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* Fields to be used and case study (Advate)

 PAM Strategy deployment



Predictive Analytical Module principle



What is machine learning ?

Technology used to implement machine learning as algorithms.
An algorithm is a series of step-by-step operations, usually
computations, that can solve a defined problem in a finite
number of steps. In machine learning, the algorithms use a series
of finite steps to solve the problem by learning from data.




I DATA mining process

* Problem statement : define the
business problem to be solved .

 Data collection plan : determine statement
what data we need

Data

 Data set cleaning : organize the collecion

plan

data set to be used in Minitab
* Missing data
* Noisy data
* Inconsistent data

o MOdeIing : by USIﬂg CART Model Data set
evaluation cleanin
construct models t :

e Model evaluation : evaluate the
robustness of the model Modeling

* Implement the improvement :
define a strategy to deploy the
solution to fix the issue




How to choose the right methodology

Machine learning

Unsupervised
learning

* No response
* Want to find grouping in our Data

only (Xs)

« CLUSTERING
« PCA*

*Principal Components Analysis
** Partial Least Squares

Supervised learning

* Response / Target / variable (Y)
* Multiple predictors Xs

Categorical response Continue response
CART Classification * CART Regression
Logistic Regression * PLS**



I Machine learning Roadmap
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Fields to be used and Advantages and Benefits
coming from Predictive Analytical Module (PAM)



Fields to be used

Recently, due to the significance of Industry 4.0, the manufacturing industry is developing globally.
Conventionally, the manufacturing industry generates a large volume of data that is often related to
process, line and products.
Use decision tree (CART) to answer guestion like :

=  What is the root cause of process defects ?

= What factors contribute to excess variation in my process?

= What are the conditions that could cause machine degradation ?

= What parameters could increase my Yield, my efficiency ?



IAdvantages and Benefits coming from Predictive Analytical

Y

PCA2
x o PCAl
X’r’(
X X x
""*k ¥ X X

,"S(*x XX DECISION TREE
X

X

Advantages
Advantages

STATS
PAM

Disadvantages

Disadvantages



Fields to be used and case study (Advate)



| About ADVATE

ADVATE temporarily replaces the clotting factor VIIl that's
missing or low in the blood.

In 2003, ADVATE became the first recombinant factor VIIl
treatment free of blood-based additives.

ADVATE® with BAXJECT IlII® Reconstitution System
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The dose is ready to be

What does recombinant mean? s
Today, clotting factor VIII concentrates can be made without

human plasma. These types of infusions are called recombinant

clotting factors. Recombinant factor VIIl was one of the first

treatments approved for hemophilia that didn't pose the threat of

transmitting a blood-borne virus.



I Genetic Modification of Chines Hamster Ovary cells

Human cell Human cell
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Chinese hamster
ovary (CHO) cells

ADVATE is containing recombinant human antihaemophilic factor VIII, which is synthesised by a genetically
engineered Chinese hamster ovary (CHO) cell line.



Cell Culutre

Manufacturing parameters

The biopharmaceutical industry, however, has accrued greater benefits as evidenced by the

use of MVDA tools both in upstream (Culture cell) as well as downstream processes

(Purification).

The datasets downloaded from the MES system (productions factors and probes) are large
and complex with multivariate interactions and require the use of adapted methods to

understand the main parameters on the Yield

NEUCHATEL
ADVATE

Fermentation
Chemostat culture

Cell Culture S
Medium @

Purification

Harvest
Cells clearance

complexe FVIII-VWF separation

v
FVIII capture du FVIIIbyr
Affinity Chromatography
FVIII
Cation Exchange
Chromatography

Inactivation virale E j

Anion Exchange
Chromatography

BDS
Advate

30 Parameters

3 Column MAB, SOS,

MOQ

Elution Profile
Alignment
Process duration
Storage duration
Resin N° of use
Volume loaded
Column ID
Elution gradient slope
Conductivity
Hold time
Mixing duration

256 batches

30 Process
Parameters/
256 Lots

Parameter

Selection




I PRE-PROCESSING prepares data for the models

»  Feature engineering : Sit with the
SME to review the dataset (few

rounds): normalize parameters, adm

features describing the process,
etc...

