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INTRODUCTION

While artificial intelligence has shown promise in IVF, current approaches often overemphasize embryo image analysis, potentially introducing unnecessary complexity
and analytical bias into predictive models. The subjective nature of embryo assessment and the push toward image-based Al solutions have created a paradigm where
visual data dominates. Deep learning models applied to embryo images frequently fail to achieve significant improvements over established embryologist-led selection
methods with laboratory KPls, raising questions about the clinical utility of complex imaging pipelines. This study challenges the prevailing emphasis on image-centric Al
by explicitly demonstrating the limitations of excessive image integration in pregnancy prediction models. We propose a strategic delineation: while clinical and laboratory
data should drive pregnancy outcome predictions, embryo imaging retains its value specifically for individual embryo implantation assessment. Our multimodal ensemble
framework combining Kolmogorov-Arnold Networks (KANS) with transformer architectures (KAT) for clinical data analysis, alongside selective vision-based approaches
aims to optimize the balance between predictive accuracy and clinical interpretability while avoiding the analytical pitfalls of image-heavy methodologies.

METHOD

We developed parallel Al architectures using Kolmogorov-Arnold Networks combined with transformer mechanisms - "from in vitro to in silico pipeline”, comparing models
trained exclusively on clinical and laboratory KPI data (n=15,779 IVF cycles across six countries) versus hybrid models integrating blastocyst image analysis (n=2,344
training images, 300 test images). Image processing utilized ResNet34 convolutional networks (CNN) and Vision Transformers with DINO architecture (ViT). Model
performance was assessed using area under curve (AUC), expected calibration error (ECE), and mean squared error (MSE) metrics. Cross-architectural explainability
analysis was performed using Structural Similarity Index (SSIM) and Intersection over Union measurements (loU).
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RESULTS

Laboratory KPls data-only models achieved robust predictive performance (AUC=0.75, 95% CI. 0.69-0.77) with superior calibration (ECE=0.06). Image-enhanced
variants demonstrated inconsistent improvements: CNN-integrated models showed decreased performance (AUC=0.67, EGE=0.07), while ViT integration achieved
higher AUC (0.78) at the cost of substantially degraded calibration (ECE=0.10, MSE=0.22). Cross-architectural analysis revealed disagreement in morphological feature
prioritization, with extremely low spatial overlap (loU=0.078) between attention regions and weak correlation (Spearman's p=-0.071) in pixel importance rankings CNN
and VIT and between activation and attention maps (SSIM=0.388 and 0.059), indicating inconsistent visual reasoning strategies in image recognition models. Analysis of
a test group images of single euploid blastocyst transfers, verified with commercially available Al solution ERICA from IVF2.0, revealed a 0.27 error rate in clinical
pregnancy prediction (AUC = 0.67, 95% CI = 0.62-0.75) with image enhanced models.
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Integration of embryo imaging into Al frameworks fails to provide consistent or meaningful
enhancement in pregnancy prediction accuracy. KPIls-parameter-only models demonstrate superior
reliability and calibration properties. Our results emphasize the need to go beyond performance
scores when validating Al systems for IVF and to include interpretability and robustness as core
criteria in model selection.
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