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PharmaMV
Process Control & Monitoring

Cloud/Local

* Inthelab, PharmaMV canactas a Database

SCADA/HMI to pull control and monitoring
of discrete pieces of equipmentintoa single
interface ,,
 allowing ALL data to be accessed from Paarmatt
a single interface and used in modelling
and process understanding

(
Data-driven : : Spectral
1
g

1
|
Models E : Models Calibration
- In routine manufacturing, PharmaMV sits on APC [ crocess ][ PAT ] [ rao ]
top of a SCADA pooling parametric and
PAT data and using this to control process UPSTREAM I

Raw Process Package /
Materials Consumer
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Model Predictive Control — Level 1 Control Strategy
What does it mean?

APC or Model Predictive Control understands process constraints and complex process interactions

* Build multivariate Models between Critical Process Parameters (CPP) and Critical Quality Attributes (CQAS)
* Predict and compensate for the impact of known disturbances such as raw material variability (CMAs)

* Predict, Advise, Make co-ordinated control moves on multiple CPPs
* Exploit all opportunities to maximise product quality and process robustness

Level 1
Control

Predictive Control

m U.S. Food and Drug Administration www.fda.gov
Protecting and Promoting Public Health

State of control will depend on

the control strategy

implementation

* Level 1: Active control system
with real time monitoring of

Constraint

process variables and quality

attributes n n
+ Level 2: Operation within O- f

established ranges Level 2

(multivariate) and confirmed /e‘é‘ﬁﬁ‘fg‘é‘;'&?,‘;ﬂtﬁigﬁgﬁﬁb“’\\

with final testing or surrogate

models. / ‘ Level 3 A
: : et esng = lohl i R
« Level 3: Unlikely to be RO o 0 Do ek \

operationally feasible for
addressing natural variance in - Control Strategy Implementation Options'
CM without significantend

prOdUCt testing. 2.Yu,L et al AAPSJ.2014 Vol. 16 771-783 12

Critical Quality Attri

Time

Predictive Engine:
predicts the impact of process
disturbances
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ADVANCED DIGITAL DESIGN OF PHARMACEUTICAL THERAPEUTICS

Application of hybrid models for
Advanced Process Control of a
Twin Screw Wet Granulation Processes

Aparajith Bhaskar(®), Dr Furgan Tahir(®), John Mack(1),
Dr Dana Barrasso ?), Dr Gavin Reynolds(3

1. Perceptive Engineering Ltd., Daresbury, UK
2. Process Systems Enterprise (PSE) Ltd., London, UK
3. AstraZeneca plc, UK

Confidential © Perceptive Engineering

Digital Design for Advanced Process Control

www.PerceptiveAPC.com



A consortium for taking technology from medium to high TRL!

Pharma Primes

AstraZeneca %Z% Bristol-Myers Squibb @ZlaxoSmithKline @

SMEs

PERCEPTIVE -
ENGINEERING

Research

ij: UNIVERSITY OF University of %
¥ CAMBRIDGE UNIVERSITY OF LEEDS Strathclyde
Glasgow

( c )( & Hartree Centre
' Science & Technology Facilities Council

The Cambridge Crystallographic
Data Centre

ADD®PT



ADDOoPT Scope:

Digital Design to go from Molecule to Medicine

Improve / optimise forimpact

Product and Process Product
Design Materials properties Surface chemistry Performance
Manufacturing classification Heleee preies
Particle attributes Downstream

Processing rules .
Quality systems Formulation

Active Secondary Manufacturing
Ingredient _ Milling "' |
(API) ‘ Wet granulation - Blended - - ,;.,,
Excipient Drying Compaction \J"’"
Lubricant Coating ADDOPT scope

Processes Products Patients

Design and control of optimised development & manufacturing processes
through data analysis and first principle models
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Digital Design Based Workflow

X | Experimental Data Collection
- Work . .
<) API concentration, Moisture, PSD, etc.. Lo . . ,
= *  Minimal experimental work to determine system’s
I Batalintesiatien properties (feed rate operating range, liquid to solid
& ratio, APl concentration, PSD) on different scales.
< Modelling
5 Model Development & Scale up
TWSG model development, scale up and N ’ .
&|FORMULATE B ———— PSE’s gPROMS Form u.Ia’FedPr'oducts platformis used
to develop a mechanistic Twin Screw Wet Granulator
Calibration Modelling Model

Implement a Calibration Model in Real-Time

| pha‘rmaMV
Virtual Dynamic Response Testing

- _ . )
5 Apply process responsetests for granulation [l ~ combining Perceptive’s PharmaMV & PSE’s gPROMS
= process modelling FormulatedProducts platforms, provides a fast and
§ cost effective hybrid approach for developing a

S J simulation Controller Development closed loop controller.

