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Control Advisor Models for SIMCA-online

Introduction

SIMCA-onlineis a real-time prediction system forthe processindustry. From different types of datasources, suchas
MES, LIMS and processdata historians, SIMCA-online automatically collects data, performs multivariate
calculationsandgenerates intuitive control chartsthat summarize the state of the process. Diagnosis of deviations
and alarms are provided throughinteractive drilldown features.

Control Advisorin SIMCA-online extends the real-time multivariate monitoring capabilitiesto include a Forecast
mode for predictive monitoring and an Advised future mode for process optimization with model predictive control
(MPCQC).

Control Advisorincludes powerful predictive capabilities utilizinga combination ofimputationandregression
methods to forecast future trajectories of batch processes. Predictions of final qualities and yields are made
available earlyin the process and deviations may be detected before they happen, allowing for proactive corrective
action. The Advised future provides suggested process adjustmentsthat may be implemented manually or
automatically providing closed loop control.

Objective of the tutorial

The objective forthis tutorial is to teach the readerhowto create a modelin SIMCA thatcanbe used with the
Control Advisorin SIMCA-online.

Theoryand definitions

To make an informed decisionhowto steera batch processduring production a good estimate of the future, a
forecast orimputation, based on historical data and the knowledge onhowthe system have behaved historicallyis
needed. There are different methods to estimate the future values of a batch, but Imputation by Regression (IBR)
has proven to be one of the most accurate and fastones..

When theimputationof the future missing dependent variables hasbeen made, optimizationalgorithms are
deployed to find a more optimal future evolution forthe batch. We call thisthe Advised future. The optimal
setpoints found by SIMCA-online canthenbe appliedto the process as “mid-batch” corrections performed by the
user.
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Figure 1: Manipulated variables (Xmv) are future variables that are controllable, and theirfuturesettings are known, such as setpoints. All
other future Xvariables are called dependent variables (Xd). All values are known (Xk) up until the current time point.

With good forecasting capabilities, the future setpoints of the manipulated variables forbatch processes canbe
optimized on a fewdiscrete maturities called control maturities forone ormore targets, such as:
e Optimizing, suchasyield orquality (in Batch Level Models, BLM)

'S. Garcia-Munoz, T Kourti, J. MacGregor, Model Predictive Monitoring for Batch Processes, Ind. Eng. Chem. Res. (2004)
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e Stayinginsidethe model (in Batch Evolution Models, BEM orBLM)

e Stayingclosetotheaverage batch fromthe model (in BEM)

e Keepingadependentvariable closeto a trajectory (in BEM)

e Stayingasclosetotheoriginal manipulatedvariables aspossible (in BEM)

Forcontinuous projects, the targets couldbe to get assmall variationas possible.

Observe that forthe Advised future to workin the Control Advisor, there has tobe enoughvariationin the
manipulatedvariables in the historical data tospan the regionwhere the optimizeris allowed towork. To ensure this,
itisrecommended to performa design of experiments with the manipulatedvariables ateach control maturity.

Imputation
Animputation is a way to estimate whata missing value in a datasetmostlikely wouldbe.

1,5 ~

0 05 X1 1 1,5
Figure 2: Basic principle of model-based imputation; Estimate the values for x2 based on a model and the value of x1. This is the case for
PMP,SCP and CMR.

Inthe caseforthe Control Advisorin SIMCA-online, thismeansestimating the future dependent variables.

Examples of different imputation methods?

TRI: Trimmed Score Method

II: [terative Imputation

PMP: Projection to the Model Plane
SCP: Single Component Projection
CMR: Conditional Mean Replacement
TSR: Trimmed Score Regression

IBR: Imputation by Regression

NooswPn S

Theimputation method used by SIMCA-onlineis IBR. All missingdependent valuesare predictedin a single pass
algorithm.

The IBR method forbatch processesuse a batchlevel PLS prediction with all variables in the Xblockandthe
dependent variables as Y block. The batch level predictions of the Y blockare then reorganized backto batch
evolution dependent variables.

TheIBR method forcontinuous processes usesa combinationoflagsand leadswhere the lagged variables is set to
the Xblockand the dependent variables, the leads, are set to the Y block.

