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About CP Kelco

CP Kelco is a leading global producer and innovator of
nature-based specialty ingredients made from:

Microbial Extraction from Dairy
Fermentation Land and Sea Plants Derived

: Whey Protein
Pectin
Concentrate

Carrageenan

Xanthan Gum

Citrus Fiber

Fermentation-

Locust Bean Gum

Derived Cellulose

Extensive portfolio of versatile, high-performance solutions.

Industry renowned technical support, quality and safety standards.
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Decades of Industry and
Product Experience
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Modeling from QC data (gel application)

—

Measurements on sample:
X1, X2 = fast = every day!
X3 = slow = not measured daily

s S

P .f - i
0N
L
”»
A
—

- — = S —
il Zal /IJ
‘leve

y
£
'\‘

X5 “level 17 X5 12

X‘level 3”

Sample

~g —

QC - gel test system: Y = force “\ e
X4 = test system (3 to choose from) < / ¢ )
X5 = 4 levels of a gel-component — o

Test gel " X5 levels

g~ Classical approach: 4 models (4Y)
- New approach: 1 model?? (1Y)
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WFLs Tooinox

Machine Learning Apps and regression
models tested

5 Predictors
1 Response

CLS - Classical Least Squares

LWR - Locally Weighted Regression

(o]

MLR - Multiple Linear Regression

NPLS - Multiway Partial Least Squares

Regression
Learner

PCR - Principal Component Regression
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(App)

. PLS - Partial Least Squares
5 Predictors
1 Response SVM - Support Vector Machine

XGBoost - Extreme Gradient Boosting

Regression
Interactions
linear

Stepwise Linear
Regression
Regression

Linear
Regression
Robust Linear
Efficient Linear
Least Squares

GPR - Gaussian Process Regression

Fine

Medium

Coarse

NN - Neural Network
GES
B
Boosted

SVM - Support Vector Machine

Gaussian

Least Squares .
Regression Fine

SVM kernel

MatLab® is a trademark of The MathWorks, Inc.

Quadratic
Coarse
Gaussian
Medium
Gaussian

Matern 5/2
Rational Quadratic

Squared Exponential

SVM kernel
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Data structure and pre-processing

Data

« 5 Discrete Predictors (X1, X2, X3, X4, and X5) + 1 Response (Force)
* No “Outliers” removed!

Pre-processing

» Data was Autoscaled prior to training and testing

(Value - Mean)/SD

All gel-test measurements (= X and Y data set) were randomized before splitting into
85% for training/cross validation (= 3584 gel-test measurements)
15% for testing (633 gel-test measurements)
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Regression Learner App results

Kernel (1964)

Linear Regressjon (1805)
'R"2(P)=0.

‘R*2(P)=0.7

* Stepwise Linear (1960) 4

'R*2(P)=0.

(= Transforming data to higher dimmensional space)

NN (”71980’s”) * Ensemble (1990’s)* SVM (1992) * GPR (1996) Efficient linear (2?7?)
'RA2(P)=0 83 R*2(P)=0.78 ' R"2(P)=0.81 R"2(P)=0.4

'R"2(P)=0.83 ‘R*2(P)=0.7 .

(Neural Network) (Support Vector Machine) (Gaussian Process Regression)
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PLS Toolbox App results ¥®

MLR (year 1805)

MLR - All data autoscaled

ANN (year 1943)

ANN - All data autoscaled

| [Rmsec= 106861

| [Rusecv- 107101 ..

100} |RuSER= 10001 =| . | 100
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(CV Bias = 0.0041983
Bias =-027386

| |R2(calcv) = 0502, 0500 Py -.' sy
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8 6o Fit (siope = 0.9921)|
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£

— Fit (slope = 0.9944)

= R2(R)=0.76

40
Y Predicted

(Multiple Linear Regression)

LWR (year 1988)

LWR - All data autoscaled

R"2(P)=0.79. -
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(Artificial Neural Network)

SVM (year 1992)

SVM - All data autoscaled

R"2(P)=0. 79,

st
Fil (siope = 1.0123)| |
1
« Caiibration
Tost

.+, [RMSEC = 60399

(Locally Weighted Regression)
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R"2(P)= "

X
. R?(C; —
R
2 40 60 )
¥ Predicted

(Support Vector Machine)
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PCR (year 1960)

Fit (slopo = 0.9885)
8]

PCR - All data autoscaled

R*2(P)=0.4

(Principal Component Regression)

i ope = 10016]

¥ Predicted

ANNDL (year 2006)

ANNDL - TensorFlow - All data Autoscaled

o[ RAZ(P)::O.89‘:}.:.,,;

(Artificial Neural Network Deep Learning)

60
¥ Predicted

AN
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PLS (year 1966)

PLS - All data autoscaled

| [ Ft (sope = 0.9932)

(Partial Least Squares)

XGB (year 2014)

XGB - All data autoscaled

it (sope = 10110)
100 * Calibrator

T RA2(P)=0.93,

Y Measured
2

R’ (Cal.CV)=0992,0.928
R (Prejua

0 20 40 60 80
Y Predicted

(Extreme Gradient Boosting)
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About XGB

What is XGB?