Develop the model and simulate the MPC

Experimental Controller Commission
Work

Commission and Evaluate the Controller’s
performance
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Digital Design Workflow:

gPROMS/PharmaMV Integration

The Virtual
Process

The Controller

\

N

gPROMS
FORMULATED
PRODUCTS

Global specificatons

Avicel Mannitol ap|

Simulation_duration

Twin_screw_granulator

PSD_sensar

Twin screw granulation

_binder_source

g|soLns

Stresm_sensor_jocation

Sieve_analysis

Gy PharmaV Real-Time
> B Projects
+ @ Signals

> @ Measured ME
> 5] Digeal Ingut 01
> [ Digeal Quipue DO
» M Configuration
> M Sgectrs!
> @ Cusity
Blocks
> W Frogrameming
« B Viaws
v Continuous
~ B Trends
e 433 _Variabies
e 43 _Variaties_WPC_View

£ T5G_Pararmaters
> Specira
> M Spectral Overtay

> B Traffc Lights
> M ndicators
> W Topale Butans

> W Parale| Coordinates
> [@ Batch
v 8 MPC Overview:
NP (hsnie foe Block 1

Jealing JvM Gartiage Callector

iy
[Deseripter [Value .
SP. 18.0000 ks
Koy
050 5P 1800000
Total Sois 5P 15.0000
1 Dect
Liquid Percent 88

MPC_View _&x

hboard

D
Start. 11 Dec 18 14.15:43.800 11 Dec 18 15,06 18.760 Range: 1h 23m 15,05 End. 11 D 18 15.38.58 760
272 a

Lt [
28] o] —\_\/ “/r\’ﬂ
Manniol SPRB
o 2151
. e N ——
s e B 240
\aysis DEO 18718
e w N |\
Liquid 1o Sobdrato 942 F]] Reso (1) Sectpoint
H 7479
AP Mass percent 1857
4 o
*fgemnousmn o o
11 Dec 18 05:17.48 050 [ J 11 Dec 18 153858 759~ I J__;/
Start 1_ 11 Dec_Range: _ End 11
1 Status & pato i
Total soids
7 producton rate
1 Actre 1 3m

3001 gty v 98 30
11 Dec 18 05:17.48 050 ] 11 Dec 18 153858 75011 Dec 18.05.17-48.950

447 pec 18 14757 11 Dec 18 14402 11 Dec 18 15:00.00

it 5
11 Dec 18 1538 58 750

RTM fperceptivefadrmin 141202018 1420
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Data Driven Workflow:

Production rate based Model predictive control development

Controlled Manipulated
Variables Variables
(CQAs) (CPPs)

D50 (um) AP| Feeder

Production
rate (kg/h)

Excipient1

Excipient 2

API

concentration )

(%) Dynamic Pump
Process Model

Static

SPectra [ .

IN

Setpoints
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Data Driven Workflow:

Twin Screw Wet Granulation Control

* Model Predictive Control is used to maintain CQAs to set point:
o API concentration

o D50 measured from the sieve analyser.
o Production rate

* APl concentration and D50 are driven to their set points while maintaining
the production rate.

