
Design of combination therapies 
for tuberculosis

Bree Aldridge
bree.aldridge@tufts.edu

Tufts University School of Medicine, Dept. of Molecular Biology and Microbiology
Tufts University School of Engineering, Dept. of Biomedical Engineering

Tufts Stuart B. Levy Center for Integrated Management of Antimicrobial Resistance



TB must be treated with multidrug therapies because of 
heterogeneity

• innate (bacterial) 
• lesion



How can we prioritize drug combinations?



The vast combination space is sparsely considered in drug 
regimen design

there are good drug combinations among existing drugs
…and likely more to be found



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



Different drugs induce different morphological changes

moxifloxacin:rifampicin:

snapshot:snapshot:

M. smegmatis RpoB-GFP



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



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



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



Morphological differences in Mtb are measurable using 
high-throughput fixed-cell imaging

Smith et. al, PNAS, 2020



Bacterial cytological profiling pipeline

💻



E. coli (Nonejuie et al)

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

Nonejuie et al. PNAS 2013

M. tuberculosis



• Sample-sample heterogeneity (batch)

• Cell-to-cell heterogeneity

• Subtle features

• Nonlinear clustering

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

M. tuberculosis



Accounting for batch-to-batch and cell-to-cell heterogeneity 
with Typical Variation Normalization

TVN: D. Michael Ando, Cory McLean, Marc Berndl
https://www.biorxiv.org/content/10.1101/161422v1.full



• Sample-sample heterogeneity (batch)

• Cell-to-cell heterogeneity

• Subtle features

• Nonlinear clustering

Accounting for batch-to-batch and cell-to-cell heterogeneity 
improves clustering

M. tuberculosis

~100 features:
• nucleoid shape

• cell shape
• stain solidity
• stain intensity
• heterogeneity

• number of stained regions
• texture of staining



image segmentation
(identification of single cells)

filter out off-focus & 
misidentified cells

create feature list:
median, Q1, Q3, & IQR

feature quantification

iterative feature selection
(mRMR & backwards selection)

batch normalization 
(TVN)

classification
(KNN of PCA)

classification trial

stochastic selection of controls
(from untreated image pool)
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feature ordering
(mRMR)

evaluation
of success

trial classification
(KNN of PCA with reduced features)

70
 tr
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ls

classification consensus

tabulate consensus
of 70 trials

consensus classification
(cKNN)

MorphEUS: Morphological Evaluation and Understanding of Stress



MorphEUS: Morphological Evaluation and Understanding of Stress

💻 💻💻💻
• Sample-sample heterogeneity (batch)

• Cell-to-cell heterogeneity

• Subtle features



Antibiotics induce morphological changes that are similar within broad 
cellular targets

accuracy 94% (cross validation 76%)



Antibiotics with similar target pathways are well-grouped



*

Bedaquiline paradox: energy crisis



Bedaquiline paradox: energy crisis

rich growth (glycolysis) growth in fatty acid

bedaquiline similar to ethambutol & isoniazid bedaquiline NOT similar to ethambutol & isoniazid



Morphological profiling captures the signatures for the proximal 
cause of cellular damage



Design of multi-drug therapies

Morphological profiling 
for proximal effect



0 1Growth

Self-self Additive

Synergy Antagonism

The contour of the checkerboard is a measurement of drug 
synergy and antagonism

Murat Cokol



0 1Growth

Self-self Additive

Synergy Antagonism

Checkerboard assays are prohibitively inefficient for systematic 
study

Murat Cokol

2-way

3-way

4-way



Cokol et al., Science Advances (2017)

DiaMOND: 
Diagonal measurement of n-way drug interactions

FIC=obs/exp=1



DiaMOND can be extended to high-order interactions

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
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A compendium of drug combination potency and interaction metrics 
using DiaMOND

175 combinations
>50,000 dose response curves

Larkins-Ford et al., bioRxiv, 2021
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Drug potencies are highly dependent on the growth environment and 
pathway of action



Drug interactions are dependent on the growth environment



Metrics of drug interactions and potencies from DiaMOND combination 
dose response curves



Can combinations of in vitro metrics predict in vivo outcomes?

• Trained on 27 combinations
• Tested on 19 combinations

Outcomes in BALB/c 
relapsing mouse model

C0: SOC or worse
C1: better than SOC



Unsupervised, in vitro DiaMOND data distinguishes outcomes in the 
BALB/c relapsing model



Potency metrics in lipid-rich and acidic environments drive classification 
of relapse outcome



A suite of simple in vitro models can be used for predictive drug 
response measurement

Top classifiers using subsets of simple growth conditions:

Relapsing mouse model
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Systematic in vitro measurement
Validated in vitro models

Potency measures

Morphological profiling 
for proximal effect
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