Data

This tutorial onlyincludesone datasetforbatch processes. Continuous projectsare discussed at the end of this
document.

2 Arteaga and Ferrer (2002) Dealing with missing data in MSPC: several methods, different interpretations, some examples
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The dataset Baker Yeast ImputationxIsb containsa batch ID column, 11variablesand 33 batches. The first 7 variables
(x1-x7) are dependent variables, Xd, variable x8 (Temp_SP) andx? (Air SP) are manipulated variables, Xmv. Variables
x10 and x11 will be excluded from the model.

. N Time Time
$BatchiD  Ethanol Temp Molasses NH3 Air Level pH Temp_SP  Air_SP

(Days) {Hrs)

Ba 0,03748 35,7145 478,196 23,7236 184299 41,738 4,74916 30 6715 0 o

Ba 0,0583 33,6153 1089,93 79,4786 2154,35 41,8333 4,72612 30 6715 1 0,041667

Ba 0,22471 314477 1110,98 81,7717 2342,81 41,3245 5,09084 30 6715 2 0,083333

Ba 0,38293 30,3056 1109,91 81,0109 251866 42,0182 504351 30 6715 3 0,125

Ba 052197 30,1153 1107,82 80,1929 2704,02 42,0932 5,11628 30 6715 4 0,166667

Ba 0,59908 30,3526 1125,21 80,9073 2878,89 42,194 5,01217 30 6715 5 0,208333

Ba 0,62089 30,5014 1172,53 86,2506 3059,62 42,2778 5,05836 30 6715 6 0,25

Ba 0,62648 30,492 1223,96 89,2116 3250,84 42,3894 5,11921 30 6715 7 0,291667

Table 1: Part of the Bakers Yeast Imputation dataset

Imputation model creation for batch models

Hereis howto create an imputationmodelin SIMCA (each of the steps are described in detail below):

Import adataset

Fitthe BEM.

Expandthedataset tothe batchlevel
Createthebatchlevel dataset
Createthe PLSimputation model

oawN s

Import a dataset

1.
2.
3.

Open SIMCA and click File | New batch project.
Open thefile called Bakers YeastImputation xlIsb.

Set all variables as Quantitative variables except the Batch ID column thatshould be set to Batch

ID.

Batch | v 2 |- B | 4 ~| 5 >| & |+ 7 | 8 |~| 9 | 10 [«] 11 |«| 12 |~
Primar ~ || SBatchID

2 - |Ba 003748 357145 | 478,196 | 23,7236 |18429% 41,738 474816 30 6715 0 0
3 ~|Ba 0,0589 33,6153 108993 | 794786 | 215435 (41,8333 (472612 30 6715 1 0,0416667
4 ~|Ba 022471 314477 111088 | 81,7717 | 234281 419245 500084 30 6715 2 0,0833333
5 ~|Ba 0,38293 30,3056 | 110991 81,0109 251866 42,0182 | 504351 30 6715 3 0125
6 - |Ba 052197 30,1153 | 110782 | 80,192 |2704,02 420932 511628 30 6715 4 0,166667
7 ~|Ba 059908 303526 | 112521 80,9073 | 287889 |42194 501217 |30 6715 5 0,208333
8 ~|Ba 062089 305014 | 117253 | 862506 |303962 422778 505936 30 6715 6 0,25
9 - |Ba 062642 30492 122386 83,2116 | 3250,84 |423394 511921 |30 6715 7 0,291667
10 |~|Ba 0,6288 30,3847 128065 o4 4121 3361,74 424882 506234 30 6715 8 0,333333
1 [~|Ba 064116 1303445 132771 98,291 3609.83 425999 | 50456 30 6715 9 0.375

4. ClickFinish onthe Hometabto finalize theimport.

5. Give anameto the Sartorius Stedim Data Analytics Solutions SIMCA Project file (USP-file) or keep
thedefault name.

Fit the BEM and expand the dataset

1. FittheBEM.
(s 2N%) AamEi#T SIMCA (x64) - [Bakers Yeast Imputation.usp] d = B
Home | Data  Batch  Analze  Predict  Plotlist  View o~
D EI FEl New s ~ ™y ﬂ b Twio First
HE=] B it o © Add
Dataset | Statistics | New Change | Autofit
= = B petete | piogel Type - Remove P
Dataset Workset Fit Model Diagnostics & Interpretation

sLLa}| pade

Project Window - Active model: M1 (PLS) | Autofit i

Autofit the model using cross

PLS <Unfitte...

