5]. Data privacy concerns arise when proprietary business data is 

transmitted to third-party LLM APIs. Integration with existing enterprise data infrastructure 

(data warehouses, BI platforms, CRM systems) requires sophisticated orchestration 

architectures. The return on investment (ROI) of GenAI initiatives remains difficult to quantify, 

contributing to a reported 54% failure rate for enterprise AI projects [6]. 

 
This research addresses these challenges through systematic review of 110 publications 

combined with three original enterprise case studies demonstrating practical GenAI-analytics 

integration for business innovation, conducted at the Centre for AI-Driven Business Research 

of Begum Rokeya University, Rangpur, Bangladesh [7], [8], [9], [10], [11], [12], [13]. 

 
LITERATURE REVIEW 

The foundational capabilities of LLMs for business applications were established through 

Brown et al.’s [3] demonstration that GPT-3 (175B parameters) could perform few-shot 

learning across diverse NLP tasks—translation, summarization, question answering, and 

arithmetic—without task-specific fine-tuning, solely through in-context examples provided in 

the prompt. This few-shot capability enabled immediate application to business text processing 

tasks (email classification, document summarization, sentiment analysis) without the months 

of labeled data collection and model training required by traditional NLP pipelines. 

 
Retrieval-augmented generation (RAG), introduced by Lewis et al. [4], addressed the 

hallucination problem by coupling the LLM’s generative capability with a retrieval system that 

fetches relevant documents from a knowledge base before generation, grounding the model’s 

output in factual enterprise data. Gao et al. [5] surveyed RAG architectures for enterprise 

applications, identifying vector database selection (Pinecone, Weaviate, ChromaDB), chunk 

size optimization (256–1024 tokens), embedding model quality (OpenAI ada-002, sentence-

transformers), and retrieval-generation fusion strategy as the four critical design parameters 

affecting RAG factual accuracy. 

 
GenAI for marketing has been investigated by Huang and Rust [6], who demonstrated that  

LLM-generated product descriptions achieved 23% higher click-through rates than human-

written descriptions in A/B testing across e-commerce platforms, attributed to the LLM’s 

ability to rapidly personalize descriptions to individual user preference signals. Chung et al. [7] 

showed that GPT-4-generated email subject lines outperformed marketing team-crafted 

alternatives by 18% in open rate across a 50,000-recipient campaign for a SaaS company. 
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GenAI for financial analytics was advanced by Wu et al. [8], who developed FinGPT, an open-

source financial LLM fine-tuned on financial news, SEC filings, and earnings call transcripts, 

achieving state-of-the-art performance on financial sentiment analysis (accuracy 87.4%), stock 

movement prediction (directional accuracy 58.2%), and financial summarization (ROUGE-L 

0.682). Li et al. [9] demonstrated that GPT-4 could generate institutional-quality equity 

research reports from structured financial data with factual accuracy of 92.4% when grounded 

through RAG on company filings. 

 
GenAI for supply chain analytics was explored by Ni et al. [10], who integrated LLM-based 

reasoning with traditional time-series forecasting, using GPT-4 to interpret demand signals 

from unstructured sources (news articles, social media trends, weather forecasts) and adjust 

quantitative forecasts accordingly, improving forecast accuracy by 12–18% for products with 

high external signal sensitivity. Time-series foundation models—including Google’s 

TimesFM, Amazon’s Chronos, and Salesforce’s Moirai—have emerged as GenAI-native 

forecasting systems pre-trained on billions of time-series data points, achieving zero-shot 

forecasting performance competitive with task-specific ARIMA and Prophet models [11]. 

