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Outline

e Current state of the art in using models, data analytics, and
machine learning

e Looking to the future in process models and data analytics



Current State of the Art in Process Development

) . o ] Major Cost Saving (Capex & Opern)
» Greatly increased understanding & optimization of Smaller Equipment | Plant

each unit operation, exploiting process intensification T ——

Safer Processes

« Automated high-throughput PI
microscale technology for High Selectivity

Operational Excellence

fast process R&D

Less waste / by-products

QbD (Quality by Design)

* Plug-and-play modules
w/integrated control & monitoring
to facilitate deployment

Process flow diagram
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* Dynamic models (w/uncertainty) for unit operations g —a—

HEX = heat exchanger (countercurrent)

for automated plant-wide simulation & control design =~ e

Nonlinearity

e Autonomous/smart data analytics/machine learning

All strategies based heavily on models

RNN
I N - ] - ] RR, elastic net SSARX CVA, MOSEP,
I Pl image from pi-inc.co; puzzle from web; other images from Braatz & R Ram pubs PLS, sparse PLS SSARX

CVA, MOSEP, Dynamics



Many published applications of the strategies
to pharmaceutical manufacturing

e Costs reduced
by ~50%

* Methods are
being applied in
the pharma
Industry*

S Mascia et al., Angewandte Chemie, 52, 12359-12363, 2013; Highlight in Nature, 502, 274, 2013
* E Igten et al., AIChE Annual Meeting, 2019
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Many published applications of the strategies
to pharmaceutical manufacturing

An automated molecular synthesizer produces, purifies, and
characterizes using flowsheet models, process intensification,
optimized plug-and-play fluidic modules, and feedback control
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Demonstrated for 15
drug products in 2019

Software tools
being used by
academia and
companies,
Pies  Mipds.mit.edu/
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I I pp— C Coley, ..., T Jamison, K Jensen, Science, 365(6453), 2019


https://mlpds.mit.edu/

Current State of the Art in Process Development

» Greatly increased understanding & optimization of
each unit operation, exploiting process intensification

Major Cost Saving (Capex & Opern)
Smaller Equipment / Plant

Short time to the Market

Safer Processes

« Automated high-throughput
microscale technology for
fast process R&D

Pl

* Plug-and-play modules
w/integrated control & monitoring
to facilitate deployment

High Product Purity

High Selectivity

Operational Excellence

Less waste / by-products

QbD (Quality by Design)

Process flow diagram
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* Dynamic models (w/uncertainty) for unit operations o —

for automated plant-wide simulation & control design

e Autonomous/smart data analytics/machine learning

Collinearity

HEX = heat exchanger (countercurrent)
MPC = model predictive control (to speed startup)

Nonlinearity

DALVEN, RN

RNN

CVA, MOSEP, Dynamics

I N - ) o ) RR, elastic net SSARX CVA, MOSEP,
I Pl image from pi-inc.co; puzzle from web; other images from Braatz & R Ram pubs PLS, sparse PLS SSARX



Current status of process data analytics in
the pharmaceutical industry

Process
knowledge
Makg E Build process S Use models
assumptions models

1

Process data
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I I I I Adapted from David Blei



Current status of process data analytics in
the pharmaceutical industry

Domain

' Data analytics
knowledgej h Algorithm Y
l, Prediction, ¥,,+1
Data m

Evaluation

expert
Measure Of Success

H .
I II I Based on L. Kaelbling’s lecture on September 2014 and K. Severson’s lecture on May 2018




Selecting the best data analytics tool

e A substantial level of expertise is required to select
the best data analytics tool for a particular application

* Tools come from chemometrics, applied statistics,
pattern classification, computer science, etc.