»  Check missing values

Takeda

» ldentify the Input and Output

> Remove obvious correlations
between factors and the Y

» Look at your data!
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1 |(mS/cm) (MAU) (MAU) CHO/mL (pg/mL) (IU/ml) Protein) IU FVIII) KUrAHF) i nitConc (%) D (%) D (%) D (%) (%)
2 18,7 11,1248 11,50138 6,849 9,95 9601 6008 1 0,7 9926 6212 0,201 0,232 0,391 0,176
3 18,5 12,63869 13,21343 7,101 12,25 10929 6314 1,1 0,6 11426 6601 0,2 101 0,202 0,233 0,393 0,172
4 18,6 13,84485 14,36987 7,673 142 11972 6633 1,1 06 12426 6884 0,2 102 0,202 0,234 0,391 0,173
5 18,6 15,29543 16,46225 7,305 18,85 13161 6451 1,3 0,5 14165 6944 0,2 101 0,2 0,231 0,39 0,179
6 18,9 13,6463 1444464 6,736 15,3 11743 6488 1,2 0,5 12430 6867 0,2 103 0,201 0,234 0,596 0,17
7 19 13,96064 15,33667 7,352 17,25 11079 6169 14 0,6 12171 6777 0,3 104 0,202 0,239 0,398 0,161
8 19,2 12,87202 13,98996 7,917 131 10236 6137 12 0,7 11125 6670 0,4 105 0,203 0,234 0,897 0,165
9 18,4 13,73571 14,66831 8,387 19,7 11827 5934 1,6 0,7 12630 6337 03 103 0,2 0,233 0,402 0,166
10 18,8 13,59868 14,68588 8,371 17,3 11720 6349 14 0,7 12657 6856 03 101 0,203 0,235 0,402 0,16
1 18,8 15,00544 15,83069 8,56 19,6 12928 6503 14 0,6 13639 6861 03 99 0,2 0,235 0,404 0,162
12 18,5 13,47003 14,70648 8,264 15,9 11624 6454 1,3 0,7 12691 7047 03 99 0,207 0,238 0,398 0,158
13 18,6 13,98812 14,72574 8,151 17,55 12099 6470 14 0,6 12737 6811 03 100 0,204 0,239 0,897 0,161
14 19 13,40621 14,65373 7,143 11,85 11563 6774 0,9 0,6 12639 7404 03 100 0,2 0,232 0,404 0,164
15 pen 0 41529034 7,729 17,8 12352 6296 13 0,6 13205 6730 03 101 0,199 0,236 0,108 0,158
16 18,6 13,95772 14,13494 7,141 13,4 TZ0S0 " null 0,6 12203 6814 0,4 101 0,202 0,236 0811 0,152
17 18,9 13,93375 14,30715 7,556 16,1 12053 6456 1,3 0,6 12376 6629 03 99 0,203 QRS el 11 0,152
18 18,8 12,50109 13,10195 6,381 12,7 10798 6736 1,1 0,6 11317 7060 03 104 0,204 0,236 0,411 0,148
19 18,4 13,25099 14,23124 7,367 15,35 10544 6383 14 0,7 11324 6855 03 100 0,203 0,231 0,405 0,161
20 18,5 12,16332 12,57433 5,903 11,7 9677 6530 1,2 0,6 10004 6750 0,4 100 0,206 0,237 0,407 0,15
21 18,2 891936 9,251478 6,81 13,7 7090 6269 19 09 7354 6502 03 100 0,198 0,229 0,407 0,165
22 19 837998 R 776347 6.495 172.45 7734 5998 17 (] 7533 6246 04 101 002 0232 0405 0161

Matrix Plot of MAb Elution.; Elution.MAb ; MAbAligneYie; ...

A

e

e @




CART Regression - |

A:TMCID C

G A:CunoID

C4 ACATIDC

(5 A:SECID FC

(6 A:SECID LC
A

4
€8 TMCL Temp

9 TMCEDR

C10 TMC HETP

C11 TMCLFR

12 TMCLCDP

C13 TMCLDR

C14 TMC LW Output g

C15 TMC Load Calc Re...

C16 TMCPD

17 CAT Bewm

Select

Help

Response: = 'Hermes BDS HCP Conc'

ontinuous predictors:

Categorical pradictors:

Validation...

-
Options... Graphs... ‘

Results. Storage...

“ Cance‘

Response : Hermes BDS HCP Conc
Categorical predictors : Predictors start by A
Continuous predictors : from C7 up to C37
Options > Node Splitting Method: Least Squared Error
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TMC HETP
TMCLFR

TMC L CDP
TMCLDR

TMC LW Output g
TMC Load Calc Re...
TMC PD

CAT Asym

CAT HETP

CAT Load M1Resin
CAT PA

CAT ECV

Cili DO-AA1

Help

Response:

Categorical predictors

ous predictors:

‘A TMCID C-'A: SECID LT

Validation > Validation Method: K-fold

cross validation

'Hermes BDS HCP Conc'

Validation... Options... Graphs...

Results. Storage...

CART® Regression: Validation

Help [

Validation method:

K-fold cross-validation

Number of folds (K):

® Randomly assign rows of each fold

Base for random number generator: = 12345

O Assign rows of each fold by 1D column

[ Store ID column for K-fold cross-validation

Cancel



CART REGRESSION - |l

16

Method

Node splitting
Optimal tree

Least squared error
Within 1 standard error of maximum R-squared

Model validation  10-fold cross-validation

Rows used 132

Response Information

Mean StDev  Minimum Q1 Median

Q3

Maximum

0.544015 0.228831 0.252041

0.362348 0.465016 0.687176

R-squared vs Number of Terminal Nodes Plot

Optimal = 57.57

1.29841

62

60

58

56

R-squared (%)

54

52

Select an Alternafrm'ree... ]