2014-05-16

Untitled

No, Hodel | Type & validation rules to determine Date | Tite Hier
o BMT the number of significant
: compenents,

10SIAPY SISABUY

saj0e

Autofit the model using cross validation rules to determine th
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2. Makeacopyofthe Xd variablesin the batchevolution dataset using Generate Variables
3. OpentheGenerate Variablesdialog.

O 429 gy SIMCA (x64) - [Bakers Yeast Imputation.usp*] d = =

Home | Data | Batch  Analyze  Predict  Plotilist  View @
= Bl = EQ .I gl =571 [] Missing Value Map
5 4 S %Mo vy E3

8 Trimming Overview

Merge Split Transpose Delete Generate Local Spectral Time Series Dataset Non Hierarchical
Summary ~ - Spectra

Dataset Variables Centering = | Filters ~  Filters ‘

Hierarchical

Summary Base Model ‘

Modify Dataset Filters

= Project Window - Active| Generate Variables ? oz
E
ES Generate variables and append z
2 © | Model | Type| them to the selected dataset. 2rle.. | 02cu.. | Date | Title | Hier... | =
Ei New variables can be generated =
3 : by using a function, an S

= BEM expression with operators, or 5
- 1 Ml [T from vectors of an existing il
2 mod,
E
oz

Generate variables and append them to the selected dataset.

4. Generateacopyofvariables1to 7 bytypingv[1:7]in the Expression fornewvariablesfield. Click
Next.

Generate Variables - - olEN

Bakers Yeast Imputation

0,03748 | 35,7145| 478,196 23,7236 | 1842,99| 41,738 4,7491¢€
Ba 0,0529 | 33,6153 1029,93 | 79,4728 | 2154,35 | 41,8353 4,726812 30 8711
Ba 0,22471 | 31,4477 | 1110,98 | 81,7717 | 2342,81 | 41,9245 | 5,09084 30 @711
Ba 0,38293 30,3056 | 1109,91 | 81,0109 | 2518,66 | 42,0182 | 5,04351 30 6711
Ba 0,52197 | 30,1153 | 1107,82 | 80,1929 | 2704,02 | 42,0932 | 5,11628 30 a71!
Ba 0,59908 30,3526 | 1125,21| 80,9073 | 2878,89| 42,194 5,01217 30 a71!
Ba 0,62089 30,5014 | 1172,53| 26,2506 | 3059,62| 42,2778 | 5,0593¢ 30 a71!
Ba 0,62648 30,492| 1223,96| 89,2116 | 3250,84 | 42,3894 5,11921 30 &711
Ba 0,6288 30,3847 1280,65| 94,4121 | 3361,74| 42,4982 | 5,06234 30 &711
Ba 0,64116  30,3445|1327,71| 98,291 3609,83| 42,5993 | 5,0456 30 &711
Ba 0,683781 30,3887 | 1385,22| 102,406 | 3668,03 | 42,7231 | 5,06487 30 &711
Ba 0,6239 | 30,4464 1454,89 107,695 | 3394,62 | 42,8382 5,11761 30 671!v
= o n cacac | an unnc| acas sal aan asn | et ns | sn nces | = anens an =

Expression for new variable(s)

Finish - Generate More <Back Net > Cancel | | Heb

5. ClickFinish.

Generate Variables - - o IEN
New variable(s) [

I — ] 3 I L I A [CGengeRame. | | (o, Standard deviation
S S
35,7145 478,196 23 Missing values Missing values %

0,059 33,6153 1089,93 7 E

022471 31,477 110,98 2,

0,38293 30,3056 110991 21 Frequency histogram

0,52197 30,1153 107,82 20,

0,59908 30,3526 112521 20,

0,62089 30,5014 117253 2, 400

0,62648 30492 122396 89 5 : : .

