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Disclosures
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I am employee and stockholder of Moderna, Inc

This presentation contains forward-looking statements within the meaning of the Private Securities Litigation Reform Act of 1995, as amended, including statements 
regarding: target product profile; efficacy and safety; and the potential for regulatory approval. In some cases, forward-looking statements can be identified by 
terminology such as “will,” “may,” “should,” “expects,” “intends,” “plans,” “aims,” “anticipates,” “believes,” “estimates,” “predicts,” “potential,” “continue,” or the 
negative of these terms or other comparable terminology, although not all forward-looking statements contain these words. The forward-looking statements in this 
presentation are neither promises nor guarantees, and you should not place undue reliance on these forward-looking statements because they involve known and 
unknown risks, uncertainties, and other factors, many of which are beyond Moderna’s control and which could cause actual results to differ materially from those 
expressed or implied by these forward-looking statements. These risks, uncertainties, and other factors include those described in Moderna’s most recent Annual 
Report on Form 10-K filed with the U.S. Securities and Exchange Commission (SEC) and in subsequent filings made by Moderna with the SEC, which are available on 
the SEC’s website at www.sec.gov. Except as required by law, Moderna disclaims any intention or responsibility for updating or revising any forward-looking 
statements in this presentation in the event of new information, future developments, or otherwise. These forward-looking statements are based on Moderna’s current 
expectations and speak only as of the date hereof.

http://www.sec.gov/
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General mRNA overview
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1. It starts with an idea

2. Digital sequence design based on propriety algorithm

3. Manufacturing of plasmid, mRNA, and LNP

4. Fill, finish, and QC

5. Biodistribution, cellular uptake, and protein expression
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Problem statement

• How to use prior knowledge to accelerate process development and give confidence of quality for new drugs 

by predicting process outcome / manufacturability

• Improved understanding and robustness during pharmaceutical development

• Patients receive new drugs earlier

• Feasibility: Large amount of data has been collected

• This presentation: Interpretable ML consistent to mechanistic understanding and evidence-based reasoning
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Another example: Universal Arrhenius behavior to support accelerated stability study of mRNA
(Not in this presentation)
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Large amount of process data has been collected from different 
programs at Moderna

Goal: Utilize the pattern recognized in process data to accelerate process development of the next program

High-throughput processes Digital apps

Data engineering pipelines 

and visualizations
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Extensive research has been done for mAbs on developability 
prediction

• First-principle computational molecular models are relatively mature for mAbs

• Hybrid approach is commonly used (HT + ML / MD + ML / …)

High-throughput | computational | machine learning

Bailly et al. "Predicting antibody developability profiles 

through early stage discovery screening." mAbs (2020)
Khurana et al. "DeepSol: a deep learning framework for 

sequence-based protein solubility prediction." Bioinformatics 

(2018)

Wang et al. "Structure and relaxation in solutions of 

monoclonal antibodies." Journal of Physical 

Chemistry B (2018)
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Scientific and regulatory challenges for ML predictive models

• Process evolution: How to transfer prior knowledge 

obtained from statistical learning models to updated 

processes?

• DoE with representative sequences for every process version?

• Using statistical learning models for inference on a 

NEW product (i.e. NEW mRNA sequence)

• Statistical learning models have limited extrapolation capability: 

How to justify it is generalizable to a NEW sequence?

• How to justify the prediction on a new product is an interpolation 

(input space or latent space) instead of extrapolation?

• Model monitoring and update

• All parameters will likely change especially for deep learning 

models – How to interpret the parameter deltas?

• Finetuning / incremental learning / federated learning on specific 

instrument?

• Moderna’s case study: Does interpretable ML 

(partially) solve these challenges?

Model robustness, generalizability, and interpretability are strongly 

emphasized in the EMA draft reflection paper on the use of 

Artificial Intelligence (AI) in the medicinal product lifecycle (2023).

2.4.1. Data acquisition and augmentation

All efforts should be made to acquire a balanced training set, 

considering the potential need to over-sample rare populations.

2.4.4. Performance assessment

Generalisability to data with different class proportions, and 

robustness in relation to uncontrolled secular trends in data.

2.4.5. Interpretability

Black box models may be acceptable in cases where developers 

substantiate that transparent (i.e., interpretable) models show 

unsatisfactory performance or robustness … feature importance 

lists, SHAP and/or LIME analyses or similar explainability 

metrics … attention plots …

2.4.3. Model development

Promote a development practice that favours model 

generalisability and robustness … sensitivity analyses with 

stratification of training data on calendar time.
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Develop an ML solution with interpretability to enable 
confidence and trust

Features of an interpretable ML solution for process development

• Glass-box model that can be inspected on inner workings

• Obeys structural knowledge of the domain, such as monotonicity, causality, structural constraints, additivity or physical 

constraints that come from domain knowledge

• Human-understandable reasoning process with actual data points / prior knowledge

Phillips et al. "Four principles of explainable artificial intelligence." NISTIR 8312 (2020)

NIST AI Risk Management Framework (AI RMF 1.0), 2023

Rudin, "Stop explaining black box machine learning models for high stakes decisions and use interpretable models instead." Nature Machine Intelligence (2019)
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ML model needs to be CONSTRAINED by process understanding

