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Abstract Case Study — Customized Design Approach
 Design of Experiments (DOE) is frequently used in industrial biotechnology B : :
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DOE execution in small- Model fitting & prediction of optimal factor settings DOE model validation in pre-pilot scale
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process understanding and examine optimal factor settings i Pgrfolrmance 1.9 fold higher compared to
* Tailor-made DOEs contribute to process validations by identifying relevant g eoeooten 5 5% Initial process
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Designh generation and evaluation
Table: Response Surface Design Table o Peed BE5 1 ”@asrosmd
Run Feed Rate Yeast Extract Temperature pH : T T~
1 0.1 1 1 -1 11
2 0 0 1 1 E _
3 -1 0 0 0 Design
‘5‘ (1’ 1 1 (1) The generated design has to be
6 1 1 1 0 1 consistent with the chosen model
; (1) (1) (1) 8 i, S and selected factors, ensuring the
5 0 P 0 . NS e achievement of experimental goals.
10 0 -1 -1 -1 o L
11 1 -1 0 -1 SR REEEEEE R RN :
12 1 0 1 1 fFE sPiffii:il Evaluation
13 0 0 0 0 ESEE N e The Design Evaluation or Design
14 -1 1 1 1 o B : . .
< 1 1 ) ) . Diagnostics outline in the JIMP
16 1 1 -1 -1 design generation platform
17 -1 1 0 -1 . . . .
2 1 1 . 1 gives insights about the design’s
19 -1 0 -1 -1 strengths and limitations.
20 0 0 0 0 1
21 -1 -1 -1 1
22 1 0 -1 1
23 1 1 0 1 /\
24 1 -1 1 1
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ANOVA

Sum of
Source DF
Model 7 0.70204363
Error 13 0.12251404
C. Total 20 0.82455767

Effect Summary

Source

pH [-]

Temperature [-]

Temperature [-]*pH [-]

Yeast Extract [-]*pH [-]

Yeast Extract [-]*Temperature [-]
Yeast Extract [-]

* Determine: model accuracy
and significant effects
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PValue
0.00026
0.00053
0.01403
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0.06405
0.07114
0.09156

Prediction Profiler — Initial & Optimal Conditions

Model fitting & prediction of optimal factor settings
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Fit

The assumed model has to be fitted to the
collected data. The JMP modeling platforms
can be used for this purpose, including model
trimming (exclusion of inactive interaction
effects, etc.). Augmenting the design with
additional data and/or experiments can help
to resolve uncertainties and intensify process
knowledge.

Predict

The refined model can be used to address the
experimental goals. Predictive models enable
the determination of active effects in order to
optimize responses, e.g. maximize final
product concentration.
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DOE model validation in pre-pilot scale

» Successful DOE model validation & scale-up Validate |
Setun Analytics O Model Thg prediction accuracy of the DOE mod.el IS
i} - Confidence validated by evaluating (new) factor settings
Feed Yeast Iter Iter : ,
No.  Scale  pte  Extract €MP-  PH  Remark Interval in a follow-up experiment. Measured
S d to be in line with the model
1 2L 0 1 1 -1 Validation 102 100 84 —-116 responses nee O DE Inlihe wi € Mmoac
> 2L 0 0.6 1 1 Validation 82 69 54 -84 forecast, e.g. within the 95% confidence
3 30L O 1 1 1 Scale-Up 100 100 84— 116 interval.

\ I
|

valid model - measured titer in line with @ Scale-Up
predicted mean or 95% confidence interval After DOE model validation, a scale-up run

can be performed, e.g. in 30L pre-pilot scale.
Tailor-made DOE approaches can contribute
to future process validations by identifying
relevant process parameters already at the
development phase.

* Performance 1.9 fold higher 100% -
compared to initial process

50% -

Performance

* Process transfer
from 0.25L to 30L

0% -

Initial Small-Scale Lab-Scale Pre-Pilot
Process (0.25L) (2L) Scale (30L)
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