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Abstract

Early-stage startups face the problem of cold start, as they have
limited real-world data to train Al models. This lack of data,
combined with the incompatibility of generic data with specific
business needs, reduces the accuracy of predictions and
recommendations. Rapid changes in data and concepts (such as
data and concept drift), the risk of forgetting prior knowledge in
transfer learning, and the heterogeneous quality of user feedback
are the main challenges in this area. The proposed framework is an
integrated and scalable architecture that combines transfer learning
and crowd intelligence. The framework consists of four parts:
collection and preprocessing of (limited), generic, and user
feedback real-world data; transfer learning with a pretrained model
and efficient optimization to prevent forgetting prior knowledge;
model enhancement with filtered and weighted user feedback; and
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continuous prediction by monitoring data and concept changes with
mathematical criteria. The training data is composed of a
combination of real, generic, and user feedback data, and
optimization is performed by minimizing error and controlling
complexity. Evaluation on three real datasets. Other metrics such as
prediction accuracy, positive sample detection, balance between the
two, error reduction, and data stability were also improved in all
three datasets, especially in investment data that is more scattered.
This framework increases the efficiency of limited data and ensures
the stability of the model.

Introduction

Emerging businesses often face the challenge of working under a low-
data regime, where the scarcity of labeled or domain-specific datasets
restricts the potential of traditional machine learning approaches. This
issue becomes particularly critical when models are required to
generalize well in dynamic environments such as startups, fintech
solutions, and digital platforms, where continuous changes in
consumer behavior and market trends are the norm. Addressing this
challenge requires frameworks that can exploit prior knowledge while
simultaneously adapting to the evolving data distribution. Recent
advances in transfer learning have demonstrated strong capabilities in
reusing pretrained models trained on large-scale source domains and
fine-tuning them for target tasks with fewer data samples. However,
transfer learning alone often struggles to maintain robustness in the
long term, especially in contexts where the underlying data
distribution shifts significantly. Complementary mechanisms are
therefore necessary to ensure continuous adaptation without extensive
data labeling costs.

Collective intelligence, on the other hand, leverages the wisdom
of users, domain experts, and collaborative platforms to enrich
datasets with high-quality feedback. By integrating user feedback with
computational models, systems can achieve a deeper contextual
understanding while remaining adaptive to new scenarios. This
collective contribution acts as a reinforcement mechanism that
strengthens model performance beyond the boundaries of static
training data.
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The motivation of this work is to integrate transfer learning and
collective intelligence into a unified framework that systematically
addresses the limitations of data scarcity while ensuring adaptability.
The proposed approach is designed with modularity, scalability, and
real-time responsiveness in mind, making it well-suited for emerging
business ecosystems where agility and resilience are essential for
success.

2- Methodology

The proposed framework is composed of four core modules,
organized in a modular architecture with API-based interoperability.
The process begins with the data acquisition stage, where two primary
sources are combined: domain-specific real data Dr, typically scarce
but highly relevant, and public or open datasets Dy, which provide
broader contextual knowledge. After collection, both datasets are
subjected to preprocessing procedures, including cleaning,
normalization, feature extraction, and storage in a centralized feature
store for consistent accessibility.

The second module is the transfer learning stage, where a
pretrained base model, developed on a large-scale source domain, is
selectively fine-tuned. Specifically, lower layers are kept frozen to
preserve generalizable patterns, while upper layers are adapted using
the combined dataset. Efficient optimization strategies such as LORA
and Adapters are employed to minimize computational costs and
prevent catastrophic forgetting. This ensures that the model remains
both lightweight and adaptive.

The third module integrates collective intelligence into the
learning process. User feedback is continuously gathered from real-
world interactions and subjected to quality filtering based on a
threshold. Validated feedback is weighted according to user expertise
and aggregated into a feedback dataset. This dataset is subsequently
added to the training pool, enriching the model with experiential
knowledge and domain-specific nuances that static datasets cannot
capture.

The final module is real-time inference and continuous updating.
The system provides predictions or recommendations in real-time
while monitoring data drift and concept drift through KL-divergence
measures. Once drift levels exceed predefined thresholds, the
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retraining process is triggered automatically. Retraining stops only
when both validation accuracy and drift measures meet the defined
stopping criteria. Together, these mechanisms ensure that the
framework operates adaptively in dynamic environments while
maintaining high predictive performance.

3-Results

The experimental evaluation of the framework was conducted across
multiple datasets representing different business contexts, including
Yelp Reviews, Amazon Product data, and Startup Funding scenarios.
Three configurations were compared: the baseline model without
transfer learning, transfer learning alone, and the integrated transfer
learning with collective intelligence (TL + CI). Metrics such as
accuracy, precision, recall, F1-score, inverse loss, and inverse drift
were used to assess performance comprehensively.

The baseline model exhibited moderate results, constrained by the
limited availability of domain-specific data. These results underscored
the inadequacy of relying solely on small datasets in emerging
domains. With the introduction of transfer learning, performance
improved significantly across all metrics. Accuracy values surpassed
0.80 in two out of three datasets, with consistent improvements across
all metrics. Transfer learning effectively leveraged prior knowledge,
allowing models to adapt more effectively to the new tasks despite
limited data. However, some degree of drift sensitivity remained
observable, particularly in the startup funding dataset where business
contexts shift rapidly. The most significant improvement was
observed when collective intelligence was integrated alongside
transfer learning. Inverse drift values also confirmed stronger
resilience against distributional changes, proving that continuous
incorporation of user feedback provides the necessary adaptability for
real-world business applications.

4- Conclusion

This study demonstrates the effectiveness of combining transfer
learning with collective intelligence to overcome the low-data regime
challenge prevalent in emerging business ecosystems. The integration
of these two paradigms enhances not only the accuracy of predictions
but also the robustness of models in dynamic environments where data
distribution frequently shifts. From a methodological perspective, the
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modular design of the framework ensures scalability, flexibility, and
ease of integration with existing business platforms. By leveraging
APIs and feature stores, the framework can be seamlessly deployed
across diverse industries ranging from e-commerce and fintech to
education and logistics.

The results highlight the complementary nature of transfer
learning and collective intelligence. While transfer learning provides a
foundation by reusing knowledge from source domains, collective
intelligence enriches the system with real-time, domain-specific
insights, ensuring continuous alignment with user needs and
environmental changes. Together, they form a resilient and adaptive
ecosystem for machine learning in business contexts.

Future work may explore extending this framework with
reinforcement learning to optimize decision-making policies, as well
as incorporating multimodal data sources such as images, audio, and
sensor data to expand applicability. Additionally, exploring federated
learning approaches could further enhance privacy-preserving data
utilization while maintaining adaptability in distributed business
environments.

Keywords: Transfer Learning, Collective Intelligence, Data Drift,
Low-Data Regime, Emerging Businesses.
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