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Introduction of Waters Add-in

In upstream bioprocessing, the LC-MS (Liquid Chromatography—-Mass Spectrometry) system is
used to separate and quantify dozens to hundreds of chemical compounds contained in culture
samples — such as metabolites, proteins, and media component

Waters BioAccord LC-MS can be directly connected to automated bioreactors such as Amber 15
or Amber 250.

This allows process engineers to collect and analyze LC-MS data directly from the bioreactor —
without waiting for an external analytical lab.

As a result, engineers can monitor metabolites and product attributes in near real time during the
culture run.

To fully leverage these data, JMP and Waters jointly developed the Bioprocess
Monitor Add-In,

which enables seamless data integration, visualization, and advanced
modeling directly within JMP.




Data structure of BioAccord
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Introduction of Waters Add-in
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Waters Add-in Output
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Waters Add-in and Further Analysis

2) MVA H|O| & M -> Starting point for further analysis

Understanding Bioprocess Complexity: Advanced Analytical Profiling with JMP
Discovery Summit Austin 2025

1. Exploratory Visualization and Response Screening

— Greqg Flexman
Visual exploration of variable relationships using Graph Builder and identification of key

influencing factors through Response Screening.

2. Functional Data Analysis (FDA)

— Ben Barroso-Ingham
Investigation of dynamic relationships between sensor data and DOE factors, uncovering time-

dependent effects in bioprocess profiles.

3. Final Titer Prediction using Mixed Model & XGBoost

— Russ Wolfinger
Application of XGBoost modeling to predict final yield (titer) based on multivariate process

data and sensor-derived features.

Jmp
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Batch Data Analysis in Bioprocessing

From Monitoring to Real time prediction

Why Do It7

 Even under the same process, each batch varies due to sensor drift, raw
material differences, or environmental fluctuations.

« Traditional QC detects issues only after production — a reactive, delayed
approach.

« Batch data analysis enables real-time monitoring and predictive control,

connecting in-process data directly to decision-making.

In Short:

These analysis tools establish the foundation for

implementing a Process Analytical Technology (PAT) protocol —
ensuring continuous, data-driven process understanding and control.

Jmp



Batch Data Analysis in Bioprocessing
Statistical & Machine Learning Methods Used

© Multivariate Control & Outlier Detection
Methods: PCA, FDE Control chart, Multivariate Control Chart

« Detect abnormal batches or sensor drifts in real time
« Visualize batch-to-batch variation and process stability
« Enable early warning and deviation monitoring

©® Predictive Modeling

Methods: PLS, FDE, GenReg, XGBoost, Neural Networks, PyTorch

« Predict final titer from multivariate process data
« |dentity key influencing factors and latent patterns
« Support real-time, data-driven process control

J

mp



Bioreactor Time point me point] Air Overlay Rate
W1 0 V1_D0
W2 1 Vi_n1 0
V3 2 vi_D2
W4 3 vi_D3
V5 4 V1_Dd
3 others 10 others 115 others

Vi1
Vi1
W1
V1
W1
V1
V1
W1
V1
W1
V1
V1
W1
Vi1
Vi1

Data Structure
DOE Factor

Concatenate[Bioreactor,Ti

V1_D0O

0D 00 = o s W Pa = O

[ TR -}
PRNoa O

— sl
b L

Lo R o T o TN o T o T o Y o T o S e Y o Y e Y s N i Y o

Air Sparge Rate

L I L o O o o I I

Concentration

98

106

04
193
162
160
154
00

Main

100

%4
%4
031
b6
b1
636
619
b14
6.
60,7

133

0
0011470994

0178841442

00474606663
0141239042
(199378630
035163750%
(5761945644
0.6027869236
(7804050957
09129323107

0973346736
10318380175
00215027276

Product

203

016

18

13250604443
13250804443
16116015664
16116015664
13541309431
16274802561
14465097713
11770380506
1266133590
11302411914
10664461599
10563436121

Products, Vitamin, Urea cycles, synthesis, metabolism, TCA Cycle...

3121

1839

3167.5
29360
2902.7
2989.7
33%.6
3403.8
2999.9
28553
2107.1
27126.6
21504

2159.7

Folic acid " Nicotinami
S% LMWS% product% Mainproduct %Titer OLDTiter Titer Increment Maximum[Tit (VB 9)

de
135

1251483
1187718
1157902
116403.2
1210875
1176704
1122053
1051404
1000763

96406.3

604528

14765.2

Vitamins
Nicotinic
acid

2116

2198.5
2061.1
1984.1
2045.0
20751
2136.1
19149
20626
1865
17529
14407

13443

Pantothenic
acid (VB 5)

204k

203834
18636.7
16798.7
19288.5
194235
16568.7
16924.0
156129
129054
12916.2
128740

15527.6

513763
460248
456530
476495
49119.7
491461
469108
396763
363456
397350
404847

415265




Batch Level Data Structure (Wide Structure)
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Every batch becomes a single row in the data table



Demo In JMP
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