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Abstract 
The rapid evolution of data-driven decision-making necessitates robust methodologies capable 

of performing well even when data availability or consistency is a challenge. Transfer learning 

(TL) offers a powerful solution by enabling the adaptation of predictive models from one 

domain to another, especially when the target domain has limited labeled data. This paper 

explores the strategic application of transfer learning in cross-domain predictive analytics, with 

a focus on enhancing business intelligence (BI) and strategic forecasting. By analyzing key 

developments from prior literature and identifying use cases across finance, retail, and supply 

chain domains, the paper outlines the strengths and challenges of implementing TL frameworks 

for actionable forecasting. The paper concludes by offering pathways for future research and 

practical deployment in enterprise systems. 
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1.Introduction 

Predictive analytics plays a foundational role in modern business intelligence systems by 

uncovering trends, estimating future performance, and optimizing strategic decisions. 

Traditional machine learning models, however, require large volumes of labeled data from a 

specific domain—a limitation when attempting to scale across departments, markets, or 

industries. In contrast, transfer learning (TL) enables a model trained on a source domain to 

be repurposed for a different but related target domain. This paradigm proves especially 

beneficial when target domain data is sparse, inconsistent, or costly to acquire. 

With the growing complexity of global business environments, decision-makers require 

tools that can not only forecast accurately but also do so across multiple domains with minimal 

manual retraining. TL addresses this by retaining knowledge from one context (e.g., historical 

sales in retail) and applying it to another (e.g., predicting inventory requirements for new 
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products or regions). It significantly reduces computational burden and training time while 

enhancing accuracy in data-scarce environments. 

 

 

 

2. Literature Review 

Early contributions to the field laid the foundation for TL in predictive settings. Pan and 

Yang (2010) provided one of the most comprehensive frameworks for understanding transfer 

learning, distinguishing between inductive, transductive, and unsupervised transfer learning 

models, emphasizing their suitability for real-world decision-making problems where source 

and target domain distributions differ. 

Weiss et al. (2016) built upon this by focusing on supervised TL, showing empirical 

results on how pre-trained models on image and text data can be fine-tuned across domains 

with smaller labeled sets. They proposed a taxonomy of TL based on feature, instance, 

parameter, and relational knowledge transfer. 

In a business context, Guo et al. (2018) explored the application of transfer learning in 

cross-company churn prediction scenarios, showcasing how customer behavior models from 

one company could be leveraged by another with minimal additional training. Their findings 

showed a 12-18% improvement in prediction accuracy using TL versus domain-specific 

models. 

Similarly, Zhuang et al. (2020) provided a wide-ranging survey of transfer learning 

applications across multiple industries including finance and healthcare. They highlighted the 

importance of domain discrepancy minimization, where methods like domain adversarial 

training and maximum mean discrepancy (MMD) were used to align data distributions. 
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In a retail analytics context, Tan et al. (2020) studied TL for inventory demand 

forecasting. Their model used sales data from high-volume stores to improve predictions in 

newly opened or low-data locations, achieving over 20% improvement in RMSE compared to 

traditional time series models. 

Yang et al. (2021) demonstrated how transfer learning can benefit strategic forecasting 

in macroeconomics by leveraging simulation-based synthetic datasets. Their method 

successfully transferred patterns learned from synthetic economies to predict inflation and GDP 

trends in low-data countries. 

Lu et al. (2022) introduced the concept of hierarchical TL, combining both inter- and 

intra-domain knowledge sharing to enhance predictions in supply chain operations across 

product hierarchies and regional networks. 

Lastly, Nguyen et al. (2022) discussed the use of ensemble-based TL frameworks in 

dynamic environments where data drift is common, such as in online retail and social media 

marketing. Their models were trained to adapt continuously, outperforming static TL models 

by nearly 15% in predictive accuracy. 

 

3. Methodologies and Use Cases 

3.1 Financial Risk Forecasting 

In the finance domain, TL has been used to predict credit risk, stock volatility, and 

macroeconomic shocks. Models trained on mature financial markets like the US or EU have 

been adapted to emerging markets using domain adaptation methods such as Transfer 

Component Analysis (TCA) and adversarial neural networks. 

3.2 Retail Demand Forecasting 

Retailers leverage TL by training demand forecasting models on high-sales products and 

applying them to new or seasonal items. This strategy minimizes cold-start issues and reduces 

the need for manual intervention in supply chain systems. 

3.3 Supply Chain Logistics 

Cross-domain TL models have been used to forecast shipping times, warehouse 

demands, and distribution costs. These models are trained on major distribution hubs and 

adapted to new locations using domain-invariant feature extraction techniques. 

 

4. Strategic Implications for Business Intelligence 

The strategic advantage of TL in business intelligence lies in its ability to democratize 

predictive capabilities across departments. Traditional siloed systems are often limited by 

domain-specific training; TL bridges this by allowing enterprise-wide insights from shared 

knowledge bases. 
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Moreover, TL facilitates rapid market entry and localization by reducing the data barrier. 

For instance, a retail company entering a new geography can deploy TL-based demand 

forecasting models trained elsewhere with minimal local retraining, thereby accelerating 

operational ramp-up. 

Another key benefit is resource efficiency. TL reduces dependence on extensive data 

labeling, a process that is both time-consuming and expensive. As businesses increasingly 

adopt data governance and privacy norms, being able to operate with smaller, anonymized 

datasets via TL becomes a competitive advantage. 

 

5. Challenges and Future Directions 

Despite its promise, TL in cross-domain forecasting poses challenges: 

• Negative transfer: When knowledge from the source domain misguides predictions in 

the target domain due to mismatched distributions. 

• Interpretability: Black-box nature of TL models, especially those involving deep 

learning, complicates executive decision-making. 

• Domain generalization: Most TL methods are domain-specific. There’s an urgent 

need for generalizable TL frameworks capable of adapting across vastly different 

domains. 

Future research should explore self-supervised and meta-learning-based TL 

approaches, which could reduce reliance on human-labeled data. There is also potential for 

causal transfer learning, enabling models to not only correlate but also infer causal 

relationships across domains. 

 

6. Conclusion 

Transfer learning has emerged as a transformative tool in cross-domain predictive 

analytics, reshaping how businesses derive insights and strategize. From reducing data 

dependency to enabling rapid deployment in diverse settings, TL is pivotal in the evolution of 

intelligent enterprise systems. As models become more robust and generalizable, TL will play 

a central role in realizing the vision of adaptive, context-aware business intelligence platforms. 
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