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Modeling Workflow is Everything!

Model
Deployment

Model
Maintenance
A4
Insight &
Understanding

Model
Selection

Model
Development

Data
Selection &
Conditioning

Data
Exploration

+ Awareness & execution
across all aspects

+ Analysis flow is iterative

+ Utilize visualization to
guide analysis

+ An audit trail is
fundamental
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Data in the Real World
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Key Point

SYMBOLIC

The only constraint is the
supplied building blocks.

Human limits of imagination &
possibility are not imposed!

REGRESSION

HYPOTHESIS
GENERATOR

We can exploit this creativity
to produce trustable data

models.
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The lllustration Data

+ Data from an industrial chemical reactor

* Having problems with product quality (QC)
+ 125 variables sampled over three months
* Chemical composition from gas chromatography (GC)

* Process information from plant (flows, temps & source)

+ Two users:

+ Analytical Chemists (Why??)

* Production Engineers (What to do??)
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Modeling round comments
are automatically archived
in the report

Automatically conducts
independent searches
on each available core

¥ Round Comments

Round 1 is an open search using short (3 minute) runs only excluding
the redundant QC metrics.

Completed edits have been saved.
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 Launch Project  Select Variables ~ Explore Data  Generate Models ) Analyze Models ) Test & Validate | JWhat if2) JReports|
>
u @ D Q e Par:etov!'-‘rom Cpn}ext Plotv — 3681 of 4393 sdgctgd

10 mr | o ]
Target Response Qc1 @ -

Select model sets using a Round Name filter:

Predefined - Manual By Date 06

Models near the knee of the
ParetoFront are of the most
interest from a practical

perspective.

Round1

r v .2 T . r v

Round2

The analysis process

Round3 is iterative as we work

Round4 our way towards the |

truth q
Round5 ‘
Round6
Round? I . N | |

300 400 500 800
U-Rnd 1 Candidates .
Interesting models Complexity

U-Rnd 5 (Process Vars) Candidates and model subsets

can be archived for
ease of analysis
and use

U-Rnd 6 (GC Vars) Candidates

U-Round 2 Candidates

The ParetoFront explores the trade-off
of complexity and accuracy. Both are
rewarded during the model search.

U-Round 3 Candidates

Developed
Models

Selected Model Sets

1.Opti_3-gC1_Round1...
2.0pti_3-qC1_Round1...
3.0pti_3-9C1_Round1...
4.0pti_3-gC1_Round1...

5.0pti_3-qC1_Round1...
M & 0Onti 3-aC1 Round1..

We want to run many
IndependentEvolutions to avoid

premature conclusions and to allow
the data to speak for itself
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number of
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Pareto Front Context Plot — 346 of 4393 selected

The ParetoFrontPlot
gives us an idea of
the modeling

potential

Subsets of the developed
models can be saved for in-
depth analysis
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9c2® can be isolated for
ol . U R B T focused modeling

o0 g0 MetaVariables
s can be explored and used in
= subsequent modeling
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Distribution of MetaVariables from IndependentEvolutions
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Pareto Front Context Plot — 1379 of 1379 selected
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3 or 4 vars
needed for good-
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Supporting
Production

Define inputs
for focused model
development (vars in
at least 20% of
models)
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Variable Combination Table
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 Select these variables only in the Variable Set Manager:
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variables for deployed
model development
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Pareto Front Context Plot — 2131 of 2131 selected
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Pareto Front Plot — 1921 models
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Model Properties for qC1
33.68 8.18 1584564.10
14190.43 + - - -31.81tem
m'l Expmuon "°W32 "OW32- urce 4 '.emp20 p20
R Squared 0.841055
Adjusted R-Squared 0.833007
DF SS MS F-Statistic P-Value

15

1

flow32
1

flow32-sourcel

1 7.95431 7.95431 6.87623 0.0104768

1 77.7843 77.7843 67.2419 3.55065x10712

ANOVA Table »
1 237.426 237.426 205.246 1.13695x10~23
temp20
temp20 1 160.402 160.402 138.662 4.57606x10~19
Error 79 91.3859 1.15678
Total 83 574.952

Deployable Models

80 minutes of model
development (32 independent
searches of 10 minutes on a
quad-core laptop)

Models were rewarded for
simplicity and accuracy

The individual models are
good; however, we want
trustable models based upon
ensembles
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Model Selection Table

o e An Ensemble

434,45 - 0.19M0ow ;Y - 23.20 sourcn, - 1.82%mpy,

15344021 0O
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Sow b )
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42501 - 489 [ fowag? 50urce; WmPag + 37.301mp; + 3180wy, s0uce, 2 10mpy, - (9.50% 10°2) wmpy,? 'ind'iV'idual mOdelS

SERNSTEESERESERESEIRERELES!

ModelEnsemble Properties fo Aind7 -var ensemble + Divergence of models provides
o a trust metric!

{-nomt.o‘-maoaaat +16237.31 - 11405790 _sowa2? 0.19 - 1omp20 1,82 - source! 23.20 + 434 45,

10mp22.0.53 - 1omp20° 1.49 + temp20973.50 - 211858.98 + 1534482100
tome20 Pareto Front Context Plot — 8 of 1921 selected

10mMp220.40 - lowd2 21,78 + flowd2 source 23.73 - temp2033.23 + 401, 1464869 - 194348850 0.20
S0ource 1 SeTel0

-i‘ﬂo?O’ (‘«71"04)0m25.20-w"334,“-3“4_72- mt&mn.
fowd2 1emp22 PP
Model Expression .
10mp220.28 + 2180 _ 10mp2030.64 - 0UrSe17 3104 | (g1 39 . 150406660 0.18.
fow32 fowa2? Wme20

1emp220.38 - 229 _ 5owa2 11.64 + flowd2 source12 12.50 - temp2031.73 - source1 54.13 + LR

14059.10 - 155252870 _1emp22? (0.50% 10°2) + flowd2 source 12 1emp223.16 - % *e. ©

Viowa2? source 10mp20 4,89 + lemp2237,30 + 1emp20 42 50 + Sowd2 471,98 + o >
0.14 <
source1? 891,67 - JTomp20 1161.84 - 24595 _ ooiece1 5241.64 + tos‘ro.n}, 3]
source!

R Squared 0.85464 . ®

Adjusted R-Squared 0.852867
LR

ANOVA Table Anova is not avallable for model ensembles. i . i
40 60 80 100 120
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100 |
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-50 |
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temp22 flow32

Predicted

-10.
12

-14

Ensemble
Performance

Rnd 7 4-var ensemble

+ Ensemble predictions have a trust
metric based upon divergence.

+ Temperatures are coupled so they
cannot be varied independently
— prediction spread greatly
increases if we try to do that!
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Conclusions

* One more thing ...

+ Modeling and data results can be archived to analysis report at the
click of a button

“ A function package is available for use in a notebook front end as
well as to facilitate automated analysis flows

» For more information or trial licenses for DataModeler, contact

*» info@evolved-analytics.com

» We also do consulting and custom analysis system development

* We have offices in the US and Europe
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