Extreme Gradient Boosting, commonly known as XGBoost (XGB), is a powerful machine learning algorithm that has gained popularity for
its efficiency and performance in predictive modeling tasks.

Pros

*High Performance: XGBoost often outperforms other algorithms in terms of
accuracy and speed.

Flexibility: It can be used for both classification and regression tasks.

Feature Importance: Provides insights into feature importance, helping in
feature selection.

Scalability: Efficiently handles large datasets and can be distributed across
clusters.

<Regularization: Built-in regularization helps in preventing overfitting.

How XGBoost Works

1. Boosting Technique: XGBoost is based on the boosting
technique, where multiple weak learners (usually decision
trees) are combined to form a strong learner. Each new
tree corrects the errors made by the previous trees.

2. Gradient Descent: It uses gradient descent to minimize the
loss function. The algorithm iteratively adds trees to the
model, each one aiming to reduce the residual errors of
the previous trees.

3. Regularization: XGBoost includes regularization terms in its
objective function to prevent overfitting. This makes it
more robust compared to other boosting algorithms.

4. Parallel Processing: It supports parallel processing, which
speeds up the training process significantly.

5. Handling Missing Values: XGBoost can handle missing

values internally, making it more versatile for real-world data.

Cons

«Complexity: The algorithm can be complex to tune due to the large number of
hyperparameters.

-Computationally Intensive: Despite its efficiency, it can still be computationally
intensive, especially for very large datasets.

eInterpretability: Models can be less interpretable compared to simpler
algorithms like linear regression or decision trees.

©2024 One or more of CP Kelco U.S., Inc. or CP Kelco ApS. All Rights Reserved. 9



Conclusion and next step

* Be creative with your data and how you use them (5X+1Y vs. 4X+4Y)

« Test many different models to increase chances to get Great prediction power!

« Build fewer but more flexible models if possible (vs. interpolation /maintenance )
« XGB (Extreme Gradient Boosting) is an interesting option for complex data!

7A

Next Step: Try XGB-prediction from only spectral X-predictors (= “instant predictions”)
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Many thanks I €@

Now time for Questions...

Experiences with XGB?

Other ideas/models to try out?

Other input/feedback?

i =
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Thanks for your attention! (=
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Linear Regression (1805)

2.2 Linear Regression RredictionsImodel2 2g0aad Model 2.2: Linear Regression

: i Status: Tesied
Last change: Interactions Linear 5

Training Resulis
RMSE (Validation) 0.63596
R-Squared (Validation) 0.59

MSE (Validation) 0.40444
MAE (Validation) 0.45746
MAPE (Validation) 167 9%
|8 Prediction speed ~100000 obs/sec
. Training time 9.2049 sec

Model size (Compact) ~12 kB

Test Results

27 . . g 5 . RMSE (Test)  0.72135
i d iy s Ma R-Squared (Test) 0.52
= - o O M by ol MSE (Test) 0.52034
S - 2 . : : MAE (Test) 0.49084
& Ay S oo oo, sfyc o S MAPE (Test) 163.6%
~:‘. ‘5 [ g: ’ = %
H }'.1 2 - . = Model Hyperparameters
or - Teugs o =
e a 7 ':v". & Preset: Interactions Linear
oia ol . Terms: Interactions
‘2 L .
2 e . Robust option: Off
L]
T :' | S s AR
., " = » Feature Selection: 55 individual features selected
. » PCA: Disabled
2 e, T » Optimizer: Not applicable
-
e —_——— '«
True response
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Stepwise Linear (1960)

2.4 Stepwise Linear Regression Predictions: model 2.4 £E5008 %0 Model 2.4 Stepwise Linear Regression
Last change: Stepwise Linear Status: Tested

Training Results
= RMSE (Validation) 0.63507
R-Squared (Validation) 059
MSE (Validation) 0.40331
MAE (Validation) 0.45741
MAPE (Validation) 168.0%
Al Prediction speed ~100000 obs/sec
Training fime 11.004 zec
Model size (Compact) -~12 kB