0,6288 30,3847 1280,65 94 74506e009 24 48 72

064116 30,145 1327,71 %

0,62781 30,3887 1385,22 1p  Lneplet

0,6239 30,64 143429 10

0,63695 30,4196 1505,33 1" 73

0,63682 30,4082 156777 12 34

0,66893 30,3954 159776 2w ot ' - : : - d

> 0 400 800 1200 1600 2000 2400

| <Back | met> [ Fnsh | | cancel | [ Hep

6. Renamethenewgenerated variablesin the dataset
7. Openthedataset.
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SIMCA (x64) - [Bakers Yeast Imputation.usp*] “ - B

Data Batch Analyze Predict Plot/List View '@'

Hew As * :‘ i A Two First | 3§ @ ~ |# Observed vs, Predicted
Edit~ © Add BN " ok~ o Coefficients ~

=

SBJUOAR ]

Dataset|| Statistics | New Change | Autofit
3 = B Delete = | Model Type - © Remove | 5 v ok v g VIP
Dataset Workset & Fit Model o Diagnostics & Interpretation
View Dataset el: M1 (PLS) 2 =
Open any regular, hierarchical, g
discriminant, batch evolution or | A1 M| R24. | R2¥(c.. | 02fcum) | Date | Title | Her. || | &
batch level dataset. =
=
g

Open any regular, hierarchical, discriminant, batch evolut
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8. Copytheoriginalvariable namesinto aneditingtool, suchas Notepad or Excel.

O H & & 43 9 Ef 44 = SIMCA (x64) - [Bakers Yeast Imputation.us...| Ljst e
Home [Copy (ctri~C fatch  Analze  Predict  Plotlist  View  Tools
I‘ 2% Two First | 35 Overview ¢~ ¥ Observed vs. Predicted
© add N Summary of Fit ~ 7k ~ Yy Coefficients ~
Datoset | Statistics Moih:\rw‘?;e- RSO e | 5 Seores - - R
Dataset Workset | FtModel & Diagnostics & Interpretation
Project Window - Active model: M1 (PLS)
5 [ s > S,
2 E
T >
3 Ba 0,03748 | 35,7145 | 478,196 | 23,7236 1842,39 4,74916 2
= - 0,0589| 33,6153 1089,93 79,4786 2154,35 41,3353 4,72612 ] & |2
2 - 0,22471 31,4477 | 1110,98 | €1,7717 2342,81 41,9245 | 5,09084 30 &
B Ba 0,38293| 30,3056 | 109,91 81,0109 2518,66 | 42,0162 5,04351 0| &
= Ba 0,52197| 30,1153 | 107,82 20,1929 2704,02 | 42,0932 5,11628 30| &
Ba 0,59908 | 30,3526 | 125,21 80,9073 2878,89 | 42,184 5,01217 0] &
Ba 0,62089 | 30,5014 172,53 | 86,2506 3059, 62 42,2778 | 5,05936 30 &
Ba 0,62648| 30,492)1223,96| 89,2116 3250,84 | 42,3894 5,11921 30 &
Ba 0,6288 | 30,3847 | 1280,65 | 24,4121 3361,74 12,4982 5,06234 50 &
Ba 0,64116| 30,3445 1327,71| 98,291 3609,83 | 42,5989 5,0456 30| &
Ba 0,63781| 30,3887 | 1385,22 | 102,406 3668,03 | 42,7231 | 5,06487 30| &
Ba 0,6239| 30,4464 | 1454,89 | 107,695 | 3834, 62 42,8382 5,11761 30| e
< >
Ready