ADD®PT



APC Development Workflow

=

Tl APC_Development_Workflow _® X

Twin Screw Wet Granulation- APC Development Workflow

Mode: OFF

Development Workflow Process and MPC Overview
Start: 10 Dec 18 15:2... 10 Dec 18 15:41:55.9. . Range: 14m 33.1s End: 10 Dec 18 15:42_
Feeder and Pump set points APl CSP 3.0000 1.6800
. [ka/h]
| Descriptor Value L
API CSP 1.68
‘ 1. Open-Loop - Mannitol CSP 8.26 g'osggg
Avicel CSP 505 Pump CSP . 1.8000
[kg/n]
l Pump CSP 1.80 H
SetResponse Test Parameters 0.5000
|De5cript0r Value Avicel CSP 6.5000 5.0500
TSI Amplitude Avicel 2 ] [kg/n]
LI ‘ 2. Process Response Test —p Mean Avicel 5 05
: Amplitude Mannitol 2 L 3.5000
IMean Mannitol 8.26 lMannitol CSP Toees 8.2600
l Amnlitude API 2 EI [ka/n]
Adapter Configuration I
‘ y— Descriptor Value 20;'3333
. Adaption - : I
p Adaption Time 1 Sieve Analysis D50 185.?\3_-2_41__
fum]
l Controlled Variables
150.0000
|Descript0r Value API Mass percent 20.0000 11.85959
‘ 4. Closed Loop (APC) ‘ w—- Concentration SP 0 [%]
D50 SP 0
Total Solids SP 0 5.0000
_ Total solids 19.0000 14,9900
Active MPC Model production rate
‘ Off ‘ Tag Value [ka/n]
4= Current Adapted Mo... |0 10.000?
0 Dec 18 15:27:5810 Dec 18 15:31:58 10 Dec 18 15:35:58 10 Dec 18 15:38:59
10 Dec 18 14:32:28.880 | I | 10 Dec 18 15:43:06.940
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Statistical Model Development — PRBS step testing

* To identify a statistical model, Pseudo Random Binary Sequence (PRBS) step testing is applied to the gPROMS

FormulatedProducts flowsheet model using PharmaMV.

* The screenshot below shows the step tests on the feeders and the corresponding response of APl mass percent (%),

d50 and total solids production rate.

* This data is statistically rich, allowing an accurate control model to be developed.

N

API CSP
[karn]

API SPRB
[karn]

LB Feedrate CSP
[karn]

LB SPRB

[karn]

Avicel CSP
[karn]

Avicel SP RB
[karn]

Mannitol CSP
of | kg/n]
Mannitol SPRB
[ka/n]

Sieve Analysis D50
[um]

API| Mass percent
[%]

Total solids
production rate
[ka/n]

10 Dec 18 14:33:38.880

278 1.8
l‘ { { }\ ’\ “ 1.68

0.5
290 .80
160
WIL

0.70
6.15 5.05
MM[MM -

3.95
9.37 827
H_H]H_MMM“ -

7.16

194.67
17.14 1164

4.31

16.10 15.00

13.89

10 Dec 18 14:39:58 10 Dec 18 14:49:58 10 Dec 18 14:59:58 10 Dec 18 15:10:01

| 10 Dec 18 15:43:06 940

API CSP
[karn]

API SPRB
[karn]

LB Feedrate CSP
[kg/n]

LB SPRB

[kg/n]

Avicel GSP
[karn]

Avicel SP RB
[karn]

Mannitol CSP

3| | [ka/h]

Mannitol SPRB
[ka/n]

7.16

Sieve Analysis D50 199.03

[m]

1

APl Mass percent
[%]

Total solids
production rate
[karn]

53.46
1862

4.15
1829

1169

|
I

||

I
I

L

i

I

—

10 Dec 18 15:31:59

10 Dec 18 15:35:59

10 Dec 18 14:33:38.880

UJL'F{JJL

10 Dec 18 15:39:59
10 Dec 18 15:43:06.94(
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Statistical Model Development — Identification

‘ Compute SS Coefficients || Optimiser SS Coefficients |

Steady State Coefficien % Step Response from 1000.AC Feeder 1 to 2060.ME Calculated d
Descriptor v 6.5151
0
Step Responses|
APl Mass percent
Sieve Analysis D50 -

Total solids production 0.0000

‘ Flush Selected H Flush All H Restore Selected H Restore All H Copy H Paste ‘

‘ Multiply All ‘ ‘ Multiply Selected ‘ 1 ‘ Shift Left ‘ ‘ Shift Right ‘ ‘ Save ‘ ‘ Cancel ‘
[#]
Steady State Coeffs. ‘ API CSP ‘ Mannitol CSP ‘ Avicel CSP ‘ Pump CSP
APl Mass percent 6.5080 -0.1516 -0.6449 -0.2643
Sieve Analysis D50 -1.3409 -1.7636 -4.9577 21.2742
Total solids production rate | 0.3839 1.5410 1.6551 -0.1828