• The correlation among performance, process, and sequence originates from physics: The response commonly 

has similar characteristics across different mRNA sequences

• The goal is to use ML to identify those universal characteristics between CQA, PP, and mRNA sequence

Constrained ML model to identify pattern and get interpretability
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“Master curves” obtained by 

rescaling with sequence-

dependent factors

Raissi, Maziar et al. “Physics informed deep learning (part i): Data-driven solutions of nonlinear partial differential equations.” arXiv preprint (2017)

Karniadakis, George Em, et al. “Physics-informed machine learning.” Nature Reviews Physics (2021)

Some approaches

Constraining model form, such as 

generalized additive model (GAM)

Hybrid model (ML + mechanistic)

Physics-informed neural networks (PINNs)
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Accelerating Stability and Process Development using Universal, 
Sequence-Independent Correlation

CQAs of unit 

operation, or 

degradation 

rate

Universal correlation with 

process parameter or 

stability condition

Decoupled relationship 

with sequence attributes

Example: Arrhenius equation

Universal correlation identified from process/stability data
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(confirming) experiments and universal correlation
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Case study of a UnitOp (in silico simulated data)

How to predict the optimal process parameters for the next program?
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Strategy 1

Use single process parameter set 

for ALL sequences (conservative 

and maybe high cost)

Strategy 2

Use different process parameter 

set for each sequence (DoE 

needed every time)

S1 and S3

S2 S4

Sequence impact 

is significant
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Using machine learning to identify correlation among 
manufacturability, sequence attributes, and process parameters

Seq. Attribute 1 Attribute 2

S1 1 1

S2 0.5 1

S3 0.7 1

S4 0.7 0.6

Master curves universal to all sequences obtained from machine learning and feature engineering
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* In silico simulated data

Joined data of sequence 

attributes and experiments 

(e.g. process characterization)
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Justification of universality in CQA – CPP relationship across programs
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CQA-CPP relationship is different for each sequence

How to predict the manufacturability of the next program?

However, there is universal pattern by rescaling process 

parameters with sequence attributes: All sequences overlap into 

one single master curve that represents process understanding.
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Platform Understanding Accelerates Stability & Process Development

Universal correlation identified 

from experimental data
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Next step: Build reasoning AI around the interpretable models

Task: Recommend an optimal process for new sequence [alpha] for program [X]. What is 

the optimal [CPP1] value for [UnitOpA]? We want to fix [CPP2] to 37 so that it is 

consistent with PAR we’re used to, and because of upstream feed, [CPP3] is at least 100.

Result: The optimal [CPP1] for [UnitOpA] with given constraints is 42.

A CQA model has been built for [UnitOpA] 

consistent with prior knowledge that has following 

response curve to each process parameters.

There are 100 historical data points with similar condition and 92% of them 

give good CQA results. The experiments are listed as follows and justify PAR 

for [CPP1] of 42 to 46.

Expt. ID CPP1 CPP2 CPP3 CPP4 CQA

DH-1001 42 37 150 80 92

DH-2004 44 35 200 80 87

DH-9013 46 39 110 80 90

DH-2031 43 37 130 80 93

Justifications

Data just for illustration, not real process data * PAR: Proven Acceptable Range

Previous Program

Previous Program

New Program [X]

CQA

CPP1

42

90
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Open-source programming frameworks are ready 

for implementing an AI agent capable of:

• Understanding user’s natural language prompts

• Select the right tools (program / code / script)

• The tool can either be analysis or database query

• Execute the tools upon user provided data with arguments 

extracted from user’s prompts

• Explain what it did

• Save a log

LlamaBot

• Uploads data

• Asks questions in natural language

User Data and Prompt

• Parses intent from text

• Decides which tool to call

• Calls the tool

Tool Selection
(w Agent Framework)

• Python function is called

• Manages data context

Python Backend

• Renders PNG as downloadable 

image

• Displays text as chat bubble

UI

R Engine
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Examples: Shelf-life calculation and control charting

Traceability is key: Log and export feature allows for human verification.
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Explainable optimization algorithm for process development 
decisions

Weighted performance metrics
Introducing weight representing prior evidence

X1: Parameter to be minimized

(e.g. enzyme usage)

X2: Parameter to be 

maximized

(e.g. substrate conc.)

Past good CQA outcome

Past bad CQA outcome

Δ2

Δ1
x1

x2

Soft constraint: The design space must enclose 

sufficient and confident good CQA outcome

Digital app giving reasoning of recommendation
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Vision: Transparent and human-understandable mathematical 
formulations and algorithms
Each output is from solving mathematical problems and users can see the inner working: “glass box”

TRUST

Mathematical View

Constrained 

Optimization Problem

Individual Conditional 

Expectation Plots

Set Cover Problem 

(Mixed-Integer 

Programming)

Algorithm ViewOutput of Interpretable AI

Model is consistent to process 

understanding and universal to 

all sequences

Algorithm needs to justify 

the recommendation using 

historical data (prior 

knowledge): “We’ve done 

this before”
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Vision: Accelerated process development with ML-prediction, 
continuous experimental verification, and automatic design of 
experiments: Data based decision making for future products 

Historical 
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Model Training & 
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Model Operations

Sequence Attributes
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(Confirming) Experiments
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ELN

Automatic Design of 
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Thank you
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