O K ™ & 539 54 =SIMCA (xﬁd)f[Bakers\'eastlmpulatiouus_‘ust | d
Batch  Analyze  Predict  Plot/list  View  Tools
New As ~ ;‘ ‘ 2o Twio First | 35 Overview ¢+ ¥ Observed vs. Predicted
dit - © Add N Summary of Fit ~ ik - ¥ Coefficients ~
Dataset | Statistics| New Change | Autofit
- - B Detete | piogel Type - © Remove | %% Scores + v I VIP
Dataset Workset 0 Fit Model £ Diagnastics & Interpretation
Project Window - Active model: M1 (PLS)
< [oema-vimcres i N,
= F
B als
4 B
g z
3 0] 0,03748 | 35,7145 478,196 23,7236 1242,99 41,738 4,74916 E
- 0,04186¢ 1| 0,0589| 33,6153 1089,93 79,4786 2154,35 41,8353 4,72612 &
2 0,083333 2| 0,22471| 31,4477 1110,98 | 81,7717 2342,81 41,9245 5,03084
i
= 0,125 3| 0,38293| 30,3056 110,91 81,0109 251%,66 42,0182 5,04351
a 0,166667 4| 0,52197| 30,1153 1107,82 £0,1929 2704,02 42,0932 5,11628
0,208333 5| 0,59908 | 30,3526 1125,21 80,9073 287%,83 42,134 5,01217
0,25 6 0,62089 30,5014 1172,53 26,2506 3059,62 42,2778 5,05936
0,291667 7 0,62648 30,492 1223,96 £9,2116 3250,84 42,3834 5,11921
0,333333 e| o0,6282| 30,3847 1280,65 94,4121 3361,74 42,4982 5,06234
0,375 5 0,64116 30,3445 1327,71 92,231 360%,23 42,5333  5,0458
0,416867 10| 0,63781 | 30,3827 | 1385,22 | 102,406 3668,03 42,7231 5,06487
0,458333 11| 0,6239 30,4464 1454,29 107,635 3394,62 42,2382 5,11761 v
< >
Ready
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Create the batch level dataset
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1. OntheBatch tab, click Create Batch Level toopenthe Create Batch Level Dataset dialog.

OL - 4a9

4 = SIMCA (x64) - [Bakers Yeast Imputation‘us..‘||_igt ‘

-

Analysis Control Charts Prediction Control Charts

Scores Variable List Scores Variable | List Observed vs. Unaligned
CC BCC Pé BCC PSBCC PSBCC k PSBCC | Smoothed Y vs. Aligned
| | Time/Maturity ‘ Dataset

Batch Models

Variable Summa

File Home  Data | Batch | Anayze  Fredit  Floylist  View | Tools @
= = ’ B
Create Batch|Creats Hisrarchical | Variable

Importance P\ulryl

Project Window - Active model: M1 (PLS)

Dataset - Bakers Yeast Imputation X

0,333333 0, 6288 | 30,3847

0,375 0,64116 | 30,3445
0,416667 10| 0,63781 | 30,3887
N.45R333 11 N.A239 1 3N._44A4

=
o
2
&
&
z

3 0| 0,03748/ 35,7145

- 0,041668 1| o0,0583] 33,6153

2 0,083333 2| 0,22471] 31,4477
E

F 0,125 3| 0,38293] 30,3056

E 0,166667 4| 0,52197] 30,1153

0,208333 5| 0,58902 | 30,3524

0,25 €| 0,62089] 30,5014

0,281647 7] 0,62642 30,492

E]

478,196
1089, 33
1110, 98
1109, 31
1107, 82
1125,21
1172, 53
1223,36
1280, 65
1327,71
1385, 22
1454 79

Create Batch Level

data,

23,7236 1842,99 | 41,738
79,4786 | 2154,35 41,8353
81,7717 2342,21 | 41,9245
81,0109 | 2512,66 42,0182
80,1929 2704,02 | 42,0932
80,9073 2872,89 | 42,184
86,2506 | 3059,62 | 42,2778
£%,2116 | 3250,84 42,3884
94,4121 3361,74 | 42,4982

2,291 | 3609,83 | 42,5999
102,406 | 3662,03 42,7231
107_AA5 | 3RA4_A2

Create a new batch level
dataset based on the evolution

4,74916
4,72612
5,09084
5,04351
5,11628
5,01217
5,05936
5,11821
5,06234

5,0456
5,06487
511761

10S1ApY SIS AEUY

Create a new batch level dataset based on the evolution data.

2. Select Rawdata as specifiedin the workset of the active modeland click Next.

Create Batch Level Dataset

]

What type of data do you want the batch level dataset to be based on?

