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Ouitline of today

From representations to predictions
Feature-based explanations

Model-based interpretations

Mapping and chemical space visualization
Structure—property mapping
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Predictive models in chemical informatics focus on connecting materials
chemistry, structure, or processing to some set of target quantities.

At its core, machine
learning is about using
mathematical operations
to identify relationships
in a data space.

We can use these
relationships to predict
targets, make
suggestions of new data
points that optimize
some value, or

understand the space of . _ . o
the data itself. Write “unsupervised learning” (relationships between data

and itself) and “supervised learning” (relationships between
data and a target)
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Transforming chemistry into numerical formats often abstracts chemical
information into a data-rich format.

Data ! Representation ! Model ! Property

Category Examples / Description

Chemistry-based
y Interpreting chemical identity via embeddings or de-

scriptors; Molecular graphs encoding connectivity;
One-hot / presence—absence of functional groups

Interaction-based . i,
Based on atomic or molecular positions; Captures

many-body environments; Sensitive to conformation
and geometry

Implicit (Latent .
P ( ) Learned representations from neural networks; En-

coded in latent space of models; Can be generative
or invertible
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What is Interpretability?

to scienti c meaning.

Distinguish: - Explanation (engineering) - Insight (science)
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Interpretability: mapping from mathematical model behavior back



SHAP Values

Shapley value: is a method (solution concept) for fairly distributing the
total gains or costs among a group of players who have collaborated.
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The central idea is to fairly distribute the prediction among the input features.
In this framework, each feature is treated as a “player,” and the model output is treated as the “payout” of a
game.

The goal is to determine how much each feature contributes to that payout.
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Now, let's interpret this more concretely.

This paper introduces SHAP (Shapley Additive
Explanations) as a model-agnostic method to in-
terpret machine learning predictions of compound
bioactivity, showing how complex models such as
random forests, SVMs, and deep neural networks
can be decomposed into feature-level contribu-
tions that can be mapped back onto molecular
structures. By applying SHAP to structure—activity
relationship (SAR) models, the authors demon-
strate that important substructures driving activity
predictions can be identi ed consistently across
different models, enabling chemists to rational-
ize predictions, validate models against domain
knowledge, and potentially guide compound de-
sign. However, the work also highlights that these
explanations remain tied to the chosen feature
representation, meaning interpretability is limited
by how chemical information is encoded, even if

the attribution itself is mathematically rigorous.
J. Med. Chem. 2020, 63, 16, 8761-8777
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Limitations of Shapley Analysis

they attribute importance at the level of input fea-
tures rather than underlying scienti ¢ variables,
meaning the explanation is only as meaningful as
the chosen representation;

when features are correlated, redundant, or ab-
stract (e.g., ngerprint bits or latent variables), the
computed contributions can be unstable or mis-
leading because Shapley values rely on averaging
marginal effects across hypothetical feature sub-
sets that may not correspond to physically realiz-
able systems.

n addition, the explanations are local—speci c to
individual predictions—and do not inherently cap-
ture global structure—property relationships, while
also being computationally expensive and depen-
dent on assumptions (such as feature indepen-
dence or background distributions) that often do
not hold in chemical data, limiting their ability to

yield direct mechanistic insight.

Chem. Sci., 2026, 17, 1411-1422
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Saliency Maps

Saliency map: highlights either the region on which people's eyes focus
rst or the most relevant regions for machine learning models

st = 81

Saliency maps use gradients to measure sensitivity of predictions to input
changes. They are widely used in neural networks.
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Now, let's interpret this more concretely.

explainable graph convolutional neural network
(9CNN) architecture for small molecule activity
prediction.

800 protein targets that produces a simplied
gCNN QSAR architecture, and we observe that
such a model can yield performance improve-
ments over both standard gCNN and RF methods
on dif cult-to-classify test sets.

saliency map technology that highlights molecular
substructures relevant to activity, and we perform
saliency analysis on nearly 100 data-rich protein
targets.

J Comput Aided Mol Des 36, 391-404 (2022).
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Limitations of Saliency Maps

saliency maps provide only local, in nitesimal sensitivity—they quantify how small perturbations affect a
prediction, but chemical changes are typically discrete (e.g., functional group substitutions), meaning gradients
do not correspond to realistic chemical transformations.

saliency is highly sensitive to input scaling, model architecture, and noise, which can produce visually striking
but inconsistent importance maps.

gradients are taken with respect to atom or bond embeddings, which are often abstract latent quantities, so
mapping them back to interpretable structural motifs requires additional heuristics, limiting their ability to yield
robust, mechanistic insight about structure—property relationships.

expensive!