The statistical model is identified using the Recursive Least Squares (RLS) algorithm. The
screenshotabove shows the response of the APl mass percent to a step change in the API

feed rate.
_ Absolute Pred (X) ‘ Resp (Y) vs. Predicted | Incremental Resp (Y) |
Start: 10 Dec 18 14:33:38.880 10 Dec 18 15:43:06.940 Range: 1h 9m 28.1s End: 10 Dec 18 15:43:06.940
API Mass percent 18.62 , 1188
%] ) nofto118s
Resp (Y) Prediction i
%] K \ | Ir '|‘
f A ! L ]
i |II‘[ ‘m.‘w \ "A"V"V’ Y | | h
Y i
[l I f
o P W v
3.03

A comparison between the APl mass percent and the model prediction

shows good model performance A s .
ADD®PT



Twin Screw Wet Granulation Control — Overview

e MPC_Overview_for_Block_1 _&8X

T 2|3

art: 18 Dec 18 10:51:29.190 18 Dec 18 10:56:48.190 Range: 5m 23.0s End: 18 Dec 18 10:56:52.190
. d50 1525 T1esf
15 P
;- (um) ool |
-
| .
If]
1158 ]
Drug loading '®*% ety
| (%) 184,60
|
169.25
Production 1556 Tsacl
G 1 .
I rate 1544 .
~ (ke/h) N
Resp (Y) Active Pred wop — = e
' 18 Dec 18 10:52:11 18 Dec 18 10:54:56 18 Dec 18 10:57:39
17 Dec 18 07-23:00.140 | ~ [l 15 Dec 18 105652190

o

Post model development, the controller is commissioned and tuned using
the flowsheet “Digital Twin”.

|~ MPC_Overview_for_Block_1 _&8X
2|3
Start: 18 Dec 18 11:00:33.220 18 Dec 18 11:10:12.220 Range: 9m 39.0s End: 18 Dec 18 11:10:12.220
20 1781 e ]
ds0 i
( ) 1780
um I .
Online tuning.
- e e e o e e e e e e e e
00 168.01
| . 170
Drug loading I ‘ “H».,n%ﬁ%‘ 18837 |
(%) Eﬁﬁ[‘f—jﬁi D EOGRGOOIEEERLERRY
T e}
1508
Production 15
1484
4 rate - /Y tTmmmmmmmmmmmmmeT
(kg/h)
o 18 Dec 18 11:03:30 18 Dec 18 11:07:08 18 Dec 18 11:10:44
17 Dec 18 07:36:20.140 I 15 Dec 18 11:10:12.220

> -
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Twin Screw Wet Granulation Control — Results

Range: 22m 38.0s

Sieve Analysis D50 195.0000
[um]  190.0000
Resp (Y) Setpoint

185.0000

180.0000 i Through Smooth
AEI Mass percent AT _'\ . .
g a0 - e manipulations of the
Resp (Y) Setpoint 10,0000

oo feed rates and the

Production rate pump Set pOint, the
fkg/h] 16.0000 —
Resp (Y) Setpoint — — e APl Mass percent,

14.0000

d50 and the

API Setpoint .
fan = D production rate have

15000 been controlled for

1.0000

T 4 various set point
[ka/h]
2.0000
changes.
1.0000
Avicel Setpoint 6.0000
[ka/n]
5.0000 o —
4.0000 -
Mannitol Setpoint ~ 10-0000
LR 9.0000
B8.0000

7.0000 18 Dec 18 11:20:00 18 Dec 18 11:29:58

- ) T = -
18 Dec 18 10:46:11.170 | I 5 D 18 11:37:17.250 j D D I—) T
. . = ]
= -




Considerations when scaling-up/changing product in TSWG

Advanced Process Control

* For continuous processes, scale up = higher throughput or running the process for
a longer duration. Considerations for higher throughputs are:
o Lower residence times — although desirable, it is important to ensure that the rate of
wetting and nucleation as well as consolidation and growth occurs effectively.!
o Ensuring through monitoring, all critical quality attributes remain within desired
tolerance limits.
o Presence of a robust controller that can deal with changing process dynamics.