[ Scores from the active mods! or group of modsis
Raw data as specified in ths worksat of the active mods!
[[] Raw data statistics as specfied in the workset of the active model

Create duration and endpoint in a separate dataset
Advanced
[[]Use average batch for missing phases

Include secondary variable 1D's

Nama|M1-bm:hbvd

<Back Next >

Help

3. Selectthegenerated variables ending with’_Xd" under Raw Data for Excluded Variables andclick

Finish.

Create Batch Level Dataset - - olEN|
Sslsct the ftems to build the btch svsl dstasst

Madel | Comment
= @ Raw Data ~

[ Time (Days)

[ Time (Hrs)
E

v
<Back || Fnsh | [ Cancal Help
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Create imputation model
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1. Inthe Workset dialogmake sure thatthe Create a batch level model checkboxis selected. On the
Variables tab selectall generated variablesforall time points by searchingforthe _Xd part of the

variable ID.
Workset =
Select Data | Owerview | Varables | Observations | Batch | Transform | Lag | Expand | Scale | Spreadsheet
Variables: Included: 1328 (X=1328, Y=0). Excluded: 2. Selected: 581
Primary 1D Comment Dataset 2

X Ethanol_%d_M1_0
X Ethanol _%d_M1_1
X Ethanol_%d_M1_2
X Ethanol_%d_M1_3
X Ethanol_xd_M1_4
X Ethanol_%d_M1.5
X Ethanol_%d_M1_6
X Ethanol_%d_M1_7
X Ethanol_%d_M1_8
X Ethanol_%d_M1_9
X Ethanol_Xd_M1_10
X Ethanol _%d_M1_11
X Ethanol_%d_M1_12
X Ethanol_Xd_M1_13
X Ethanol_%d_M1_14
X Ethanol_Xd_M1_15
X Ethanol_%d_M1_16
X Ethanol_Xd_M1_17

M1 - batch level (mw data)
M1 - batch level {raw data)
M1 - batch level (mw data)
M1 - batch level (mw data)
M1 - batch level {raw data)
M1 - batch level (mw data)
M1 - batch level {raw data)
M1 - batch level (mw data)
M1 - batch level {raw data)
M1 - batch level {raw data)
M1 - batch level (mw data)
M1 - batch level {raw data)
M1 - batch level (mw data)
M1 - batch level faw data)
M1 - batch level {raw data)
M1 - batch level (mw data)
M1 - batch level {raw data)
M1 - batch level (mw data)

Find: |_*d r Select All Crl+A
Complement Selection Ctrl+|
[ Create partial models ... Select...

['«] Find in ‘Primary ID' Column
Find in*Comment’ Column
Find in ‘Dataset’ Column
Find Beginning With *_Xd...

B Find Containing '_Xd'
Find Exact’ Xd'

Save as Default Workset

¥ 0K Cancel

2. Settheselected generated variables asY.

Workset ©
Select Data | Overview | Variables | Observations | Batch | Transform | Lag Expand | Scale | Spreadsheet
Variables: Included: 1328 (X=1328, Y=0), Excluded: 2, Selected: 581
Primary ID Comment Datasst @

X Ethanol_Xd_M1_0
X Ethanol_Xd_M1_1
X Ethanol_Xd_M1_2
X Ethanol_Xd_M1_3
X Ethanol_Xd_M1_4
X Ethanol_Xd_M1_5
X Ethanol_Xd_M1_6
X Ethanol_Xd_M1_7
X Ethanol_Xd_M1_8
X Ethanol_Xd_M1_5
X Ethanol_Xd_M1_10
X Ethanol_Xd_M1_11
X Ethanol_Xd_M1_12
X Ethanol_Xd_M1_13
X Ethanol_Xd_M1_14
X Ethanol_Xd_M1_15
X Ethanol_Xd_M1_16
X Ethanol_Xd_M1_17

M1 -batch level fraw data)
M1 -batch level [mw data)
M1 -batch level fraw data)
M1 -batch level [mw data)
M1 -batch level [mw data)
M1 -batch level fraw data)
M1 -batch level [mw data)
M1 -batch level fraw data)
M1 -batch level [mw data)
M1 -batch level fraw data)
M1 -batch level fraw data)
M1 -batch level [mw data)
M1 -batch level fraw data)
M1 -batch level [mw data)
M1 -batch level fraw data)
M1 -batch level fraw data)
M1 -batch level [mw data)
M1 -batch level fraw data)