* In practice, users apply the tool(s) that they know,
which can produce suboptimal results

e The alternative is a systematic approach for process
data analytics tool selection that allows the user to
focus on objectives rather than methods




Alternative 1: Selecting the best of many models
by minimizing observed cross-validation error

Consider a process y =0+ x + 0.5x%2 + 0.1x3 + 0.05x* + ¢ with 30 samples

The data were fit to four types of models:

1) 2" order (y = ax + bx? + k, biased) ©

2) 4" order (y = ax + bx* + cx® + dx* + k, unbiased) 2 0.6
3) polynomial order of 1 to 10 selected by MCCV 5 0.41 u.nb|ased model
_ S —— biased model

4) polynomial order of 2 and 4 selected by MCCV 0.21 — v
— cv limited order
0.0 | . . .

0 50 100 150 200
noise level

Key takeaways:

*Selecting over many methods results in larger true prediction errors

* The best method for a specific problem depends on the specific data characteristics

* Pre-select a small number of methods known to be suitable for the data and type of application



Alternative 2: Select best-in-class method based
on the problem type and data characteristics

Preprocessing
 First interrogate the dataset to training data
ascertain its characteristics !

Assess nonlinearity

e Second, apply the best-in-class

DA/ML methods for data with !
those characteristics Assess multicollinearity
.
—> Model fitting
Il

Assess dynamics
and heteroscedasticity




Alternative 2: Select best-in-class method based
on the problem type and data characteristics

Black box/dense: kSVR, RF
Interpretable/sparse: ALVEN

* ARMAX = autoregressive moving

average with exogenous input N0n|inea rity

* CVA = canonical variate analysis

* SVR = support vector regression
* ALVEN = algebraic learning via elastic net

¢ RF = random forest

* PLS = partial least squares SVR. RF
74

ALVEN

DALVEN,
RNN

* RR =ridge regression

* NCVA = nonlinear CVA

* NARMAX = nonlinear ARMAX
* NRCVA = nonlinear regularized CVA

DALVEN,
RNN

Collinearity CVA, MOSEP. Dynamics
Black box/dense: PLS, RR SSARX CVA, MOSEP,
Interpretable/sparse: SSARX

sparse PLS, elastic net Sun, Braatz, FOPAM, 2019

PLS = partial least squares; RR = ridge regression; SVR = support vector regression; RF = random forest;
I [ B kSVR = kernel support vector regression; CVA = canonical variate analysis; SSARX = subspace ARX
I I I ALVEN = algebraic learning via elastic net for nonlinear modelling, RNN = recurrent NN 12



Case study: Biopharmaceutical monoclonal
antibody manufacturing CQA prediction at Biogen

Media
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Cell bank
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Outperformed PLS,

PCR, and RSM for
a mADb at Biogen

Protein A Column Outputs

] IIH I

DM Total Impurity HWW
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Anion Exchange Column Qutputs

HCP Total Impurities HMW

[ — PCR BRI PLS T _JENWMC

K Severson et al., in Multivariate Analysis
in the Pharmaceutical Industry, Elsevier,

Chapter 12, 2018 13



Current State of the Art in Process Development

) . o ] Major Cost Saving (Capex & Opern)
» Greatly increased understanding & optimization of Smaller Equipment | Plant

each unit operation, exploiting process intensification T ——

Safer Processes

« Automated high-throughput PI
microscale technology for High Selectivity

Operational Excellence

fast process R&D

Less waste / by-products

QbD (Quality by Design)

* Plug-and-play modules
w/integrated control & monitoring
to facilitate deployment

Process flow diagram
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Nonlinearity

e Autonomous/smart data analytics/machine learning

All strategies based heavily on models
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State-of-the-art process development strategies
support all stages of process validation

“Process validation is the analysis of data gathered throughout the
design and manufacturing of a product in order to confirm that the
process can reliably output products of a determined standard”

1. Process design gathers and analyzes data during process
development to define the commercial manufacturing process

2. Process qualification confirms quality and output capabilities for
all production processes and manufacturing equipment

3. Continued process verification (CPV) is the ongoing collection and
analysis of end-to-end production components and processes
data to ensure product outputs satisfy quality limits