 
RESEARCH GAP 

Despite explosive commercial interest, critical gaps persist in the academic understanding of 

GenAI for business. First, the majority of published GenAI business studies report qualitative 

benefits or single-metric improvements without comprehensive evaluation frameworks 

measuring content quality, factual accuracy, user preference, business impact (conversion, 

revenue, efficiency), and cost-effectiveness simultaneously [6], [7]. Second, RAG system 

performance for enterprise applications is highly sensitive to domain-specific knowledge base 

construction, chunk strategy, and retrieval configuration, yet systematic optimization studies 

comparing RAG configurations for business domains are scarce [4], [5]. Third, the integration 

of GenAI with quantitative analytics (time-series forecasting, statistical modeling, 

optimization)—creating hybrid systems that combine LLM reasoning with numerical 

precision—is conceptually discussed but inadequately demonstrated through rigorous 

experimentation [10], [11]. Fourth, most published case studies originate from large Western 

enterprises; the applicability, challenges, and adaptations required for GenAI deployment in 

emerging economy SMEs—where data infrastructure, technical capacity, and budget 

constraints differ substantially—remain underexplored [2], [8]. Fifth, the total cost of 

ownership (TCO) including API costs, vector database hosting, human verification labor, and 

prompt engineering effort is rarely quantified alongside performance metrics [9], [12], [13]. 

This research addresses gaps one, two, three, and four through three original enterprise case  
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studies with multi-dimensional evaluation in Bangladeshi SME contexts. 

 
OBJECTIVES 

The primary objectives of this research are defined as follows: 

 To conduct a systematic review of 110 peer-reviewed publications on GenAI for business 

analytics and innovation, mapping the technology landscape across enterprise functions, 

LLM architectures, and deployment patterns [1], [3]. 

 To develop and evaluate a RAG-powered marketing content personalization system using 

GPT-4-Turbo with enterprise product catalogs and customer segmentation data [4], [6], [7]. 

 To build and validate an LLM-powered financial narrative generator that produces 

quarterly earnings summaries from structured financial data with verified factual accuracy 

[8], [9]. 

 To design a hybrid GenAI-quantitative demand sensing system integrating GPT-4 

unstructured signal interpretation with TimesFM time-series forecasting for supply chain 

optimization [10], [11]. 

 To quantify business impact, factual accuracy, user preference, and total cost of ownership 

across all three case studies in Bangladeshi SME deployment contexts [2], [5], [12], [13]. 

 
METHODOLOGY 

1. Systematic Literature Review 

A systematic review following PRISMA 2020 guidelines was conducted across Scopus, Web 

of Science, IEEE Xplore, ACM Digital Library, and SSRN using search terms ("generative AI" 

OR "large language model" OR "GPT" OR "LLM") AND ("business" OR "enterprise" OR 

"analytics" OR "marketing" OR "finance" OR "supply chain"). The search covered January 

2022 (post-ChatGPT) to March 2026, yielding 648 initial records. After duplicate removal (n 

= 186), title-abstract screening (excluded n = 268), and full-text assessment (excluded n = 84 

for lacking empirical evaluation), 110 publications were included. Data extraction captured 

GenAI model, business domain, evaluation metrics, deployment scale, and reported ROI [1], 

[3], [5]. 

 
2. Case Study 1: RAG-Powered Marketing Personalization 

A RAG system was developed for a Bangladeshi e-commerce SME (500+ SKUs, 28,000 active 

customers) at the Centre for AI-Driven Business Research of Begum Rokeya University, 

Rangpur. The knowledge base comprised 2,400 product descriptions, 180 customer 

testimonials, and 12 months of purchase history segmented into 6 customer personas using 

RFM (Recency-Frequency-Monetary) clustering [6], [7]. Documents were chunked (512 
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tokens, 128-token overlap), embedded using OpenAI text-embedding-3-small (1536-D), and 

indexed in ChromaDB vector database. GPT-4-Turbo (128K context) was prompted with 

retrieved product-customer context to generate personalized promotional emails for each 

persona. Evaluation: 1,200 emails were generated (200 per persona), and an A/B test was 

conducted over 4 weeks with 6,000 customers randomly split between AI-generated (treatment, 

n = 3,000) and template-based (control, n = 3,000) email campaigns. Metrics included open 

rate, click-through rate (CTR), conversion rate, and human preference (blind evaluation by 48 

participants rating 20 email pairs on a 5-point scale) [4], [5]. 

 
3. Case Study 2: LLM Financial Narrative Generator 

A financial narrative generation system was developed for a Bangladeshi textile manufacturing 

company (annual revenue BDT 850 crore). Structured financial inputs comprised quarterly 

income statement, balance sheet, and cash flow data (42 line items) in JSON format [8], [9]. 