2k . Test Results
- . ., = T RMSE (Test) 0.72157
o - . . . R-Squared (Test) 0.52
. op® * ,;'- s s MSE (Test) 0.52067
o ..." op® . . ® MAE (Test) 0.49105
0 Ve e gt gl e . MAPE (Test) 163 5%

Predicted response
.
.

o & . . ~ Model Hyperparameters

.{' Preset: Stepwise Linear
. Initial terms: Linear

. Upper bound on terms: Interactions
sfeePy® ¢ . Maximum number of steps: 1000
L]

» Feature Selection: 5/5 individual features selected
U H ¢ PCA: Disabled
L]

. . . . . . . . + Optimizer: Not applicable
-2 -1 0 1 2 3; 4 5
True response
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Tree (1963)

2.5 Tree Predictions: model 2.5 L EMEa ) Model 2.5 Tree
Last change: Fine Tree 5 Hhlltsaatan
Training Results
RMSE (Validation) 0.53499
R-Squared (Validation) 0.71
i MSE (Validation) 0.28621
= . MAE (Validation) 0.37970
MAPE (Validation) 159 8%
Prediction speed ~130000 obs/sec
T : Training time 12.949 sec
o= .l ! Model size (Compact) ~148 kB
™ .
L ]
- B |77 = . Test Results
g “n . e e = RMSE (Test) 0.54773
£ RS ke R-Squared (Test) 0.73
8 ik D i g K R gleE MSE (Test) 0.30001
E :'. 's 23 .{‘.'o o *% - MAE (Test) 0.37929
|
MAPE (Test) 137.2%
Ce s ST :
PR :,J' > ':'. * k . = Model Hyperparameters
” ™ ‘:'.g' w . i » .
i * v v, ., Preset: Fine Tree
«1°.9 . : Minimum leaf size: 4
. '4." 53' Surrogate decision splits: Off
&~ AR
1| . L
O "" .'.. . » Feature Selection: 5/5 individual features selected
.: o . » PCA: Disabled
» Optimizer: Not applicable

2+
1 1 1 1 1 1 1 1
-2 -1 0 1 2 3 4 5
True response
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Kernel (1964)

Model 2.28° Kernel
298 Kemnel Predictions: model 2.28 2,FMmaq s Status: Tested

Last change: Least Sguares Regression Kemel sk Training Results

RMSE (Validation) 0.46964
R-Squared (Validation) 0.78

MSE (Validation) 0.22056

ir MAE (Validation) 0.33827

MAPE (Validation) 140.4%
Prediction speed ~110000 obs/sec
Training fime 667.21 sec

3l Model size (Compact) ~10 kB

Test Results
. RMSE (Test) 0.50224
. . R-Squared (Test) 0.77
. . - . - MSE (Test) 0.25224
°at ( .e MAE (Test) 0.35226
&. > - & .« ® MAPE (Test) 138.9%

Predicted response
.

s uE#'S.' AL ~ Model Hyperparameters

o s [y Preset: Least Squares Regression Kernel
. ¥ - % ‘F‘ L2 * * Learner: Least Squares Kemel

o é.. < s MNumber of expansion dimensions: Auto

[ s Regularization strength (Lambda): Auto

Ce Kernel scale: Auto

i Standardize data: Yes

| ., s & [teration limit: 1000

L ]
o Jgone - » Feature Selection: 5/5 individual features selected

» PCA: Disabled

f 1 L 1 1 1 1 ! » Optimizer: Not applicable
2 -1 0 1 & 3 4 5
True response -

GPKEJCO Unlocking Nature-Powered Success® ©2024 One or more of CP Kelco U.S., Inc. or CP Kelco ApS. All Rights Reserved. 16
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NN (”1980’s”)

2.24 Neural Network Brediodon s dmorele s £802Q4q Model 2.24: Neural Netwark

Status: Tested
Last change: Wide Neural Metwork 13 atus: Te:

Training Resulis
RMSE (Validation) 0.42570
. R-Squared (Validation) 0.82
MSE (Validation) 0.18122
MAE (Validation) 0.30569
MAPE (Validation) 126.2%
o Prediction speed ~190000 obs/sec
. Training time 646.51 sec
* *e . Model size (Compact) ~11 kB

P LI . Test Results

T b T RMSE (Test)  0.43306

.8 R-Squared (Test) 0.83

. MSE (Test) 0.18754

i 7atis o® MAE (Test) 0.30892
L MAPE (Test) 131.2%

Predicted response

. o . g ~ Model Hyperparameters

r oo = Preset: Wide Neural Network
. Number of fully connected layers: 1
e First layer size: 100
el o Activation: ReLU
. Iteration limit: 1000
g A Regularization strength (Lambda): 0
] s Standardize data: Yes

s » Feature Selection: 5/5 individual features selected
» PCA: Disabled

2 - 0 ! 2 3 4 5 » Optimizer: Not applicable

o -
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Ensemble (1990’s)

