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demonstrate how machine learning (ML) can leverage data from 250
IgG mAbs Vhh-Fc Vhh-His h‘:ﬁljﬁzgzi;fi; clinical antibodies to extract meaningful insights into antibody
developability. This work highlights the transformative potential of ML
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profiles. As data availability grows, these models will become
onboarded or the platiorm actively onboarding on the roadmep increasingly powerful tools for accelerating discovery, derisking
development, and shaping the future of antibody engineering.
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model where customers can send antibody sequences for synthesis, expression, « Our expert Al/ML team offers end-to-end support for model
purification, and testing across a comprehensive panel of biophysical assays with a 2 /d development, tailored to your specific pipeline needs.
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