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Motivation

Why and when should we use multiway
models when dealing with multiway data?

Our “client” is a practitioner, not a psychometrician
nor a chemometrician (or a statistician)
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Outline

3 different applications of N-way models
based on professor Bro’s N-way Toolbox
http://www.models.kvl.dk/source/
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Characterization of soils irrigated with untreated urban wastewater

Goal: to characterize the different types of soils corresponding to citric fruits
and rice, with the target of determining those variables which affect them
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Characterisation of soils irrigated with untreated urban wastewater

Descriptive study: diagonalize, two components

Loading Plot, Mode 1

Second component
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Locations loading plot for the first two diagonalized
components.
R =rice soils, C = citric fruit soils.
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Characterisation of soils irrigated with untreated urban wastewater

Model for the rice soll

Locations Loading Plot Variables Loading Plot
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Characterisation of soils irrigated with untreated urban wastewater

Model for the rice soill

Heavy metals + MO | > Organic-metallic complexes

* High correlation between Fe,, Mn; 1no1 Pb., Cr;

Highly reduced conditions | > Inmobilization and
(rice farming) precipitation of heavy metals

 Difference between the surface and the rest of soil strata (gradient on
surface)
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Characterisation of soils irrigated with untreated urban wastewater

Model for the citric fruit soil

Variables | oading Plot

Locations Loading Plot

A

Second component
Second component

02} Y {::;41 5C18 -0.31 B 'C
€17
085 o5 oz o7 o o1 9% o5 o4 g N . .
First componTt First component
Dephts Loading Plot
oe Pa |
0.7 c
0.6 °a
 os % D3
2 o4 c
= Z: S o Elements Expl. Var. (SS) Core entry.
E ool O (1,1, 1) 55.00200% 24.36756
Tt B Gradient on surface (2,2, 2) 24.15224% 16.14736
o5
il , (2,2, 1) 12.50809% 11.62033
D1
032 ) 02 04 06 08 1 (1, 1, 2) 5.49021% 7.69870
First component

UNIVERSIDAD I
POLITECNICA GIEM | g e monera ThRee-way methods In Chemistry And Psychology 2009 il



Characterisation of soils irrigated with untreated urban wastewater

Model for the citric fruit soll

Citric fruit soils remain without mixing

» Segregation within one parcel (locations C7-C10 vs C11-C12) due to
high and low grounds.

« Again, Fe; and Mn; are highly correlated
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Characterisation of soils irrigated with untreated urban wastewater

Interpretation requires core inspection, even when maximal variance
or diagonality is asked for.

In this environmental study:

* Rice parcels seem to be more homogeneous than the citric fruit

parcels (first mode)
* Rice soils do not evolve with depth, while for citric fruit soils this

evolution does exist (third mode)
» Most important variables have been isolated (second mode)

Monitoring?
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Integration of high dimensional arrays in omics data

Tucker3

Treatment
Treatment
Treatment

\/ Models

N-PLS N-PLS
2665 transcriptomic, 310 metabolomic and 19 physiological data  Tucker3
5 treatments (UT, CO, Low, Med, High) N-PLS

3 times (6, 24 and 48 hours)
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Integration of high dimensional arrays in omics data

Time M|
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Integration of high dimensional arrays in omics data
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Integration of high dimensional arrays in omics data
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E st PARAFAC explained 38.38% of the variation in the
< | | datastructure. Tucker3 model main core elements
ST e T explained 98.15% of 42.87% of variation = 42.08%
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Integration of high dimensional arrays in omics data
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o

92
-0.53%7 :
R
2 £578 284 2162
T 966
002 44709
2583 200 870 250
2 1 1 p217 1 1 1
-4 3 2 1 0 1 2 3 4

Component 1

The Score Plot provides the same
results as the ones obtained from
the Tucker3 model
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For the loadings, evolutions of the
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I3 PoLITECNICA
555/ DE VALENCIA

G450, UNIVERSIDAD

G I E M Grupo de Ingenleria
Estadistica Mu ante

ThRee-way methods In Chemistry And Psychology 2009




Integration of high dimensional arrays in omics data

Code Name 0.2

T
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Component 1
10 Albumn g/l 2
17 Tot. Protein (g/l)

The same genes appearing in Tucker3 model show up as the most relevant
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Integration of high dimensional arrays in omics data

Loading Flat, Made 1
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Integration of high dimensional arrays in omics data

Metabolomic data
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The same genes appearing in Tucker3 model show up as the most relevant
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Integration of high dimensional arrays in omics data
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Integration of high dimensional arrays in omics data

The most important source of covariance with the physiological data is
brought from the genes (transcriptomic data), although the metabolites are
also adding more information, mainly gathered by the second component.

Physiological parameters are slightly better correlated to metabolomics
measurements (57%) than to gene expression (51%) suggesting
Intermediate regulatory mechanisms from the transcriptomics level through
the metabolome to the phenotype.

