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TB must be treated with multidrug therapies because of
heterogeneity
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How can we prioritize drug combinations?

single drug multi-drug

unexplored combination space




The vast combination space is sparsely considered in drug
regimen design

single drug

multi-drug

unexplored combination space
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& there are good drug combinations among existing drugs
1 ...and likely more to be found
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The idea: prioritize combinations for animal studies based on practical
systematic /in vitro measurement

single drug multi-drug

unexplored combination space
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Different drugs induce different morphological changes

rifampicin: moxifloxacin:

snapshot: snapshot:

M. smegmatis RpoB-GFP



Can we rapidly capture these morphological changes to classify drugs
with similar pathways of action?

Untreated letracycline, P1 Rifampicin, B1 Inclosan, L1

Bacterial cytological profiling rapidly identifies the
cellular pathways targeted by antibacterial molecules

Poochit Nonejuie®, Michael Burkart®, Kit Pogliano®, and Joe Pogliano®’

Ciprofloxacin, D1

Division of Biological Sciences, University of California, San Diego, CA 92093; and PDepartment of Chemistry and Biochemistry, University of California,
San Diego, CA 92093

Edited by Christopher T. Walsh, Harvard Medical School, Boston, MA, and approved August 22, 2013 (received for review June 10, 2013) Ampicillin, C3

Identifying the mechanism of action for antibacterial compounds = MMS assays suffer from low resolution, low accuracy, and
is essential for understanding how bacteria interact with one an-  relatively low throughput.

Trever Smith, PhD Krista Pullen Michaela Olson Morgan McNellis



Can we rapidly capture these morphological changes to classify drugs
with similar pathways of action?

ethambutol rifampicin moxifloxacin

M. smegmatis




Morphological features in drug-treated Mtb are subtle and
extremely variable

ethambutol rifampicin moxifloxacin

M. smegmatis

M. tuberculosis




Morphological differences in Mtb are measurable using
high-throughput fixed-cell imaging
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Bacterial cytological profiling pipeline

treat fix & stain HTP/HC imaging Image analysis classification
(feature extraction) (principal component analysis)
) (=) o N -
membrane °
nucleoid ¢ °® e
® ° ® R




Mtb samples cannot be classified by drug mechanism of action
using the standard pipeline

M. tuberculosis
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Mtb samples cannot be classified by drug mechanism of action
using the standard pipeline

M. tuberculosis
0.4

- Sample-sample heterogeneity (batch) O |
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 Cell-to-cell heterogeneity

PC2 23.3%

« Subtle features

* Nonlinear clustering 0.8
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Accounting for batch-to-batch and cell-to-cell heterogeneity
with Typical Variation Normalization
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Accounting for batch-to-batch and cell-to-cell heterogeneity
improves clustering

M. tuberculosis
15
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MorphEUS: Morphological Evaluation and Understanding of Stress

feature quantification classification trial classification consensus
"2
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MorphEUS: Morphological Evaluation and Understanding of Stress
* * *

treat fix & stain HTP/HC imaging Image analysis expanded feature set stochastic simulation
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Antibiotics induce morphological changes that are similar within broad

cellular targets
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Antibiotics with similar target pathways are well-grouped
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Bedaquiline paradox: energy crisis
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Bedaquiline paradox: energy crisis

rich growth (glycolysis)
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Morphological profiling captures the signatures for the proximal
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Design of multi-drug therapies

multi-drug

single drug

unexplored combination space

Morphological profiling
for proximal effect




[Drug Y]

The contour of the checkerboard is a measurement of drug

synergy and antagonism

synergy

antagonism

Additive (null model) Synergistic Antagonistic

[Drug X] —»
[Drug Z] —»

[Drug Y] =

[Drug X] =—> [Drug X] =—» [Drug X] =—»

[Drug X]
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Checkerboard assays are prohibitively inefficient for systematic



DiaMOND:
Diagonal measurement of n-way drug interactions

Additive (null model) Synergistic Antagonistic

[Drug Z] —»

K , |
[Drug X] = [Drug X] = Drug X] =—»

H

DiaMOND's single-drug and combination dose responses:
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Cokol et al., Science Advances (2017)



DiaMOND can be extended to high-order interactions

[drugY]

Cokol et al., Science Advances (2017)
Katzir et al, PLoS Computational Biology (2019)



The idea: prioritize combinations for animal studies based on practical
systematic in vitro measurement

drug combinations stress conditions dynamic dose responses
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(1) vast space was not practical to systematically explore
(2) lacked standardized methods to map in vitro to animal studies



A compendium of drug combination potency and interaction metrics
using DIaMOND

drug combinations stress conditions dynamic dose responses
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>50,000 dose response curves

Jonah Larkins-Ford Nhi Van Yonatan Degefu Talia Greenstein Michaela Olson Larkins-Ford et al., bioRxiv, 2021



Drug potencies are highly dependent on the growth environment and
pathway of action
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Drug interactions are dependent on the growth environment
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Metrics of drug interactions and potencies from DiaMOND combination
dose response curves
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Can combinations of in vitro metrics predict in vivo outcomes?
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Unsupervised, in vitro DiaMOND data distinguishes outcomes in the
BALB/c relapsing model
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Potency metrics in lipid-rich and acidic environments drive classification
of relapse outcome
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A suite of simple in vitro models can be used for predictive drug

model metric
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