* Considerations for changing product are to ensure replaced elements have similar
material characteristics, eg. PSD of individual components of the formulation.

L AS. El Hagrasy, J.R. Hennenkamp, M.D. Burke, J.J. Cartwright, J.D. Litster, Twinscrew wet granulation: Influence of formulation parameters on granule
properties and growth behavior, Powder Technology, Volume 238,2013, Pages 108-115, ISSN 0032-5910, https://doi.org/10.1016/j.powtec,2012,04.035. A I i D . - I—.) |
= ]

(http://www.sciencedirect.com/science/article/pii/S003259101200277X)


https://doi.org/10.1016/j.powtec.2012.04.035

Twin Screw Wet Granulation Control — Performance Analysis

Range: 24m 48.0s Full destabilisation at

Sieve Analysis D50 419500 FA.NEIEN 5 kg/Hr.
[um]
Resp (Y) Setpoint 190.00

185.00
APl Mass percent 14.ﬂﬂj
[%] .
Resp (Y) Setpoint Egg M%&U%ﬂ‘ At alower prOdUCtlon

8.00 rate (10 kg/h), the

Production rate 10.00 p— :
ki) . x_\_\A controller’s responses
R Y5 I

ssp O SERant 600 — are underdamped due to
AP Setpoint model error.

aml 1mm\

0.50 —/\
U ®

v nderdamped On further dropping the
Pump Setpoint : .
i 5 o Lresponse at 10 kg/Hr production rate (5 kg/h)
1.00 N—— the controller completely
Avicel Setpoint _— de-stabilizes.
[kg/h] 100=—s"" \
Mannitol Setpoint
[kg/] 700 \
6.00
5.00
22 Jan 19 06:45:59 22 Jan 19 07:00:00
22 Jan 19 06:08:40.750 | I o> 20 19 07:08:40.750
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Twin Screw Wet Granulation Control — Performance Analysis

Controlled Manipulated
Variables Variables

Instability can be attributed to the following (con pis

reasons: Do)
1. The current MPC structure directly controls --
the feeder mass flows. These are not
independent.
2. As the throughput in the process increases
the process gains decrease and vice versa. Setpoints
3. The linear MPC does not account for the
decrease in gain. o
4. The input dependency destabilises the 2 heoretie
controller when the throughput changes.

=0 SS gain
flowsheet

[E=N
2]

SSgain (-)
o

(6]

The mechanistic model is used to explore improved
APC control strategies

o

0 5 10 15 20 25
Throughput (kg/h)

ADD®PT



Twin Screw Wet Granulation Control

Modified Control Structure: Ratio Control

Controlled

Variables
(CQAs)

D50 (um)

Production
rate (kg/h)

API
concentration
(%)

Dependent
Manipulated
Variables

APl Ratio

Excipient1 Ratio

Production rate

Dynamic
Process
Model Binder Flow

t

Setpoints

Binder Flow

Independent
Manipulated
Variables

API| Feeder

Excipient1

Excipient2

—

Spectra
IN

Static

PLS Model

ADD®PT



Twin Screw Wet Granulation Control — Ratio control results

The digital twin hasbeen used as a
design tool to ensure stable control of
the CQAs for all production rates. ——

195.02
SRS 19500
fum] . 196.00 T
Resp (Y) Setpoint 182.00 ’//—
) Range: 42m 1.1s CEE0
Sieve Analysis D50 200.00 API Mass percent 17 60 1506
[um] 196.00 %] 16.00 S— ——— 15.00
Resp (Y) Setpaint 192.00 \/_( RespliiSemomt };gg J/
188.00 :
T 1120
AP Mass percent 17.60 Production rate 14.40 ——— 1007
%] 16.00 lka/h] 1320 fod
T —— -
Resp (Y) Setpoint 1440 R Resp (Y) Setpoint B
12.80 10.80
11.20
; APl Setpoint 22 2 1.47
Production rate 9.60 P 2.08 \ |
[kg/h] 8.40 [kg/h] 1.2
Resp (Y) Setpoint 7.20 1.76
6.00 1.60
oo — I 15 to 10 kg/Hr
A\ Pump Setpoint 2.40
API Setpoint \ //— ump Setpoin 50
[ka/n] 208
[ka/h] 1.20 !
1.92
1.76
0.80
1.60
I ca 5to 10 kg/Hr . .
Avicel Setpoint 4.80 3.23
Pump Setpoint 1.60 —— [kg/h] A
[kg/n] 1.20 4.00
3.60
0.80 3.20
- ) )
Mannitol Setpoint 8.00 _‘;—ﬁ_‘_—_____ 5.35
Avicel Setpoint 3.20 [ka/h] 7.20
[kg/n] 2.80 6.40
240 :
5.60
?g 23 Jan 19 17:40:00 23 Jan 19 17:49:58 23 Jan 19 18:00:00 23 Jan 19 18:09:58 23 Jan 19 18:19:5¢
T —— e —— 22 Jan 19 02:37-34.950
Mannitol Setpoint
[kg/n] 480
4.00
3.20 -
_\-_,_,_—-—\__'___
2.4037 Jan 19 18:40:01 22 Jan 19 18:50:01