2.17 Ensemble

Last change: Bagged Trees

A HUBER COMPANY

Predicted response

Predictions: model 2.17

. - ..
[ * :’::l .0:.
. . " .® ., o':
e, s .3'0.0'.' o
. '.'..'1 Cx ol
. ® b g ) v ...:o..o
o \J . @ *
% . Ypae
o, *
o 800
et e * -

£HOQQ G
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1 2
True response

Model 2.17: Ensemble
Status: Tested

Training Results

RMSE (Validation) 0.46659
R-Squared (Validation) 0.78

MSE (Validation) 0.21771

MAE (\Validation) 0.33402

MAPE (Validation) 134.9%
Prediction speed ~20000 obsfsec
Training fime 53.499 zsec

Model size (Compact) ~2 MB

Test Results

RMSE (Test) 0.50088
R-Squared (Test) 0.77
MSE (Test) 0.250889
MAE (Test) 0.34581
MAPE (Test) 139.1%

- Model Hyperparameters

Preset: Bagoed Trees

Minimum leaf size: &

Mumber of leamers: 30

Number of predictors to sample: Select All

b Feature Selection: 5/5 individual features selected
» PCA: Disabled
» Optimizer: Not applicable

©2024 One or more of CP Kelco U.S., Inc. or CP Kelco ApS. All Rights Reserved. 18



Predictions: model 2.10

Last change: Cubic SV

Predicted response

@PK&IC() Unlocking Nature-Powered Success®
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Model 2.10: SVIM
Status: Tested

Training Results
RMSE (Validation) 0.46295
R-Squared (Walidation) 0.78

MSE (Validation) 0.21432

MAE (Validation) 0.32091

MAPE (Validation) 132.8%
Prediction speed ~389000 obs/zec
Training time 38906 sec

Model size (Compact) ~133 kB

Test Results

RMSE (Test) 0.48762
R-Squared (Test) 0.78
MSE (Test) 0.23777
MAE (Test) 0.33717
MAPE (Test) 125.4%

~ Model Hyperparameters

Preset. Cubic SVM
Kernel function: Cubic
Kernel scale: Automatic
Box constraint: Automatic
Epsilon: Auto
Standardize data: Yes

» Feature Selection: 5/5 individual features selected
» PCA: Disabled
» Optimizer: Not applicable

©2024 One or more of CP Kelco U.S., Inc. or CP Kelco ApS. All Rights Reserved.



GPR (1996)

2.19 Gaussian Process Regression Predictions: model 2.19 £ FMean Model 2.19° Gaussian Process Regression
Status: Tested

Last change: Matern 5/2 GPR 5

Training Results

RMSE (Validation) 0.42413

R-Squared (Validation) 0.82

MSE (Validation) 0.17989

MAE (Validation) 0.20945

MAPE (Validation) 132.1%

Prediction speed ~18000 obsfsec

Training time 253.48 sec

3F . Model size (Compact) ~181kB

.' Test Results
. . 9 . RMSE (Test) 0.45062
. . - R-Squared (Test) 0.81
. o 0 8, e . MSE (Test) 0.20306
* MAE (Test) 0.31148
ot o ..'. & MAPE (Test) 131.4%

Predicted response

~ Model Hyperparameters

. . = Preset: Matern 5/2 GPR
o 201 S Basis function: Constant
of .‘ 2 Kernel function: Matern 5/2
Use izotropic kemel: Yes
2 ":. . Kernel scale: Automatic
= e g Signal standard deviation: Automatic
[ . i Sigma: Automatic
. i Standardize data: Yes
g . Optimize numeric parameters: Yes

. . + Feature Selection: 5/5 individual features selected
1 1 1 1 1 1 1 1 v PCA: Disabled -
-2 -1 0 1 2 3 4 5 T :
True response » Optimizer: Not applicable

@PKQJCO Unlocking Nature-Powered Success® ©2024 One or more of CP Kelco U.S., Inc. or CP Kelco ApS. All Rights Reserved. 20
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Efficient linear (??2?)