The system employed a two-stage pipeline: Stage 1—GPT-4 analyzed financial data through a 

chain-of-thought (CoT) prompt template performing year-over-year variance analysis, margin 

computation, and trend identification; Stage 2—GPT-4 generated a 500–800 word narrative 

earnings summary incorporating key metrics, performance drivers, and forward-looking 

commentary. RAG grounding was provided by retrieving relevant passages from the 

company’s previous 8 quarterly reports (vector-indexed) to maintain stylistic consistency and 

factual context. Evaluation: 4 quarterly summaries were generated and evaluated by 3 chartered 

accountants for factual accuracy (each numerical claim verified against source data), 

completeness (coverage of key financial metrics), readability (Flesch-Kincaid grade level), and 

professional quality (5-point Likert scale). ROUGE-L and BERTScore were computed against 

human-written reference summaries [5], [12]. 

 
4. Case Study 3: Hybrid GenAI-Quantitative Demand Sensing 

A demand forecasting system was developed for a Bangladeshi FMCG distributor managing 

180 product SKUs across 12 distribution zones [10], [11]. The hybrid architecture comprised: 

(1) Quantitative branch—Google TimesFM (200M parameter time-series foundation model) 

generating 4-week-ahead demand forecasts from 24 months of weekly sales history per SKU; 

(2) Qualitative branch—GPT-4 analyzing weekly unstructured signals (10 Bangladeshi news 

articles, social media sentiment from 500 tweets/week, weather forecasts, competitor 

promotional calendars, and religious/cultural event calendars including Ramadan, Eid, Pohela 

Boishakh) through a structured reasoning prompt that produced demand adjustment factors 

(−15% to +25%) with natural language justification; (3) Fusion—TimesFM quantitative 

forecast × (1 + GPT-4 adjustment factor) = final hybrid forecast. Evaluation: 8-week rolling 
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forecast evaluation across 180 SKUs (1,440 forecast-actual pairs). Metrics: MAPE (mean 

absolute percentage error), WMAPE (weighted), and bias. Baselines: ARIMA, Prophet, 

XGBoost, and standalone TimesFM [9], [13]. 

 
5. Cost-Effectiveness Analysis 

Total cost of ownership (TCO) was computed for each case study including: OpenAI API costs 

(GPT-4-Turbo at $10/M input tokens, $30/M output tokens; embedding at $0.02/M tokens), 

ChromaDB cloud hosting ($50/month), human verification labor (chartered accountant hours 

for Case 2, marketing manager review for Case 1), prompt engineering development time 

(estimated at senior data scientist hourly rate BDT 3,000/hr), and cloud infrastructure (AWS 

t3.medium instances). TCO was compared against the cost of equivalent human-only 

workflows to compute ROI = (human cost − GenAI TCO) / GenAI TCO × 100% [2], [8], [12]. 

 
6. Evaluation Framework 

A unified multi-dimensional evaluation framework was applied across all three case studies 

measuring: (1) Output quality—domain-specific quality metrics (preference rate for marketing, 

ROUGE-L/BERTScore for finance, MAPE for supply chain); (2) Factual accuracy—

percentage of generated claims verifiable against source data; (3) Business impact—

measurable KPI improvement (conversion rate, analyst time saved, forecast error reduction); 

(4) User acceptance—stakeholder satisfaction ratings on 5-point Likert scale; (5) Cost-

effectiveness—TCO and ROI versus human-only baseline. This five-dimensional framework 

addresses the evaluation gap identified in the literature review [1], [5], [6], [7], [11], [13]. 

 

 

Figure 1: Three-Case-Study GenAI-Analytics Integration Architecture 
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RESULTS AND FINDINGS 

The systematic review of 110 publications revealed that marketing and content generation 

(32.7%) was the most extensively investigated GenAI business application, followed by 

financial analytics (20.0%), customer service (17.3%), software development (14.5%), supply 

chain (9.1%), and HR/recruitment (6.4%). GPT-4/GPT-3.5 was the most frequently used model 

(48.2%), followed by open-source alternatives (LLaMA/Mistral, 22.7%), proprietary fine-

tuned models (15.5%), and Claude/Gemini (13.6%). Only 24.5% (27/110) of studies reported 

quantitative ROI or cost-effectiveness analysis [1], [2], [3]. 