22 Jan 19 19:10:01
22 Jan 18 19:18:27.12

22 Jan 189 17:19:21.940



)
pha[;maMV
v7.0

Another approach - Machine Learning
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Motivations and Benefits
Process Development Approaches

Traditional “One at a Time"” approach
* Trial and error optimisation of the reaction

» Significant human input — depends of the know-how of the
chemist

Quality by Design Approach
* Application of Design of Experiments

+ Automation can be used to execute pre-defined
experimental conditions

* Extensive experimental effort required

Configuration | Execution | Sample Entry ‘ Results |

Factor Definition

Set Point Signal... | Tag Descript Units Factor PV Low Level ‘nghL |
1AC Factor 1 1 10
2AC Factor 2 2 20
Response Definition
Signal Id Tag Descri ptor Units Data Source Time to 88 ROC Time at 85
1ME Response 1 Measure d 20.0s 0.10 m
2ME Response 2 Measure d 40.0s 0.20 m
3.ME Response 3 Measure d im 0.40 im
4.ME Response 4 Measure d 2m 0.50 im
5 1ME Response 5 Weasure d om 0.10
Experimental Plan
Run Name ‘ExampleRunName |
Proceed automatically to next experiment? Max Experiment Time | 5m |
O 2 Level Full Factorial Signal ID 1.AC 2AC 3AC
© 2 Level Full Factorial with centres | Descriplor | Factor 1 Factor 2 Faclor 3 &
() 2Level Half Fractional Faciorial || Tag
Unit; @®
1 5.50 1 16.50
Number of centras 3 10 2 3
4 1 20 3
Generate Experimental Design | |5 10 20 3 e
8 1 2 30
7 10 2 30 [
8 1 20 30
9 10 20 30 @
10 5.50 1 16.50
‘ N

algorithm

ML - Recursive Learning Approach
* Automationand online analysis combined with a “curiosity”

* Outperformsa human to get to the optimum

NN * No humaninteractionrequired after initialisation

*An Autonomous Self-Optimizing Flow Reactor for the Synthesis of Natural Product
The Journal of Organic Chemistry 2018 83 (23), 14286-14299

© Perceptive Engineering

www.PerceptiveAPC.com




Teaching the machine
Data is everywhere.....or is it?

" SMART

DATA
- GENERATION )

——  CONTROL |

Overview of the Workflow of ML

Can we use machine learning to
generate “Smart Data” for process
understanding, control AND
optimisation?

https://towardsdatascience.com/workflow-of-a-machine-learning-project-ecldba419b94

© Perceptive Engineering -

www.PerceptiveAPC.com



Machine Learning. .. Nelder Mead Method
Simple Overview

Simple easy to understand algorithm

W e
¥

» Treats the process as a black-box
» Exploresthe objective function'’s : : : _ : :
domain with n-dimensional simplexes ol LSS S S
» Ranksthen + 1 vertices of a simplex //
according to their objective function sl /1
values and replaces the worst of them .
with a new (always better) vertex TR

Gets stuck in local minima/maxima AN\ :

*can be "tricked” to be multi-objective with 20l | ﬂ;ﬂ ﬂ; 1;{] 1;_ ;ﬂ S
—1L —0.5 . ] . 5 3 2 5 10

clever crafting of an objective function — Still
has problems

Confidential © Perceptive Engineering -
www.PerceptiveAPC.com



Another Approach — Machine Learning (Nelder Mead)
For the Secondary Manufacturing World

