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In comparative terms, unsupervised machine
learning is far less frequently used than
supervised machine learning for structuring
small-molecule data.



How can the validity of a proposed clustering be assessed?

e Internal and external validation
o Stability / replicability

e Relative validation



Internal validation

Internal Cohesion
Within Cluster

External Separation
Between Clusters

b(i) — a(i)
max{a(i), b(i)}

S@) =

a(i) is the average distance
between element i and all the
other elements within its own

cluster, while b(i) is the average
distance between i and the
elements of the nearest cluster
(excluding its own)



Relative validation
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Conclusion 1

The ability of an algorithm to cluster, classify, etc. (and the results it
produces) will fundamentally depend on the features (feature space) used
to perform these tasks.

Corollary: there would be no such thing as a “natural” clustering (?)
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Conclusion 2

Obtaining subclusters is sometimes useful

[especially when working with large sets of elements to be clustered]
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Conclusion 3

From time to time, unexpected features may yield useful clusterings

[even if we fail to fully elucidate the underlying logic]
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Conclusion 4

When two objects (e.g., molecules) consistently group together across
multiple feature subspaces, their co-localization may carry special
significance.



Summarizing

e Different feature spaces may provide different results

e |terative clustering may be productive to structure big data

e Unsuspected features may sometimes be useful

e The consistency of a data structure across different feature subspaces or algorithms could be

meaningful.
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Se -Ya
Se -Ya+(1—-Sp)-(1 — Ya)

P(A) =

P(A): positive predictive value - probability that an in silico hit will confirm the predicted activity in vitro
Se: sensitivity, true positive rate
Sp: specificity, true negative rate

Ya: yield or proportion of active compounds in the screened chemical library (Ya is unknown a priori)



What should | compare the performance
of a virtual screening protocol to?

In HTS campaigns, the empirical Ya (for non-focuse chemical libraries)
averages 0.002-0.004

P(A)=023 (Sp=0.99y Se = 1)

Samrat et al. Emerg Microbes Infect. 2023, 12, 2204164
Wu et al. Bioorg Chem. 2023, 139, 106726

Rath P et al. Nat Commun. 2023, 13, 5648

Aseeri et al. ] Enzyme Inhib Med Chem 2023, 38, 343-348
Perveen et al. SLAS Discov. 2021, 26, 620-627
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