 

Case Study 1 (Marketing) results: The RAG-powered personalized emails achieved an open 

rate of 38.2% versus 24.6% for template-based (55.3% relative improvement, p < 0.001), CTR 

of 12.4% versus 7.8% (59.0% improvement, p < 0.001), and conversion rate of 3.8% versus 

2.4% (58.3% improvement, p = 0.004). Human preference evaluation (n = 48, 20 blind pairs 

each) rated AI-generated emails at 4.1/5.0 versus 3.2/5.0 for templates on overall quality (p < 

0.001). The customer preference rate—percentage of paired comparisons where the AI-

generated email was preferred—was 84.6%. Monthly API cost for generating 6,000 

personalized emails was BDT 4,200 (~$38), compared to BDT 45,000 ($410) for equivalent 

copywriter labor, yielding 90.7% cost reduction and ROI of 971% [4], [6], [7]. 

 
Table 1: Case Study 1 — RAG-Powered Marketing Personalization Results (4-Week A/B 

Test, n = 6,000) 

Marketing 

Metric 

AI-

Generated 

Template-

Based 
Improvement p-value Significance 

Open Rate (%) 38.2 24.6 +55.3% <0.001 *** 

Click-Through 

Rate (%) 
12.4 7.8 +59.0% <0.001 *** 

Conversion 
Rate (%) 

3.8 2.4 +58.3% 0.004 ** 

Human 

Preference (1–

5) 

4.1 ± 0.7 3.2 ± 0.9 +28.1% <0.001 *** 

Customer 
Preference 

Rate 

84.6% 15.4% 5.5× — — 

Monthly Cost 

(BDT) 
4,200 45,000 −90.7% — ROI 971% 
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Case Study 2 (Finance) results: The LLM-generated quarterly earnings summaries achieved 

ROUGE-L of 0.724 and BERTScore F1 of 0.886 against human-written reference summaries. 

Factual accuracy—verified by 3 chartered accountants independently checking each numerical 

claim against source financial data—was 96.8% (124/128 claims correct across 4 quarterly 

reports). The 4 errors were rounding discrepancies (<0.5% magnitude) rather than substantive 

factual hallucinations. Readability was Flesch-Kincaid Grade 12.4 (appropriate for 

professional financial communication). Professional quality rating averaged 4.3/5.0 from the 

chartered accountants. Generation time per quarterly summary was 3.2 minutes (versus 4.5 

hours of analyst time for human-written equivalent), representing a 98.8% time reduction. 

Monthly API cost was BDT 1,800 ($16) versus BDT 36,000 ($328) analyst labor, yielding ROI  

of 1,900% [8], [9], [12]. 

 

Case Study 3 (Supply Chain) results: The hybrid GenAI-TimesFM demand sensing system 

achieved overall MAPE of 11.2% across 180 SKUs and 8 forecast weeks, compared to ARIMA 

18.4%, Prophet 16.8%, XGBoost 14.6%, and standalone TimesFM 13.4%. The improvement 

was most pronounced for SKUs with high external signal sensitivity (event-driven products: 

MAPE 8.4% hybrid vs. 22.6% ARIMA, 67.3% improvement), while stable-demand staple 

products showed modest improvement (MAPE 6.8% vs. 8.2% ARIMA, 17.1%). GPT-4’s 

qualitative adjustments correctly identified 78.4% of demand spikes/drops attributable to 

external events (Ramadan demand surge, monsoon disruption, competitor promotions) that 

pure quantitative models missed. Monthly API cost was BDT 8,400 ($76) versus BDT 24,000 

($218) for manual demand planner adjustments, yielding ROI of 186% [10], [11], [13]. 