Find: | _Xd

[ Create partial models Model type: | PCAX

Save as Default Warkset

v 0K Cancel

3. Do notexcludeanyvariables orobservations.

www.sartorius.com/umetrics
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1
u]

Workset -

Select Data | Overview | Variables | Observations | Batch | Transform | Lag | Bxpand | Scale | Spreadsheet |

Variables: Included: 1328 (X=747, Y=521), Excluded: 2. Selected: 581

Primary ID Creating Workset “
¥ Ethanol
¥ Ethanol_¥ | | The term 'Air_SP_M1_0' contains only 1 values different from the median.
¥ Ethanol
¥ Ethanol
¥ Ethanol_
¥ Ethanol
¥ Ethanol_
¥ Ethanol
¥ Ethanol_
¥ Ethanol
¥ Ethanol_
¥ Ethanol
¥ Ethanol_
¥ Ethanol
¥ Ehanol_ | D@ Youwant to exclude this tem?
¥ Ethanol

¥ Ethanol ves | [ vesoal | [ w0 | [ motom || camcel |
¥ Bthanol

a5

[ Create partil models...  Model type: | PLS v [ ok ][ canee

- Blocks -

)

model:

| Heb

4. Fitthemodel.

Ol 4 oS3 EL S - SIMCA (x64) - [Bakers Yeast Imputation.us... st - - 0
Home | Data  Batch  Analyze  Predict  Plotdist  View  Tools @
Mew As ~ 3‘ i A Two First | 05 4 Observed vs. Predicted
Edit~ Q Add NN - %k - M Coefficients
Dataset | Statistics | New Change | Autofit )
= > Hid Detete - | podel Type - © Remove > - ok - e VIP
Dataset Workset & Fit Model ] Diagnaostics & Interpretation
£ Project Window - Active model: M2 (PLS) | Autofit " z
z Autofit the madel using cross E
= | | No. | Modsl | Type | A N| validation rules to determine Date | Title | Hie. 2
E . the number of significant >
3||® BMI components. ES
= BE... @
o 1M1 PLS 52733 0857 0998 0,958 2014-05-16 Untitled =
5 =- Bl
5 2014-05-16  Untitled
S ion | Dataset - M1 - batch level (raw dsta) | Dateset - 1 - batch level Durti,
[ ~
1 |Primary 1D SBatchiD Number
2 MM
3 v
Autofit the model using cross validation rules to determir

5. Renamethemodelto, forinstance, Forecast modelto easily find it in the SIMCA-online
configuration.

www.sartorius.com/umetrics
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Imputation model creation for continuous models
Hereis howto create an imputationmodelin SIMCA (each of the steps are described in detail below):

1. Importadataset
2. Createleadsinthegeneratevariables dialog Forecast
3. CreateanewPLS modelwith lags

v

. History
x-4| 2
Import a dataset
1. OpenSIMCAandclickFile | Newregularproject.

2. Openthedatafile.

Batchiv] 2 |~| 3 |»| 4 |~[ 5 |v] 6 [+[ 7 I~+] 8 |v] 9 |« 0 [v] 11 |+] 12 |~
Primar ~ ]| SBatchiD
2 |~|ea 003748 357145 478,136 237235 184293 41736 474915 30 6715 0 0
3 [~ |8 00583 336153 108993 | 794785 215435 418353 472612 30 6715 1 0,0416667
4 |~|ea 022471 314477 111088 817717 234281 419245 500084 30 6715 2 0,0833333
5 |~|ea 032293 303056 110391 81,0108 (251866 420182 504351 30 6715 3 0125
5 |~|Ba 052197 301153 110722 80,1928 (270402 (420832 511628 30 6715 |4 0,166667
7 ~|Ba 0,59908 30,3526 nas21 80,9073 287889 42194 501217 30 6715 5 0,208333
s |~|ea 062080 305014 117253 862505 305962 422778 50593 30 6715 & 025
2 |~|ea 062648 30492 122396 82115 325084 423884 511921 30 6715 7 0231667
0 |-|Ba 06288 303847 128065 | 944121 336174 424882 506234 30 6715 g 0333333
1 I=lBa 064116 303445 132771 98291 360983 425999 5045 30 6715 9 0.373

3. ClickFinish onthe Hometabto finalize the import.
4. Give anametothe Sartorius Stedim Data Analytics Solutions SIMCA Project file (USP-file) orkeep
thedefault name.