Self Optimising Twin Screw Wet Granulator

M Open Lo

Process and MPC Qverview

Start: 16 Aug 19 15:44:29.790 Range: 13m 59.4s End: 16 Aug 19 15:58:29.150
Development Workflow COA1 - Potency 17.9063
-
Resp (Y) Setpoint
MM_Param CQA1 Target
u‘ 1. Open-Loop ‘ Self Optimising Adaption ‘
0.9989)
CQAZ - D50 230.2217
um
Resp (Y) Setpoi M
MW_Param CQA2 Target
_ closeatoen ‘ U
99,8900,
CQA3 - Production 20,1590 N
e A o, e, om0l e

Nelder Mead Optimisation Variables e M{M R P g v

NM_Param CQA 3 Target

Descriptor ‘Value
NM_Param CQA1 Target 11.25 0.5089
NIW_Param CQA2 Target 180 Pump Scaled SP 28.5343
NW_Param CQA 3 Target 14.95 g/
MNI_Param Optimiser Kick Off Value 2 Pump Scaled PV
NW_Param Evaluation Time 10 Tegih]
MNM_Param Time Interval 2
MNM_Param Pump Initial Step 10 L—J
MM_Param ExpRatio Initial Step 10
NIW_Param APIRatio Initial Step 10 e
NW_Param ProdRatio Initial Step 5 Production 5P 187reg
NI_Param Pump Min 1 P(r;c;!.uction py
NIM_Param Pump Max 35 [kgh] \.,..J
MM_param_ExpRatio Max 1
MNM_Param ExpRatio Max 100
NM_Param APIRatio Min 10
NW_Param APIRatio Max 20 92597
NW_Param Prod Min 10 Excipient Ratio SP 61.4476)
NM_Param Prod Max 20 a/n]
MNW_Param Segment Time 25 FE_xc\plem SELBAY
MNM_Param Max Iterations 10
MNM_Param Mo Improv Thresh 0.01
NM_Param Mo Improv Break 2
NI_Param alpha [reflection factor] 1 324775
NW_Param gamma [expansion factor] 2 APl Ratio SP 20.7419
NW_Param rho [contraction factor] 0.50 kg/h]
NW_Param sigma [shrinkage factor] 0.50 APl Ratio PV
Optimiser_Running 0 H

9.1862

16 Aug 19 10:47.59 16 Aua 19 10:51:59 16 Aug 19 10:56.00

© Perceptive Engineering -

www.PerceptiveAPC.com



True Multi-objective Optimisation
Gaussian Search

Cheap!Donein-
silico

Le:lin hypercube sampling Su rro gate Eva I U ate
D Models Large LHS

Set

Initial

Input 2

E

Carry out
Experiment

Design (LHS)

Calculate -
Process specific
Hyper
parametersto
volume , :
: consider

Choose
Experiment

© Perceptive Engineering
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Another Approach — Machine Learning (Gaussian Search)
For the Secondary Manufacturing World

Twin Screw Wet Granulator - Digital twin

Mode: OFF
Process Parameters
Descriptor Value ‘Tag Value
API Ratio 5P 10 Potency 1
Excipient Ratio SP 50 D50 100
Production SP 20 Production rate 1
Pump Scaled SP 17.50

Global_specifications

Twin screw granulation

Avicel Mannitol Ap| Liquid_binder_source

o 790 ¥

Simulation_duration

Stream_sensor_location
Sink

Twin_screw_granulator

PSD sensor Sieve_analysis

© Perceptive Engineering

g|SoLIDS

Start: 16 Aug 19 15:44:40.780 15 Mar 19 14:01:32.580 Range: 13m 13.4s End: 16 Aug 19 15:57:54 140
COA1 - Potency 21.0000

LY m Y

170.0000
CQA3 - Production  19:0000
kg/h]
1 MMW .
APISP 2420 -
kg/h]
API PV
g/

0.9036!
Avicel 5P Zosi
kgh]
Avicel PY
B/
31221

Mannitol Feeder sp 117147

kg/h)
Mannitol Feeder PV

Tkg/h]
27958
Pump SP 28534
kg/h)
Pump PV
P/
0.9851

16 Aug 18 10:47:58 16 fiug 19 10:51:58 16 Auq 19 10:55:58
16 Aug 19 15:30:28.720 I | 16 Aug 19 16:03:26.240
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Process Control
MPC Model

