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Forward Looking Statements

This presentation contains “forward-looking statements” within the meaning of the Private Securities Litigation 
Reform Act of 1995, including statements regarding future expectations, plans and prospects for the company; 
the ability to successfully achieve and execute on the company’s goals; anticipated benefits of and strategies 
and expectations for the company’s programs; programs; and other statements containing the words 
“anticipate,” “believe,” “continue,” “could,” “estimate,” “expect,” “intend,” “may,” “plan,” “potential,” “predict,” 
“project,” “should,” “target,” “would,” “working” and similar expressions. Any forward-looking statements are 
based on management’s current expectations of future events and are subject to a number of risks and 
uncertainties that could cause actual results to differ materially and adversely from those set forth in, or 
implied by, such forward-looking statements. These risks and uncertainties include, but are not limited to, risks 
associated with the company’s ability to advance its programs and other enabling technologies on the timelines 
expected or at all; manufacture sufficient quantities of our drug product in a timely manner and maintain 
adequate supply to support our clinical development and potential commercialization; obtain, maintain or 
protect intellectual property rights related to its product candidates; manage expenses; and raise the 
substantial additional capital needed, on the timeline necessary, to continue development of its 
programs achieve its other business objectives and continue as a going concern. For a discussion of other risks 
and uncertainties, and other important factors, any of which could cause the company’s actual results to differ 
from those contained in the forward-looking statements, see the “Risk Factors” section, as well as discussions 
of potential risks, uncertainties and other important factors, in the company’s most recent filings with the 
Securities and Exchange Commission. In addition, the forward-looking statements included in this presentation 
represent the company’s views as of the date hereof and should not be relied upon as representing the 
company’s views as of any date subsequent to the date hereof. The company anticipates that subsequent 
events and developments will cause the company's views to change. However, while the company may elect to 
update these forward-looking statements at some point in the future, the company specifically disclaims any 
obligation to do so.



© 2026 Solid Biosciences  

4

Why should you care about pH, DO, and pCO2?
 They tend to vary as you scale-up your bioreactor, impacting PQ!

Google Scholar: >250K publications on the impact of scale-up upon product quality. 
Established literature is mAb centric. Literature considering gene therapy is limited.
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• Evaluate process sensitivity by directly or indirectly 
manipulating pH, pCO2, or DO profile.

• Determine impact to batch performance at harvest via 3 assays.
• ddPCR yield
• Multiplex ddPCR: Genomic Integrity 

• 2 primers used simultaneously to verify that the genome is complete
• Full Capsid Ratio: ddPCR/Capsid ELISA

• High-throughput method that overestimates on an absolute basis, 
but predictive on relative basis

So pH, DO, pCO2 matter…what to do about it? 
We executed 24 related batches with goal to:
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Our experiments are rich with data!  Below are the 3 small-scale platforms we use with relative 
advantages and disadvantages.

Why is Process Development uniquely poised to leverage ML?
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Product quality predictions are complex. What can machine learning 
offer?

Predictive Modelling

• Predict outputs such as GOI ddPCR titer, full ratio (GOI ddPCR/Capsid ELISA), and multiplex ddPCR genomic integrity
• Enable “what if” questions to be answered without the need for added experiments. 

Batch Normalcy 
Detection

• Determine normal batch to batch variability
• Determine whether or not a given batch is performing normally

If you do predictive modeling, don’t waste this opportunity to assess batch normalcy (using same dataset)!
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Why is it a challenge to apply ML to process development?
 What shortcomings are common when applied?

Mismatch

Predict outcome with 
separate models 
(even though data 
sets inherently 
related)

Predict outcome with 
unbalanced model with 
~1000x the continuous data 
for a given variable as 
compared to discrete

Oxygen Flowrate [Glucose] Example of Measurement
Oxygen uptake rate 

(OUR)
Glucose 

consumption Relevant cell-specific flux

Note: Each observation is an individual recorded data point provided to the model.