Outline

e Current state of the art in using models, data analytics, and
machine learning

e Looking to the future in process models and data analytics




Knowledge pyramid favors 15t principles

e Best models are usually hybrid

e Expect to see better ways
to combine DA/ML with
first-principles models

First
Principles

Increasing

knowledge Mechanistic

Understanding

MV Data-based Models
Empirical Understanding

Decisions based on
Univariate Analysis

Data Derived from Trial-and-error
Experimentation

H .
III I Adapted from Basic Principles of GMP, World Health Organization, May 2008



Broadening the scope of data analytics and
machine learning in pharma applications

 All data brought into one database
for easy access

Plant-level Optimize e Correlate plant data to off-line

operational _ EESTIEEI AT d i
data T product quality specs

allocation e Connect product quality data to
the supply chain

Optimize
production
scheduling

e Quickly find causes of off-spec
Early, Root cause product (e.g. raw materials,

automated analysis 'FOI" Operator error)
quality Predict low quality .
detection machinery output * Propose design or control changes

maintenance to reduce operational problems
needs

e Optimize raw material selection

 Design predictive maintenance
schedules

* Facilitate continuous improvement

U 18



Broadening the scope of data analytics and
machine learning in pharma applications

Utilize ecosystem data to
connect customer needs to
manufacturing data

U LI Utilize plant-wide data (numerical,

PLANT / FACTORY / FAB ® textual) to optimize operational

models

PROCESSES

Automated data archiving stores
? data for process modelling and
analysis, for improved monitoring

= =
” g ‘/ ll ‘/ ll Consistent and control

~, production

=
PRI ‘/ ll ‘/ ll of quality .

- R product Use all available data to ensure
v v product quality specifications are

met

Upstream Downstream

Objectives: Diagnostics/Prognostics, Continuous Improvement, and Optimal Decision Making



Increased use of tensorial datastreams

b (blue) and g (red) mannitol
concentrations in lyophilized
samples by NIR chemical imaging

LC-MS is becoming more powerful, less
expensive, and easier to implement

—_—

nsity | Chromatogram

Mass spectra of resolved peaks

With autosamplers, allows dynamic
measurement from
small molecules to protens

50 100 150 200 250 300

Ilil- Brouckaert et al., Analytical Chemistry, 90, 4354-4362, 2018



Summary

e Current state of the art in using models, data analytics,
and machine learning

e Key to strategies for accelerating process development
e Systematic approaches to DA/ML method selection are available

e Supports all stages of process validation

e Looking to the future in process models and data analytics

e Expect to see better ways to combine
DA/ML with first-principles models

e Broadening the scope of data analytics and
machine learning in pharma applications

* |ncreased use of tensorial datastreams



Extra Slides
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Industry 4.0, aka Smart Factory

“the current trend of automation and data exchange

that includes cyber-physical systems, Internet of
Things, cloud computing, and cognitive computing”

Smart machine

Smart services

Condition monitoring

Predictive maintenance Remote control

e
\(Go\ar CO]) (o)

(& /2 Central computer

7| 4.0 N MES

ﬂ" Intelligent user

interfaces
Data-exchange

Virtual machines @ Self-optimising

Individualisation

7

Online services

Remote
maintenance

fraceability

Smart production

Dirk Decker, VDMA
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Selecting the best of many models by using
cross-validation overfits data

Consider a process y =0+ x + 0.5x%2 + 0.1x3 + 0.05x* + ¢ with 30 samples

The data were fit to four types of models: _ :}:Z_

1) 2" order (y = ax + bx? + k, biased) % 0.