Again, using multiwvay models (Tucker3 and N-PLS) rather than unfolded
ones (U-PCA and U-PLS) yield more interpretable results.
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Batch Process Monitoring

Several goals:

Goodness of fit

Goodness of

prediction

Several methods:

e Unfold-PCA
3. Process
understanding g 2 *Tucker3
B ime  4PARAFAC

4. Fault detection —
. . process variable
& diagnosis
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Batch Process Monitoring: Key issue 1: Best Fit

better than Tucker-3, which In turn fits better than
PARAFAC.
 The more complex (flexible), the better fit.

 The question is how complex the model should be.
« Looking for parsimonia: Cross-validated models.

Westerhuis et al., J. Chemometrics 13, (1999)
Louwerse & Smilde, Chemical Engineering Science 55, (2000)
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e Monitoring e deviation from e average
trajectories I1s what matters for batch process
monitoring.

Westerhuis et al. J. Chemometrics 13 (1999)

 Slab (variable)-centering removes the grand-mean.

/ Wold et al. Chemolab 44 (1998)
/f mean trajectories are not removed, a large number
/ of components are necessary to describe it before
systematic variation from average IS modelled.

Westerhuis et al. J. Chemometrics 13 (1999)
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Batch Process Monitoring: Key issue 2: Centering

L L L o 1 1 1 1
50 100 150 200 250 300 350 0 0 100 150 200 550

w0 a0 085 5 0 150 200 250 800 350
Original Removing the Removing the
Grand Mean mean trajectory
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Batch Process Monitoring: Key issue 3: Scaling

Column (auto)-scaling may increase the magnitude of noise by blowing up those
variables with low information content. If multilinear structure does exit, column-
scaling may distort it. Slab (variable)-scaling and Double-slab scaling are a
good choice (Gurden et al. Chemolab 59, 2001).

Scaling is problem dependent. It should be chosen such that it improves the
detection of faults. With slab (variable)- scaling periods with more variability will be
weighted more and will have a greater influence on the model. Periods with a lot
noise in a specific variable are weighted more than periods with consistent but
highly structured variability (Westerhuis et al. J. Chemometrics 13, 1999).

If there is no prior knowledge of the process behaviour and the type of faults
autoscaling is preferred. It there is prior knowledge, more weight should be done

to the critical period of the process (e.g. sampling more frequently) (Kourti &
MacGregor, 1999).
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Batch Process Monitoring: Key issue 3: Scaling

-0.8 ! ! ! !
0 50 100 150 200 250 300 350

Centred across 1st mode
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Column scaling Slab scaling Double slab scaling
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Batch Process Monitoring: Key issue 4: Interpretation

* In Unfold-PCA loading matrices are very
difficult to interpret as they convolute time and
variable information.

Wise et al. J. Chemometrics 13 (1999)

If there Is a strong reason to believe that a
multilinear structure does not exist, bilinear
models should be used. Otherwise, trilinear
models are preferred for their interpretative
properties. Gurden et al. Chemolab 59 (2001)

The nature ot three-way batch process data
Is often quite different from the trilinear
PARAFAC decomposition

Westerhuis et al. J. Chemometrics 13 (1999)
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Batch Process Monitoring: Key issue 5: Process Analysis &
Monitoring

depends an what type of faults are to be expected.
Louwerse & Smilde Chemical Engineering Science 55 (2000)

 Unfold-PCA is the preferred three-way modelling

approach of batch processes
Westerhuis et al. J. Chemometrics 13 (1999)

« The methods are complementary and a well-trained
practitioner will find all to be useful
Chiang et al. Chemolab 81 (2006)
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Off-line fault detection, diagnosis and monitoring system in a SBR

Comparison of four monitoring

Influent
approaches T T
Nomikos and MacGregor’s approach (BW- J._
Unfold)
Wold et al’'s approach and W2 approach Fill Anaerobic
(VW-Unfold & BW-Unfold) Efflent 1.5h v
CYCLE B
Tucker3 model 6h l
o ooi c°i °
0(\(0 Draw Aerobic
3h
0
(]
<
(@)
©
o Settle
15h
Variables

Goal: to achieve a good level of enhanced biological phosphorous removal
(EBPR) by efficient fault detection and diagnosis
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Off-line fault detection, diagnosis and monitoring system in a SBR

C1 70 Normal cycles (used for model building).
C2 16 Fault in conductivity measurement.
Start-up cycles (system still evolving to stationary
C3 6
state).
Noise in the measurements due to analogue filter
C4 6
breakage.
C5 6 Fault in DO measurement due to the presence of air
bubble beneath the DO sensor.
C6 2 Aeration system fault in the aerobic stage.
C7 4 Mixing fault at the beginning of the cycle .
C8 35 Normal cycles (used for validation).
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Off-line fault detection, diagnosis and monitoring system in a SBR

e On-line electronic sensors

1 K N
= pH 1
= ORP K
= Conductivity T Babic
= Dissolved Oxygen
= Temperature 1 1
= e X \
= = Batch 2
M Time 1
<<
| SSITN Tt a
1——>J |
Variable (j)
Batch-wise .~~~ .
1 3 2 &
_ _ - Batch |
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Off-line fault detection, diagnosis and monitoring system in a SBR