R M S E P Prediction Vs Actual - CQA1 Prediction Vs Actual - CQA 2
361
50 8
CQA1l CQA2 BT
'oe; e °°
C 4 C
S g ® S
= s @ g 19
il il
2 2
o 0 o
(o) = =
a a
3 3 0.19
o o
-50
-1.53
-50 0 50 =197 098 .08
Prediction Vs Actual - CQA1 Prediction Vs Actual - CQA 2
290
40
= 20 5 1m
o o
p= p=
i i
o o
SR =
(=R (=R
3 3 058
o e ® o
[ X ] 8
& §o @
_20 g 1 [ ]
-0.58
-20 0 20 40 197 098 3.73
CQA1 - Ratio CQAZ2 - Colour Intensity
Prediction Vs Actual - CQA1 Prediction Vs Actual - CQA 2
388
.
50 ¢
C C
= = 2.07
o o
il il
2 2
o o
& &
@ 0 @
a a 0.27
o o
o8
” 4 ¢
-1.54
0 50 -1.68 1.10 3.88
CQA1 - Ratio CQAZ2 - Colour Intensity
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Comparison
Does the ML do what we want?

/
Automated Nelder Mead Gaussian
DoE Search
Optimised “Single Objective” N A&
P Pseudo-MultiObjective “MultiObjective”
Process Possible
Static Process Anova and Linear Linear and/or Non-
Model at Best (Further Modelling Step) Linear for Each
Model (Further Modelling Step) Objective

PAT Calibration UN/

Rich enough Data
for MPC

Sometimes
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Process development?

4 SMART I —

DATA —— B

_ GENERATION |
DoE/ p— Static Process N Model Predictive
Self Opt Models Control
? —

—  CONTROL

Confidentia © Perceptive Engineering -




Combined Advanced Process Control And Machine Learning

Example

CQAT - High Limit

CQA1 - Prediction

CQA1 - Setpoint

Adaption + ML Optimisation Steady State In Specification— MPC ON
JI-JV\ r‘"-mx-. e
I \_f hn.v‘_ur"-"' ll—H._w“A_ﬂF_‘-""'\A.n.ﬂd_h!lr == DA i I B Al W e

48
CQA1 - Low Limit 6
24

Throughput
maximisation

Outlet Flow (%)
P1 Speed (%) 32
24
16
8
P2 Speed (%) 56
48
40
32
24
Objective Function 0
40000
-80000
-120000

Steady State Coefficients of Model 4 for 1000 - MPC

P1 Speed CSP

P2 Speed CSP

01 Mar 19 17:09:04

Confidential
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Objective function
maximised through ML
and MPC model adapted
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Machine Learning and Digital Design Tools for APC
Summary

Self-Optimising/Machine Learning K==
APC is a well proven and efficient technique for improving product quality and W 1
process robustness ;ﬁw =
Mechanistic models provide a powerful tool for in silico development of APC o L i
Within process development a QbD approach alone doesn’t yield sufficient data to ﬁ_mwmw'
take full advantage of Advanced Process Control S ' e
25Feb‘IQ‘14117104.930|71m.36 ZYIFG‘;WIWTMBB ..... 27.FG;1‘;1GTQ‘5-10 : ZF-FGbHﬁ%gBFeb1918:14:09.990

ML has brought along with it a whole new set of terminology for existing techniques.
- The potential of these techniques is significant provided they are selected with care.

Using optimisation techniques borrowed from Al and adaptive control modelling we
can generate data from single experimental runs which can be used for:

PAT Calibration | Advanced Process Control | Static Process Models |
Process Optimisation

Confidential © Perceptive Engineering -
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01 Mar 18

J Uiyl ”
* M H| | ‘

UL
VA A
{'\ f'“” \flhlu \'J w v‘u[

A
V |

\J
3820278 b

F Average T1.5026 La M 1 .4
I fa AW

A AN
\ N




Thanks for listening.
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Thank you!
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