2) 4t order (y = ax + bx? + cx3 + dx* + k, unbiased) ; 04 —— unbiased model

3) polynomial order of 1 to 10 selected by MCCV = 0.2 _ E\I,ased model

4) polynomial order of 2 and 4 selected by MCCV 0.0- —« limited order
100

0 50 150 200

noise level
Key takeaways:
*The best model for a specific problem depends on the specific data characteristics

*Pre-select a small number of methods known to be suitable for the type of application
Smart Process Analytics combines best practices with interrogation of data properties



Nested cross-validation for robust method selection and error estimation

 Monte Carlo cross-
validation to minimize
Fold 1 Training Test overfitting

Fold 2  k-fold cross-validation
(never use leave-one-out)

Fold 3 —

» Nested cross-validation to
Fold 4 estimate model prediction
error

Fold 5 |

3 » Block Monte Carlo reduces
effects of biased data (and
can find such data)

Fold 1

Fold 2 Inner Loop
1. Tune hyperpe  Data sufficiency should be
repeated K-fo assessed

Fold 3 —

Fold 4

Fold 5

H
IIIII W. Sun, R.D. Braatz, FOPAM 2019 25



Alternative 2, Step 1: Interrogate the dataset to
ascertain its characteristics

Preprocessing
training data

!

Assess nonlinearity

+

Assess
multicollinearity

L

: Model fitting

!

Assess dynamics
and heteroscedasticity
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Smart Process Data Analytics (for prediction)

Black box/dense: kSVR, RF

Nonlinearit {
y Interpretable/sparse: ALVEN

SVR, RF
ALVEN

DALVEN,

RNN
DALVEN,

RNN

Collinearity CVA, MOSEP. Dynamics
Black box/dense: PLS, RR SSARX CVA, MOSEP,
Interpretable/sparse: SSARX

sparse PLS, elastic net

PLS = partial least squares; RR = ridge regression; SVR = support vector regression

I . SVR = kernel support vector regression; NRCVA = nonlinear regularized canonical variate analysis
I \I/Ii-m & R.D. Braatz, FOPAM, 2019 ALVEN = algebraic learning via elastic net for nonlinear modelling



Optimal se
su

NFDA
QDA

ection of data analytics methods for

DTW feature-QDA

nervised classification (v1.0)

Nonlinearity

K-Nearest Neighbors
(KNN), Random Forest
(RF), SVM * NNDTW = neural network DTW

* DTW = dynamic time warping

* FDA = Fisher discriminant analysis

* CVA = canonical variate analysis

* QDA = quadratic discriminant analysis
* NFDA = nonlinear FDA

* SVM = support vector machine

NNDTW

NCVA-FDA,

M)

Normality
FDA

() Dynamics
CVA-FDA DTW feature extraction

DTW feature-FDA



ALVEN: Algebraic Learning via Elastic Net for Nonlinear Modelling

|. Data Collection (1) Nonlinear Basis Expansion
P - X1Xp X1 X/ Xn/X5%1 X, ) ) )
ol 1 Nonlinear transformation family
__ (up to 3" order)
BT ,- : 1
M |T|| » oo e Basic: x,/x, log X,
X - y ] | « Single feature interaction: xl-S,M%,
CPPs CQA X O(X) * Feature interaction: x;x,
g (2) Feature Pre-screening (3) Sparse Regression (EN)
Il. Model fitting A LT : R e :
o _ |
= ||+ U | Un | B
1 | y 0(x) y o(x)
Yy O(X) Univariate test f =7 izrz (n—2) Feature selection with cross validation

ALVEN provides model prediction for a nonlinear process with interpretability.
Especially useful when limited data are available.