Create leads in the generate variables dialog
1. Createleadsonthe Xd data (only) to formthe Y variables in the PLSimputation model also in the
Generatevariables dialog. Typical syntax Lag(v[3:35], -10:-1) means that variables 3to 35 will be
leaded 10 steps. Eachvariable will then be lagged -10, -9, -8,..., -1 steps.

Generate Variables -

Kamyr500
3 H
2 |2 29,79
z 3 29,79
6 |4 29,11 29,79
7 s 29,84| 29,11 29,73
Tﬁ 29,84 29,11 29,79
T 7 29,83 29,84 29,11 29,79
10 |8 29,83 23,84 29,11 23,739
Eg 29,42 29,23 29,84| 29,11 29,79
12 [0 29,42 29,83 29,84 29,11 29,
E n 23,67 29,432 29,83 20,84 28,11 .
<« >
Expression for new variable(s)
Lag(V[E13,1011?,19:21,23:26],—10:—1?‘ wll?2

Firish - Generate More < Back Cancel Help
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Create anew PLS model
1. Setall theleaded variables fromaboveto Y and all of the Xd variablesas X.

Workset

Overview Variables  Observations Transform Lag

Expand Scale  Spreadsheet

Variables: included: 186 (X=31, Y=155), excuded: 12, selected: 1

Primary ID

X xnen

X xoen

X xpen

¥ Lag(x1lin,-5)
Y Lag(xlin,-4)
Y Lag(xlin,-3)
Y Lag(xlin,-2)
¥ Lag(xlin,-1)
Y Lag(x2in,-5)
Y Lag(x2in,-4)
Y Lag(x2in,-3)
Y Lag(x2in,-2)
Y Lag(x2in,-1)
¥ Lag(x3in,-5)
Y Lag(x3in,-4)

Comment &

Lagged 1, 3 and 5 steps
Lagged 1, 3 and 5 steps
Lagged 1, 3 and 5 steps
Generated from Lag(x1in,-5)
Generated from Lag{x1in,-4)
Generated from Lag{x1in,-3)
Generated from Lag(x1in,-2)
Generated from Lag(x1in,-1)
Generated from Lag(x2n,-5)
Generated from Lag{x2in,-4)
Generated from Lag(x2n,-3)
Generated from Lag{x2in,-2)
Generated from Lag{x2in,-1)
Generated from Lag(x3in,-5)
Generated from Lag(x3in,~4) v

Use simple mode Model type: |PLS

Save as default workset

v Canca

O X

As model:

Help

SARTORILS

2. Inthelagtab, select allthevariables and lag them at leastthe same amount of observations asthe

leads.

Workset

variables 1, 2 and 4lags.

Overview Variables Observations Transform Lag

Expand Scale  Spreadsheet

O X

Specify the lags to apply to the selected variables. Use - to spedify a range, i.e. 1-9 means lag the
variables 1, 2,..etcup to 9 lags. Use a list with blanks to specify selected lags: "1 2 4" means lag the

Lags: | 1-10

Available variables: 198, selected: 198

Lagged variables: 99, selected: 99

Primary 1D
X x1in

X x2in

X x3in

£ x4in

X x5in

X x6in

£ x7in
Xyl

Primary ID

xnen.L3

xnen.L5
xoen.L1
xoen.L3
xoen.L5
xpen.L1
xpen.L3

w xpen.L5

Find: I:I 3

As model:

Use simple mode Model type: |PLS

Find: I:I 3

v Remove

v

Remove all

Cancel

Help

3. Fitthemodel.

4. Renamethemodelto, forinstance, Imputation model.
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