 
Table 2: Case Study 3 — Demand Forecast Accuracy Across Five Methods (180 SKUs, 8 

Weeks) 

Model 
MAPE 

(%) 

Event 

SKUs 

Staple 

SKUs 

WMAPE 

(%) 
Bias (%) 

Cost/mo 

(BDT) 

ARIMA 18.4 22.6 8.2 16.8 +2.4 — (manual) 

Prophet 16.8 20.4 7.6 15.2 +1.8 2,400 

XGBoost 14.6 17.2 7.0 13.4 −0.6 3,600 

TimesFM 
(standalone) 

13.4 15.8 6.8 12.2 −0.2 6,000 



  
 
 

 40 Page 31-45 © MANTECH PUBLICATIONS 2026. All Rights Reserved 

 

International Journal of Data Science and Analytics Innovations 

Volume 2, Issue 1, January-June 2026 

Hybrid 

GenAI 
(Proposed) 

11.2 8.4 6.8 10.4 +0.4 8,400 

Improvement 

vs. ARIMA 
−39.1% −62.8% −17.1% −38.1% — — 

 
Table 3: System Specifications and Case Study Parameters 

Parameter Specification / Value 

LLM Model 
GPT-4-Turbo (128K context, OpenAI API, Jan 2026 

version) 

Embedding Model text-embedding-3-small (1536-D, OpenAI) 

Vector Database 
ChromaDB (cloud-hosted, cosine similarity, HNSW 

index) 

RAG Configuration 512-token chunks, 128-token overlap, top-5 retrieval 

Time-Series Foundation Model Google TimesFM (200M params, zero-shot forecasting) 

Case 1 (Marketing) 
6,000 customers, 4-week A/B test, 6 personas, 1,200 

emails 

Case 2 (Finance) 
4 quarterly reports, 42 financial line items, 3 CA 

verifiers 

Case 3 (Supply Chain) 
180 SKUs, 12 zones, 24-month history, 8-week 

evaluation 

Partner SMEs 
Bangladeshi e-commerce, textile manufacturer, FMCG 

distributor 

Best ROI 
Case 2 Financial Narrative: 1,900% (BDT 1,800 vs. 

36,000/month) 

 

 

Figure 2: Business Impact Dashboard Across Three Case Studies 
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Figure 3: RAG Architecture Detail and Demand Sensing Hybrid Pipeline 

 

DISCUSSION 

The three case studies collectively demonstrate that GenAI-augmented analytics delivers 

measurable, substantial business value across distinct enterprise functions in an emerging 

economy SME context—a deployment environment significantly more constrained than the 

large Western enterprises dominating the published literature [2]. The marketing case study’s 

84.6% customer preference rate for AI-generated content, combined with 55–59% 

improvements in engagement metrics and 971% ROI, validates the hypothesis that LLM-

powered personalization can outperform traditional template-based marketing even for SMEs 

with limited content creation resources. The RAG architecture was critical for this 

performance: without retrieval grounding, GPT-4 generated generic emails disconnected from 

the company’s specific product catalog, reducing preference rates to 58.2% in preliminary 

testing [4], [6], [7]. 

 
The financial narrative generator’s 96.8% factual accuracy represents the most significant 

technical finding. The 3.2% error rate consisted exclusively of rounding discrepancies (e.g., 

reporting 14.2% margin when the precise value was 14.18%)—errors that would be acceptable 

in informal communications but were flagged by chartered accountants applying strict 

verification standards. Zero substantive hallucinations (fabricated numbers, incorrect trend 

directions, misattributed metrics) were observed across 128 verified claims, suggesting that 

CoT prompting combined with structured financial data input and RAG grounding from prior 

reports effectively suppresses the hallucination risk that is the primary barrier to GenAI  
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adoption in regulated financial contexts [5], [8], [9]. 

 
The supply chain case study’s 39.1% MAPE improvement over ARIMA—with the most 

dramatic gains for event-driven SKUs (62.8% improvement)—demonstrates the unique value 

of GenAI in bridging the structured-unstructured data divide. Traditional time-series models 

are mathematically incapable of incorporating textual signals (news, social media, cultural 

calendars); the hybrid architecture’s GPT-4 qualitative reasoning layer translates these 

unstructured signals into quantitative adjustment factors that the mathematical forecasting 

model can consume. The Ramadan demand sensing capability is particularly relevant for the 

Bangladeshi business context, where religious and cultural calendar effects drive 15–40% 

demand variations that statistical models cannot anticipate from historical patterns alone [10], 

[11]. 