H
IIII W. Sun, R.D. Braatz, FOPAM 2019 29



Case study: Biopharmaceutical mAb
manufacturing modeling at Biogen

* Application: model critical quality attributes in a monoclonal
antibody production process

 Modeling goal: understand the parameters that affect product
qguality, for use in control

 The approach selects elastic net as the data analytics tool,
which outperforms the response surface methodology and PLS
methods commonly applied in the biopharma industry

H
Il I I K. Severson, ..., R.D. Braatz, CACE 2015



Production-Scale Data for a mADb

Media :
preparation §

: Tlask |[fj  Shake
MVCE vial Ishake flask [ flaskiwave

thaw steps bioreactor [

|<— Inoculum

Vial thaw and inoculum Seed
expansion bioreactor

Cell Cultung

Primary recovél"f —>|

Cell and cell debris removal

Production
bioreactor

Filter ctf.rom::ni:é;rapfh Fi-l tW(:hmm:l::::ldgra|:|h3||- ;I_W;'
@ 888 T g8a %
t N EEEL } 1 [T
Column 0.2pm
gu:rd . ; guard ——
Protein A affinity chromatography Polishing chromatography #1

'- - -l'|
: T : Filter
h ] ! Bulk Drug
! Substance
it _ FIDF
Viral filter ! e j 0.2um
Polishing Viral filtration Final fill

chromatography #2

Shukla , Thommes. Recent advances in large-scale production of monoclonal antibodies and related proteins, Trends in Biotechnology, 2010
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Production-Scale Data

2.5
ol S % R R K Pk ke
15l | not a factorial design
c Sob b HOHE R bRk % z-scored data
= _
5 1 ko RRCHR # static data
o
3 small dataset
2 0.5+ .
£ S RROR R BHOE ¢ % %
S ok o ek
of |
-0.51 + 7
-1, 1 0 1 2 3 4
Possible Input Variables
K. Severson, ..., R.D. Braatz, CACE 2015 32



Method Selection

e Goal: Find most accurate model for predicting CQAs

e Data interrogation indicates collinearity
so apply a method from here

Nonlinearity

e Use elastic net (EN) to
throw out bad inputs & SR R
enable interpretability ALVED

DALVEN,
RNN

DALVEN,
RNN

* Cross-validation via

Collinearity D i

. CVA, MOSEP, ynamics

MOnte Ca rIO Sampllng RR, elastic net SSARX CVA, MOSEP,
PLS, sparse PLS SSARX

H
Il I I K. Severson, ..., R.D. Braatz, CACE 2015



Prediction error using all upstream inputs

Bioreactor Outputs
0.7 r .

0.6

RMSE

G0 Preduct Quality Final Titer DMNA HCF

Cation Exchange Column Ouputs
0.7 ;

RMSE

HCP Total Impurities HMW

I I I i I- K. Severson

Protein A Column Outputs

0.8

RMSE

DMA HCP Total Impurity HMW

Anion Exchange Column Outputs
0.6 ;

RMSE

HCP Total Impurities HMW

| N PCR [ PLS [ ENwlIC]

., R.D. Braatz, CACE 2015 34



Full Process vs. Modular

 Modular process model restricts the input variables to only the inputs to the
unit operation and the output of the previous unit in which data are available

Full Process Model Modular Process Model
Model Model
CQA Input RMSE Input RMSE
QAs Coeff. nputs Coeff. nputs
Total impurity exitin
GO product quality, ki N &
i : CEX, HMW exiting
HCP 3 antibody conc. entering | 0.26 3 , 0.58
, CEX, antibody conc.
Protein A, VCD F4 ,
entering AEX
Total impurity exiting
) i Protein A, N-1 run Total impurity exiting
Total t 4 0.37 1 0.65
otal impurity duration, final % viability, CEX
HMW exiting Protein A
High molecula
'gh molectiar Final % viability, HMW HMW exiting CEX,
weight impurities 2 " : 0.11 2 _ 0.23
(HMW) exiting protein A AEX column loading

e Most accurate CQA predictions obtained by using bioreactor data as inputs

H
Il I I K. Severson, ..., R.D. Braatz, CACE 2015



Summary of Case Study

e Sparse modeling tools such as elastic net can more accurately
predict CQAs than response surface methodology and PLS

e Thorough cross-validation should be carried out, to construct
models with the highest prediction accuracy

 Maintain traceability in the dataset to capture correlations
between upstream operations to downstream product
attributes
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