2.14 Efficient Linear Predictions: model 2.14 £EO@Qw  Model 2.14: Efficient Linear
Status: Tested
Last change: Efficient Linear Least Squares sk A e

Training Results

RMSE (Validation) 0.70087
R-Squared (Validation) 0.50

MSE (Validation) 0.49122

MAE ({Validation) 0.52808

MAPE (Validation) 179.7%
Prediction speed ~240000 obs/zec
Training time 47 328 sec
Model size (Compact) ~11kBE

Test Results

RMSE (Test) 0.77095
= R-Squared (Test) 0.46
S s | e MSE (Test) 0.59436
2° wi MAE (Test) 0.55712
* MAPE (Test) 183.3%

N
T

Predicted response
T
*
[
.
o

$ A . ~ Model Hyperparameters

0F N L] .
: .;:‘ b T Presel: Efficient Linear Least Sguarss
LR S * ® Learner: Least squares
[ Solver: Auto
iy 3K’ " Regularization: Auto
S o Regularization strength (Lambda): Auto
* Relative coefiicient tolerance (Beia tolerance). 0.0001

» Feature Selection: 5/5 individual features selected

! L | | i ] i ] + PCA: Disabled
-2 -1 0 1 ) 3 4 5 L. .
True response b Optimizer: Not applicable
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ANN - Artificial Neural Network

ANN - All data autoscaled
[

120 | ‘
L]
—Fit (slope = 0.9944) o . .
I — 1: i . ] |
100 e Calibration ° o o ¢
¢+ Test e % o Y N 020
= OQutlier ° o '.,O. °e o:.‘o" ° e
80 (- o ~' 9 % .3.2 ® .' e -
® %o @0y e e _%3% it
B 0 508 P Bt ' °
5 . v St e
8 60 ° ¢ & ]
o ¢ @ °
= o B‘. N 4 Nodes (Layer 1)
> o °e ¢ é 3 Nodes (Layer 2)
& RMSEC = 6.7057
40 - " il e ' RMSECV = 6.9181 7
L (]
% RMSEP = 7.2667
’3 * Calibration Bias = -0.0024442
CV Bias = -0.065325
20 . Prediction Bias = -0.23974 | ]
4 RA2 (Cal,CV) = 0.804, 0.791
N R*2 (Pred) = 0.759
0 | | | | |
0 20 40 60 80 100 120

Y Predicted -
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120 T
——Fit (slope = 0.9885) °
S 11 ° . .
e (Calibration . -
B ¢ ® ® _
LY ¢ Test 2 o5 T
3 Princi e o e ©
rincipal Components ° @ o e %0 & ®
RMSEC = 11.25 « o o ecetse’
80 |RMSECV = 11.1618 o 5 & . s.. 3 oo |
o RMSEP = 11.4764 o © LS T
Qo Calibration Bias = 5.6843e-14 e° 4
> CV Bias = -0.021098 °« ¢
© B0 | |Prediction Bias = -0.12799 e o o ot 5 .
= R2 (Cal,CV) = 0.448, 0.457 . °
o R? (Pred) = 0.397 S
@
40 |- ... o. -
®g
@
@
20 - ° .
(] [ ]
0 == | | | | ! | |
0 10 20 30 40 50 60 70 80 -
Y Predicted
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PLS - Partial Least Squares

120

100

80

Y Measured
o))
o

40

20

I
—Fit (slope = 0.9932)
—t]21
e Calibration
¢ Test

3 Latent Variables

RMSEC =10.7362

RMSECV = 10.7629

RMSEP = 10.9278
Calibration Bias = 2.1316e-14
CV Bias = 0.0041443

|| Prediction Bias = -0.31192 0® %e®
RA2 (Cal,CV) = 0.497, 0.495 IR
RA2 (Pred) = 0.453 °®, o
$i )
* (]
| |
0 10 20 30 40 50 60 70
Y Predicted
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120 =
~— Fit (slope = 1.0116) *
11 il
100 © Calibration ® ¢ ® -~ —
¢ Test S B “o
= Qutlier . ° . Lo ® ./
¢ ® i
80 o’."o ." % 55 e ]
8 o °0¢ 2"‘.?? L) °¢ ¢
¢ ©
5 ¢ ¢ ® ’ “‘..‘. e i
N B e o " °s 5 Principal Components |
g 6o " " 6 e 50 Local Points
= . & 5. 0 * PLS Local Model
> @ °p * 5 Local Latent Variables
¢ : f t RMSEC = 5.0815
40 - P ot RMSECV = 6.4466 N
g o® RMSEP = 6.7721
¢ o ¥ Calibration Bias = -0.047502
A CV Bias = -0.065699
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ANNDL -

Artificial Neural Network Deep Learning

ANNDL - TensorFlow - All data Autoscaled
! ! T
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XGB - Extreme Gradient Boost
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