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Abstract
The objective of this study is to develop a three-stage transfer learning protocol for a hybrid

CNN-Attention—XGBoost architecture to improve the accuracy and interpretability of weight-
loss prediction in Iranian clinical data. The proposed model consisted of a convolutional neural
network, an attention mechanism, and an XGBoost regressor. The CNN-Attention module was
first pre-trained on an international dataset to learn general temporal weight-change patterns.
The learned parameters were then fine-tuned on an Iranian dataset to adapt the model to local
characteristics. Finally, the extracted features were passed to an XGBoost regressor for
interpretable prediction. Model performance was evaluated using MAE, RMSE, and R?, and
statistical tests were applied to compare model effectiveness. The hybrid transfer-learning
model showed significantly higher accuracy and lower error compared with the non-transfer
baseline model. Temporal weight patterns and deep learned features contributed most strongly
to predictive performance. Statistical testing confirmed that the improvement in accuracy was
significant, indicating that transferred knowledge effectively enhanced model generalization.
The proposed transfer learning protocol successfully enhanced both predictive performance
and interpretability. Integrating deep feature extraction with an explainable decision layer
provides a powerful and reliable approach for developing Al-based health systems that require
both accuracy and transparency.

Keywords: Transfer Learning, CNN, Attention Mechanism, XGBoost, Weight Loss Prediction,
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Figure 4. Feature Importance in XGBoost Model
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Extended Abstract
Introduction
Advances in machine learning and deep neural architectures have transformed predictive modeling
in healthcare, enabling more accurate interpretation of complex physiological and behavioral data.
Traditional statistical approaches, although valuable, often struggle to capture nonlinear interactions,
heterogeneous risk patterns, and temporal dependencies that characterize real-world health and
weight-related datasets (Rubinger et al., 2023). With the increasing availability of digital health
records and large-scale clinical datasets, researchers have begun employing multimodal deep
learning approaches that combine image-like temporal signals, structured clinical variables, and
behavioral indicators, thereby improving prediction of obesity risk and weight-change trajectories
(Gupta et al., 2024).
Recent studies highlight the crucial role of early identification of obesity-related markers,
developmental differences, and lifestyle factors. For example, machine learning modeling has shown
that variations in biological maturation timing significantly influence obesity risk among youth
populations (Giilii et al., 2023). Additionally, systematic reviews demonstrate that obesity arises from
a combination of behavioral habits, metabolic patterns, socioeconomic factors, and environmental
exposures; consequently, prediction models must incorporate these multilayered factors to achieve
robust and generalizable results (Safaei et al., 2021).
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Temporal modeling is particularly important for weight-loss prediction because weight change is
dynamic and sensitive to short-term lifestyle fluctuations. Deep neural networks such as
convolutional architectures have demonstrated strong performance in extracting hierarchical
temporal features from sequential measurements, as shown in early foundational work on very deep
convolutional models (Simonyan & Zisserman, 2014). Yet these deep models often suffer from limited
interpretability, prompting the need for hybrid frameworks that incorporate feature-based learners
capable of producing transparent outputs. Model interpretation methods, including unified SHAP-
based approaches, have become increasingly relevant for healthcare applications requiring clinical
trust and decision transparency (Lundberg & Lee, 2017).

Beyond physical factors, behavioral, psychological, and emotional components also influence
weight-related outcomes. Research using advanced Al systems has shown that digital interactions
and behavioral engagement can significantly shape model performance and health trajectories,
particularly in self-management systems and mobile-health applications (Duckworth et al., 2024).
Moreover, emotional exhaustion and workplace burnout—key factors in overall lifestyle and health—
have been successfully predicted through machine learning models using multidimensional clinical
and occupational features (Zyl-Cillié et al., 2024). Correspondingly, Al-based supportive frameworks
and chatbot-driven interventions have been developed to guide emotional and behavioral
improvement, demonstrating the expanding role of machine learning in personalized mental-health
assistance (Sirdeshpande, 2025).

Several studies have expanded machine learning into interpretive and preventive health strategies.
Research on lifestyle interventions for individuals with eating-related disorders indicates that Al can
effectively predict long-term behavioral responses, enabling more precise tailoring of treatment
pathways (Irandoust et al., 2024). At a broader population level, machine learning has been employed
to detect warning indicators of dropout tendencies in educational systems, further showcasing its
ability to analyze complex human patterns across disciplines (Sansone, 2018).

In addition, multimodal deep neural frameworks have been introduced for obesity-risk prediction,
integrating physical, metabolic, and behavioral features into unified Al systems (Gupta et al., 2024).
These approaches demonstrate that hybrid modeling—combining deep-learned representations with
structured machine learning layers—can significantly enhance accuracy. Nonetheless, a persistent
challenge remains: deep learning models often require large datasets for training, making
generalization difficult in contexts with limited data. Transfer learning has emerged as an effective
solution, enabling pretrained CNN models trained on large international datasets to be adapted for
smaller local health datasets (Thomas & Kumar, 2024).