— 0o . .n.o..ff”iiiiicnhi”iifoioi]io+¢€¢.°—°;:’,6057zc”9CCCnpnpnpnpnpn
 Nomikos and MacGregor (1995) approach (NM):

Batch-wise unfolding

centred

Pre-processing _ _
scaled to unit variance

A PCA model is fitted

T? = tI:A ®I:1A tl:A

ThRee-way methods In Chemistry And Psychology 2009



Off-line fault detection, diagnosis and monitoring system in a SBR

NM: Nomikos and MacGregor
(1995)

WKFH: Wold et al. (1998)

Observation level 4 0,837 0,649
Batch level 7 0,960* 0,952*

W?2: batch-wise pre-processing followed by
variable-wise PCA analysis

Observation level 4 0.898
Batch level 7 0,841* 0.784*

T3: Tucker3, slab scaling [5,5,5]
T3: Tucker3, double slab scaling [5,5,5]

T3: Tucker3, unit variance [5,5,5] 0.789 0.780

Note: --- components were forced
* explained variance refer to the scores from the OL not to the process data
Tucker3 by crossvalidation
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Off-line fault detection, diagnosis and monitoring system in a SBR

T2 plot for new observations
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Off-line fault detection, diagnosis and monitoring system in a SBR

o |
s -4 | | 4
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Off-line fault detection, diagnosis and monitoring system in a SBR

SPE contribution of each variable at each time measurement

e

1
0 200 400 600 800 1000 1200 1400 1600 1800 200 400 60! 800 1000 1200 1400 1600 1800
Residual contribution of each variable at each time measurement Residual plot for each variable at each time measurement
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Centring across batches mode
Scaling within variables and time modes

SPE contribution plot for each variable at each time measurement
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Off-line fault detection, diagnosis and monitoring system in a SBR

Contribution in Dmod
Contribution in Dmod
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Off-line fault detection, diagnosis and monitoring system in a SBR

Comparison between the developed models based on the projection of the finished

batches from classes C2 to C8. Results obtained with 99% control limits.

NM approach

WKFH approach
(batch level)

W2 approach
(batch level)

Tucker3 model

c1 0% 0% 0% 0%
o,  100%, T2 Dmod, 100%, T2, Dmod, 100%, T2, Dmod,  100%, T2, SPE, pH,
Cond Cond Cond ORP, Cond
100%, T2, Dmod 100%, T2, SPE, pH
0 i) ) ) 0 i) ) ) )
C3  100%, Dmod, pH Cond, Tomp 100%, Dmod, pH ORD
C4 0% 0% 0% 0%
o) 2
C5  100%, Dmod, DO 10“"[T)C')Dm°d' 100%, Dmod, DO 50%, SPE, DO, pH
o 100%, T2 Dmod, 100%, T2, Dmod, 100%, T2, Dmod, 100%, SPE, DO,
DO DO DO pH, ORP
o) 2 o) 2
cy  100% T* Dmod, 100%, Dmod, DO 100%, % Dmod, 75%, SPE, DO
DO DO
0, 0,
o8 5.7/<)(2/3Tsz), Dmod, 0%(0/35) 5.7/0(2/3T52), Dmod, 0%(0/35)
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Off-line fault detection, diagnosis and monitoring system in a SBR

*Tucker3 and WKFH fail to correctly diagnose the responsible
variables for some faults

NM (Batch-wise unfolding) and Tucker3 provide more simple
procedures for fault diagnosis

*The most consistent fault diagnosis was achieved by NM
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Final remarks

Usually multiway methods yield easily interpretable models

*For batch process multivariate analysis the advantages of
MW over Unfold methods is not so clear, due to complexity
of changing dynamics over time
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One question: unfolding implications on Tucker 3 model

1-(K-1)

+ LMVs - LMVs
- Parsimonious + Parsimonious

+ Dynamics captured - Dynamics captured

- Constrained Dynamics + Constrained Dynamics

+ Auto-corr Stats. — Auto-corr. Stats.

J. Camacho, J. Picé and A. Ferrer. Bilinear modelling of batch processes. Part I: Theoretical discussion,
Journal of Chemometrics 22 (5), 299-308 (2008).
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Multiway analysis:
A practitioner’s perspective
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Variable slab Batch slab Time slab

Batch fiber Time fiber' Variable fiber
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— Column scaling:

— Slab scaling: NE
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Multiway Component model

X, | X, X,

t|E, | E, iE,
a, S
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Multiway Component model

G (ryxr,xr;) general core-matrix
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Multiway Component model
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Multiway Component model

.
e,
o

/'time
-5 A

process variable

1 (rxrxr) has superdiagonal and
all other elements are zero.
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— Interpretation of loadings is difficult

e Tucker3

— Different number of components in each direction
— Flexible, better interpretation

 PARAFAC

— Parsimonius, mainly used for spectroscopic data
— Scores may not be orthogonal
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