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RQ: How does the treatment effect 7 evolve over time,
depending on the dose, a?

. How long does it typically take for the treatment effect to exceed a
clinically relevant threshold a?

. When, on average, does the treatment effect reach its peak, and how
does this vary with the dose?

. What is the lowest dose ensuring that the effect has a sustained
benefit?

To answer these question we want to model:
t(a) = E[Y(a) — Y/(0)]

Qesiderata for a useful model: interpretable, verifiable, editable
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Direct Semantic Modelling with SemanticODE

SemanticODE for ATE Estimation

Treatment effects are not directly observable!
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Dataset: Y = {Xia Aia (Ti,j’ Yi,j)jzl =1

To use SemanticODE, we construct surrogate treatment
effect:

T(a) = Y (a) — Y/(0)

* We train a baseline trajectory model, using
untreated patients with A = 0, and utilising patient

characteristics: Y,(0) = ¢y(X, T)

e For all other patients in the dataset we then construct
the surrogate treatment effect:

7, =Y — 9o(X;, T; )
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Composition map: describes the shape of
the trajectory as a function of the dose, a.

Property maps: describe how the key
properties of the identified composition
(maxima, derivatives, asymptotes) depend
on the dose a.
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iImpose inductive biases and edit the
learned solutions to match the domain
knowledge!
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