10 15
Number of Terminal Nodes

20

25

ree View: Detailed Tree v | Highlight Nodes: Highlight None

R-squared

Help

Optimal = 0.576

10 12

Number of Terminal Nodes

- 100% t |

7 Terminal nodes

Terminal nodes

Tetal predictors

Important predictors

Minimum terminal node size
R-sq (Training)
R-sq (Test)

22

B Max R-squared
[}
u

Choose 7 Nodes to maximize R-sq (61.7%) and Create Tree

3

0.829
0.617



CART REGRESSION - ||

NODE1
Method e - Aseroee
Node splitting Least squared error Total Count = 32
Optimal tree Within 1 standard error of maximum R-squared
Model validation  10-fold cross-validation A: Cuno ID = {Cuno—w5238—R323—GDR—1?08AR}|
Rows used 132

Response Information

Mean StDev  Minimum Q1

Median Q3 Maximum

0.544015  0.228831

0.252041 0.362348 0465016 0.687176 1.29841

MNODE 2

Mean = 0.396929
StDev = 0.100138

Total Count = 77

CATECV <= 3.60714

|A: Cuno ID = {Cuno-16238-R323-GBR-1708AR}

MNODE 3

Mean = 0.749936
StDev = 0.194910

Total Count = 55

CAT HETP <= 3657

Takeda

R-squared vs Number of Terminal Nodes Plot
6167

CAT ECV > 3.60714 CAT HETP > 3657

Optimal = 57.57

621 TERMINAL NODE 1 TERMINAL NODE 2 NODE 4 NODE 3
Mean = 0.359544 Mean = 0.503475 Mean = 0.874485 Mean = 0.666903
StDev = 0.0666646 StDev = 0.102981 StDev = 0.148833 StDev = 0.176955
Total Count = 57 Total Count = 20 Total Count = 22 Total Count = 33
60
Filt P2:M1 <= 201 ‘ SEC A E CArea <= 857.3
£ 58 —
& | Filt P2:M1 > 201 SEC A E CArea > 857.3
=
w
2
g
E 56 TERMINAL NODE 3 TERMINAL NODE 4 NODE & TERMINAL NODE 7
x‘ Mean = 1.08293 Mean = 0.813178 Mean = 0.633868 Mean = 0.997256
StDev = 0.0734248 StDev = 0.102677 StDev = 0.133623 StDev = 0.214122
Total Count = 5 Total Count = 17 Total Count = 30 Total Count = 3
54+
Model Summary CAT Load M1Resin <= n.zszJ
52 Total predictors 36
B CAT Load M1Resin > 77.332
Important predictors 32 |
0 5 10 15 20 25 Number of terminal nodes 7
Number of Terminal Nodes Minimum terminal node size 3 TERMINAL NODE 5 TERMINAL NODE 6
Mean = 0.541495 Mean = 0.695450
Statistics Training TESt StDev = 0.106940 StDev = 0112487
Total Count = 12 Total Count = 18
R-squared 82,88% 61,67%
Root mean squared error (RMSE) 0,0943 0,1411
Mean squared error (MSE) 0,0089 0,0199
Mean absolute deviation (MAD) 0,0687 0,0914
17

Mean absolute percent error (MAPE)  0,1323 0,1676



CART REGRESSION - IV

Relative Variable Importance

A: Cuno ID
ACATIDC
CAT ECV
A:SECID FC
A:SECID LC
TMCEDR
CAT PA

CAT HETP
SEC-FTP1
TMC HETP

A Cuno 1D

® Relative Importance (%) = 100,0

69,1
65,2

65,2

L
d

60 80

Relative Importance (%)

Variable importance measures model improvement when splits are made on a predictor.
Relative importance is defined as % improvement with respect fo the top predictor.

Top 9 X’s Relative importance to Cuno ID (e.g., CATID C is

80.4% as important to Cuno ID for predicting Hermes

BDC HCP Conc)
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100

Fitted Hermes BDS HCP Conc

Scatterplot of Response Fits vs Actual Values
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Line goes through middle of training and test data
R-sq (Training) = 82.9%; R-sq (Test) = 61.7%



CART REGRESSION -V
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Scatterplot of MSE vs Terminal Node
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Terminal Node ID

Large change in MSE between node 6 and node 7

Residuals
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Residuals are fairly uniform



Predictive Analytical Module principle



I PAM Strategy deployment

TRAINING

i

MOTIVATION ADVICE

SUPPORT COACHING



How to democratize and deploy the usage of PAM

-
¢ Hoshin kanri

¢ Visual boards
e KPI

-
e New modules

e Case study

e BB and Manufacturing
Science attendees

e Education Hub
(Minitab)

e \
e No Training Without

Coaching, No Coaching
Without Training

e Develop adult skills
coaching

-
¢ |ndividual interests

and career goals
e Get examples of their
workplace

e Recognition and
celebrate

\

e Community of practice

e Share success on
Takeda media
(Yammer)

¢ Get certification
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