Proceedings of the 32nd International Conference on Neural Information Processing Systems
Pages 9525 - 9536
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Symbolic Regression

Symbolic Regression: searches over mathematical expressions to
discover an explicit functional relationship between inputs and outputs.

X
f(x) = x 2+log(x2) >
Xa

Symbolic regression takes a fundamentally different approach to interpretability.

The goal is to nd an equation that both ts the data well and remains relatively simple.
This is typically achieved using evolutionary or genetic programming algorithms.
Candidate equations are generated, evaluated, and iteratively improved.

The key advantage is that the output is an explicit equation.

This means the model itself is interpretable, rather than requiring a post hoc explanation.
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Limitations of Symbolic Regression

Despite its interpretability advantages, symbolic regression has several important limitations.

First, the search space of possible equations is extremely large, which makes the optimization problem
computationally challenging.

Second, there is often a tradeoff between accuracy and simplicity.

Highly accurate models may become algebraically complex, reducing interpretability.

Third, the discovered equations depend strongly on the chosen input features.

If the feature set does not contain physically meaningful variables, the resulting expression may still be dif cult
to interpret.

Fourth, symbolic regression can be sensitive to noise in the data, which may lead to unstable or non-robust
expressions.

So while it is powerful for discovering explicit relationships, it is best used in combination with other
interpretability methods.
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“Seeing” data typically corresponds to unsupervised mapping: Mapping
is a subset of machine-learning methods that focus on visualizing
high-dimensional data in human-interpretable dimensions.

Principal Components Analysis: linear
projection that nds orthogonal directions

T=XW; W=[vq::;v

where v; are the eigenvectors of the covariance
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“Seeing” data typically corresponds to unsupervised mapping: Mapping

is a subset of machine-learning methods that focus on visualizing
high-dimensional data in human-interpretable dimensions.

Multidimensional Scaling: embedding
method that nds points T that preserve

pairwise distances kt; t jk d j
O 3 = 2LNE




“Seeing” data typically corresponds to unsupervised mapping: Mapping
is a subset of machine-learning methods that focus on visualizing
high-dimensional data in human-interpretable dimensions.

t-Stochastic Neighborhood Embeddings
(t-SNE): nonlinear method that matches

T =arg mzin KL(P i kQj)

where P; and Q; are high- and low-dimensional
similarity distributions.
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“Seeing” data typically corresponds to unsupervised mapping: Mapping
is a subset of machine-learning methods that focus on visualizing
high-dimensional data in human-interpretable dimensions.

Uniform Manifold Approximation and

Project (UMAP): graph-based manifold
| embedding that optimizes cross-entropy
' between fuzzy simplicial sets

X
T=argmin  [pjlogg; +(1 p )log(l q )]
i
optimizes a cross-entropy between high- and
low-dimensional graph similarities.
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“Seeing” data typically corresponds to unsupervised mapping: Mapping
is a subset of machine-learning methods that focus on visualizing
high-dimensional data in human-interpretable dimensions.

Locally-linear Embedding: manifold method
that preserves local linear reconstructions

2
X X

T =argmin Zi Wi Zj
z
i i
preserves local linear reconstruction weights
Wi .
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“Seeing” data typically corresponds to unsupervised mapping: Mapping
is a subset of machine-learning methods that focus on visualizing
high-dimensional data in human-interpretable dimensions.

Isomap: nonlinear dimensionality reduction
that preserves geodesic (graph-based)
I distances

2
T = argmin kzi z jk d J°
i

embeds data to preserve geodesic distances
d?** on a neighborhood graph.
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Multi-objective Structure—Property Mapping

= (TIX)+(@ )(TLY)

Mapping chemical data involves competing objectives
Preserve structural diversity (geometry of X)

Capture correlations with target properties (Y)

controls tradeoff between structure and property

Embedding T re ects both similarity and prediction relevance
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Structure vs Property

Unsupervised
embeddings (e.g.
PCA, KPCA) capture
variation but not
relevance

Structure may
dominate signal
even when property
differs

PCovR introduces
supervision into the
embedding

Produces maps
aligned with
scienti cally
meaningful
variation
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Functional Group Contributions to Crystallization

Each point corresponds to a molecular fragment or motif
Color encodes contribution to stability

Blue: stabilizing, Red: destabilizing

Enables ranking of functional groups by effect

Direct link between representation and chemical insight

=} F = = DA
Rose K. Cersonsky Interpretability in Al/ML for Chemical Sciences