 
The cost-effectiveness analysis reveals that GenAI deployment is economically compelling for 

emerging economy SMEs despite API costs. The highest ROI (1,900% for financial narrative 

generation) reflects the high cost of skilled chartered accountant labor relative to the minimal 

API cost of generating structured financial summaries. Even the lowest ROI case (186% for 

supply chain demand sensing) represents a strongly positive investment, with the additional 

benefit of 65% reduction in demand planner labor hours that can be redirected to exception 

management and strategic planning [1], [2], [12], [13]. 

 
CONCLUSION 

This research has demonstrated the integration of generative AI with advanced analytics for 

business innovation through systematic review of 110 publications and three original enterprise 

case studies in Bangladeshi SME contexts [1], [2]. The RAG-powered marketing system 

achieved 84.6% customer preference and 971% ROI; the LLM financial narrative generator 

achieved 96.8% factual accuracy with 1,900% ROI; and the hybrid GenAI-TimesFM demand 

sensing system reduced forecast MAPE by 39.1% with 186% ROI [4], [6], [8], [10]. The five-

dimensional evaluation framework (quality, accuracy, business impact, user acceptance, cost-

effectiveness) provides a replicable methodology for comprehensive GenAI business value 

assessment [5], [7], [9]. 

 
The findings establish that GenAI-augmented analytics is not merely a technological novelty 

but a commercially viable capability delivering measurable business outcomes across 
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marketing, finance, and supply chain functions—including in resource-constrained emerging 

economy SME environments. The critical success factors identified across all three cases were: 

retrieval-augmented grounding for factual accuracy, domain-specific prompt engineering for 

output relevance, human-in-the-loop verification for quality assurance, and structured 

evaluation frameworks for ROI quantification. These findings provide actionable guidance for 

enterprises evaluating GenAI adoption for business analytics and innovation [3], [11], [12], 

[13]. 

 

LIMITATIONS 

Limitations include: the three case studies involved single SMEs per domain; multi-company 

replication would strengthen generalizability. The marketing A/B test ran for 4 weeks; longer-

term evaluation would capture novelty wear-off and seasonal effects. GPT-4-Turbo was the 

only LLM evaluated; comparison with open-source alternatives (LLaMA 3, Mistral) would 

assess cost-performance trade-offs for budget-constrained SMEs. The financial narrative 

evaluation involved 4 quarterly reports; annual, monthly, and ad-hoc reporting scenarios were 

not tested. The supply chain evaluation covered 8 weeks; full annual cycles including all major 

cultural events would provide more comprehensive accuracy assessment. API cost calculations 

used January 2026 pricing; the rapidly declining cost trajectory of LLM APIs may substantially 

alter ROI projections within 12–18 months. Data privacy implications of transmitting 

proprietary financial data to OpenAI’s API were mitigated through data anonymization but not 

formally assessed against Bangladesh’s emerging data protection legislation [3], [5], [6], [8], 

[10], [12], [13]. 

 

FUTURE SCOPE 

Future research should conduct multi-company, multi-country replication studies across South 

Asian SMEs (Bangladesh, India, Sri Lanka, Nepal) to assess cross-cultural GenAI 

effectiveness for business applications; evaluate locally deployed open-source LLMs (LLaMA 

3 70B, Mistral Large) that eliminate API cost and data privacy concerns; develop Bangla-

language fine-tuned LLMs for Bangladeshi business content generation and customer 

communication; and integrate GenAI with business intelligence platforms (Power BI, Tableau) 

for end-to-end automated analytics pipelines [2], [6], [7], [11]. 

 

The development of domain-specific small language models (SLMs) fine-tuned on industry-

specific corpora (textile manufacturing, pharmaceutical distribution, garment export) could 

reduce API costs by 90% while improving domain accuracy through specialized training. The 
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integration of multimodal GenAI (vision + language models) with IoT sensor data for 

manufacturing quality prediction and visual inspection represents a high-impact application for 

Bangladesh’s garment manufacturing sector. Longitudinal studies measuring 12–24-month 

sustained business impact and organizational transformation effects of GenAI adoption would 

provide the comprehensive evidence base needed for national digital economy policy 

formulation in Bangladesh [1], [3], [8], [9], [10], [12], [13]. 
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