Studies also reveal the potential of machine learning in fostering connection-based health
interventions. For example, lyric-analysis peer-support systems powered by Al have been shown to
reduce psychological distress in diverse populations (Banda et al., 2025). Similarly, multimodal
mental-health frameworks highlight the ability of advanced neural systems to extract emotional cues
and provide adaptive guidance (Sirdeshpande, 2025). These findings support the integration of
attunement-focused mechanisms such as attention layers within CNN-based health models,
particularly for capturing subtle fluctuations in weight-related signals.

Taken together, previous research underscores several key trends: deep neural models excel at
learning temporal patterns; transfer learning addresses data scarcity and domain mismatch; hybrid
models improve interpretability; and Al-based behavioral insights enrich clinical decision-making.
The present study builds on these foundations by designing and evaluating a hybrid CNN—-Attention—
XGBoost architecture under a structured transfer learning protocol. The aim of this study is to
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develop and assess an interpretable hybrid machine learning model using transfer learning to
enhance weight-loss prediction accuracy in an Iranian clinical population.

Methods and Materials

This study implemented a three-stage transfer learning protocol. First, a convolutional neural network
combined with an attention mechanism was pretrained on an international dataset containing multi-
step weight measurements. Next, learned weights were transferred to a secondary model trained
using a large real-world Iranian dataset consisting of six sequential weight measurements per
individual. During fine-tuning, convolutional layers were frozen while attention and fully connected
layers were updated to adapt to specific patterns in the local population. In the final stage, deep
features extracted from the CNN—Attention backbone were used as inputs to an XGBoost regressor
for interpretable prediction. Data preprocessing included normalization, outlier filtering, and splitting
into training and validation sets. Performance was evaluated using R?, MAE, and RMSE, and
statistical comparison was conducted against a non-transfer baseline.

Findings

The transfer learning model demonstrated substantially higher predictive accuracy compared with
the model trained solely on local data. The hybrid CNN—-Attention—XGBoost architecture achieved
an Rz of 0.947, MAE of 2.29 kg, and RMSE of 3.02 kg, indicating strong predictive performance and
low error variance. In contrast, the non-transfer baseline achieved an R? of 0.891 and MAE of 3.41
kg, confirming that the transfer learning protocol meaningfully improved model generalization.

Deep feature importance analysis revealed that recent weight measurements (W5 and W6)
contributed the largest proportion to the final prediction, reflecting the model’s sensitivity to short-
term fluctuations. Additionally, several deep-learned features generated by the attention-guided
CNN layers ranked highest in influence, suggesting that nonlinear temporal interactions, captured
automatically by the deep model, were essential for accurate prediction. The difference between
models was statistically significant based on independent t-testing, confirming that performance
improvements were not due to chance. Visualization of predicted vs. actual weight values showed
close clustering along the identity line, further supporting model accuracy.

Discussion and Conclusion

The findings confirm that transfer learning substantially improves predictive performance in contexts
where local datasets are limited or heterogeneous. By leveraging knowledge from a larger
international cohort, the model captured general temporal dynamics of weight change before refining
these patterns to match the characteristics of the Iranian population. This staged learning process
enabled the model to balance generalization with localized specificity, addressing the domain
mismatch issue often encountered in health datasets.

The hybrid CNN—Attention—XGBoost architecture proved effective not only in prediction but also in
interpretability. The convolutional layers extracted foundational temporal structures, the attention
mechanism selectively focused on critical intervals within the weight sequences, and the XGBoost
layer transformed these abstract representations into clear, interpretable outputs. This structure
bridges the common gap between deep learning power and clinical explainability, enabling
healthcare practitioners to examine the factors most influential in prediction.

The prominence of short-term weight measures among top features aligns with known behavioral
and physiological principles, as recent fluctuations tend to reflect current dietary patterns, metabolic
responses, and adherence to interventions. Meanwhile, the contribution of deep-learned features
shows that underlying nonlinear patterns—often hidden from conventional statistical methods—play
an essential role in shaping weight change.
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The study’s results demonstrate the value of hybrid, interpretable, and transfer-learning-based
models for health prediction tasks. These models can serve as decision-support tools for clinicians,
allowing them to anticipate patient trajectories, identify individuals at risk for stagnation or rebound,
and tailor interventions accordingly. The approach can be extended to other domains where temporal
dynamics and population heterogeneity are significant, such as metabolic disorders, behavioral
interventions, chronic disease management, and personalized lifestyle planning.

Overall, the study shows that combining transfer learning with hybrid model architectures creates a
powerful and clinically valuable predictive framework. The model effectively integrates temporal
pattern recognition, attention-based interpretability, and tree-based decision transparency. Such an
approach sets a foundation for future intelligent health systems that are both accurate and
explainable, addressing the dual needs of performance and trustworthiness.
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