Common shortcomings:
The challenge: 

Sample Frequency divergence
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Leverage entire data set, not a subset

Solution: Hybridize your datasets using metabolic flux analysis

LAC - (M2, OPLS), All Batches PI Spline

ASGCT_Combo_Spline_30Mar2026
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Level playing field: Same dataset for all models. 24 batches x 180K variables.

Multivariate predictions by 3 ML models

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

pCO2 pO2 Viable Cell Density (VCD) Viability Glutamax ASN ASP GLC GLU K LAC LDH Na NH3 Pyruvate Osmolality

17 18 19 20 21 22

DO pH Temperature CO2 Flow Rate Base Flowrate O2 Flowrate

1) Hybridized dataset (discrete->continuous)

2) Online dataset (continuous by nature)

ML Model Orthogonal Partial Least 
Squares (OPLS)

Random Forest (RF) Bayesian Neural 
Networks (BNN)

3) Batch performance
24 batches insufficient

23 24 25

ddPCR titer Capsid Full Ratio Genomic Integrity



© 2026 Solid Biosciences  

11

Out of ~180K variables, what are the top 1% of ddPCR harvest titer correlates? When 
do they matter?

• [Glutamax] most relevant in 36 hours prior to Transfection. Lower the glutamax, higher the titer.
• Second most significant in Random Forest (RF), most significant in Orthogonal Partial Least Squares (OPLS). 

ASGCT_Combo_Spline_30Mar2026 (M21, OPLS, BLM), Titer Y, 10%

Colored according to values in DS8.Var ID ($MaturityID)
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ASGCT_Combo_Spline_30Mar2026 (M4, OPLS, BLM), Genomic Integrity Y

M2

Colored according to $SourceID
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[Potassium] ([K]) was a significant factor in all 3 ML models.  [K] correlated with genomic integrity most strongly 1-2 days 
post transfection (period of peak ddPCR productivity ). Higher [K], higher genomic integrity.

What are the top 10% of genomic integrity correlates? When do they matter?

K makes up ¼ 
of the top 10% 
correlates
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ASGCT_Combo_Spline_30Mar2026 (M3, OPLS, BLM), Full Ratio Y

Colored according to $SourceID
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When examining top 10% of correlates in Orthogonal Partial Least Squares, Glutamax and Potassium (K) make up 70% of it. 
Lower [K] or [Glutamax], higher capsid full ratio. Likewise, Random Forest highlighted the importance of these variables.

What are the top 10% of capsid full ratio correlates? When do they matter?

• Less Glutamax and more ammonia, around the time of transfection,  
observed to correlate with higher full ratio.

• NH3 is a byproduct of Gln catabolism. This suggests that Glutamax 
provision positively influences the full ratio.

[Glutamax] [K]

[NH3]

K negatively impacts full ratio while positively 
impacting genomic integrity? 
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Conclusions and recommendations for applying ML

• When applying ML, context matters! pH, DO, pCO2 might not correlate with PQ directly, but they directly drove 
downstream metabolism which did correlate! 

• We applied 3 ML approaches in parallel. Corroborative data is invaluable and tangible with ML. 

• ML offers correlations, not causations. Logical deduction and systematic understanding remain crucial to 
successfully leveraging ML.

• Higher glutamax decay/consumption positively corresponded with yield and full ratio. Conversely, higher ammonia 
did not negatively correlate with yield or full ratio. At some point, ammonia will become toxic, but that limit was not 
observed at 2-3mM. Additional glutamax provision has the potential to improve full ratio and titer and merits future 
exploration.

• Potassium positively correlated with genomic integrity but negatively correlated with full ratio? Within similar 
window of time? Corroborative assessment needed (e.g. AUC) given that ddPCR  to Capsid ELISA tends to 
overestimate full ratios. If conflict can be addressed, given the reported correlation of genomic integrity to potency 
within literature, and observed correlation of potassium to genomic integrity, future exploration is merited.
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