Data Processing in a Fast GC World

The case for unattended multivariate analysis

“We want reliable, intelligent answers driven by analytical

technologies that are not perfectly reliable or intelligent.”
- Lloyd Colegrove, Dow Chemical IFPAC 2013

Brian Rohrback, Infometrix, Inc, Bothell, WA
Gulf Coast Conference October 15, 2014



number of compounds.
— Predicting a physical property or system parameter
— Unbundling a mixture

2. Qualitative Analysis

— Evaluate a pattern of components to determine if
the mixture is within specifications.

Two Ways to Use Chromatography
|. Quantitative Analysis
— Provide a means of accurately quantitating a small



Another role for chemometrics
With the increase in speed, we need to automate
the assessment of the chromatographic data such
that samples behaving normally are accepted, but
any problem is noted whether it be
— a raw material input deficiency,

— a process problem, or

‘ — an instrument problem




independent running chromatographic equipment in
non-trivial applications.
* | believe chemometrics combined with fast GC is
generating a fundamental change in how we deploy GCs.
— Simplifying Calibration

— Process Control
— Global Databases

Re-thinking Chromatography
* 35 years ago, fused silica made GC more useful by
quintupling the number of technicians that could be



— Changing columns
— Aging columns

— Different instruments

— Degradation of the column over time

* We need to eliminated the retention time variability to
improve the precision of the assessments.

Processing Whole Chromatograms
e Chromatograms will show an x-axis (retention time)
shift for a variety of reasons:



L& Instrument 1 (offline): Data Analysis E]@

Operator vial Sample Name Method Name sample Am... ISTD Amount Multiplier Dilution #







Alignment via Software

* Oiriginal chromatograms often show large variation in
retention pattern; aligned chromatograms do not
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PCA model from aligned profiles

* Each evaluation will have a two qualifiers, one for in-
model consistency and one to monitor out-of-model
variation. These can be used to construct, for example,
a warning limit (95% confidence interval) and an failure

limit (99% confidence interval)

PCA Scores
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Delivering Information

Just having the measurements does not translate into control

There are not enough skilled technicians to handle even the current
workload.

Chemometrics solves the information processing problem with two
technologies:

— Alignment enables us to sell instruments that have vastly-lower
calibration requirements.

— Interpretation algorithms automates the generation and the
qualification of the information derived from the raw data.

And if we can make all of our instruments look as much alike

as possible.
Interchangeability

Common interpretive base



= New Instrument (Offline)  Method: untitled.met  Data: AM-51-650.0001.CDF  Project: Default - [Channel A — FID]

Start to 650°F Sample
g of a Conventional Crude
b - i Oil

Above: 3.5 min run

Right: expansion from 0.4
to 0.6 min.
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f= New Instrument (Offline)  Method: untitled.met  Data: AM 650 align + norm0Z.cdf  Project: Default - [Channel A] (=]

Substantial Reduction in
Sample to Sample
Variability

= New Instrument (Offline)  Method: untitled.met  Data: AM 650 align + norm02.cdf  Project: Default - [Channel A] E]@

Above: 3.5 min run

- fo.0004

Right: expansion from 0.4
to 0.6 min.




Building a PCA Model

* For each fraction, a subset of training data was created
using Kennard & Stone algorithm, then PCA was run

* PCA Scores from aligned profiles indicate a reasonably

homogeneous data set
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Validating the PCA Model

* Samples of bonafide and adulterated samples were
projected into PCA models for each fraction

* Peaks responsible for aberrant profiles were discovered
with contribution plots
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Target: C:\Program Files (x86)Infometrix\Sativex Profiler'Database\Project Files\CEDVCED _Cannabinoids\Cannabinoids 00305 (1) .cdf
Before: ) \G-Pharm\Current Data\CEDVCED _Cannabincids\Cannabinoids 00712 (1) .cdf
Model C:\Program Files Infametr % ProfilerDat :




[T Target [ Before [ After [¥ Time Labels on X Axis I Urizoom |

| A I Y N N B

&00

119.80 15580 189 80 23580 27980 M5B80 35980 3599 .81 435 81 47981
Time
Target: C:\Program Files (x86)Infometrix\Sativex Profiler'Database'\Project Files\CEDVWCED _Triglycerides\Triglycerides 00505 (1) .cdf
Before:j:\G-Pharm'\Current Data\CEDVCED_Triglycerides\Triglycerides 01308 (1).cdf
Madel: C:\Program Files Infametr % ProfilerDatabase\Project Fil BOVCED_Triglycerides\CBD_Triglycerides PCA_01 PMF
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Target. C:\Program Files (x86)Infometrix\Sativex Profiler'Database'\Project Files\Sativex\Sativex_Terpenes\Sativex_Terpenes_K11026 (1)
Before: ) \G-Pharm\Current Data\Sativex\Sativex 2072 (1) .cd
Model C:\Program Files Infametr Profiler\Dat ject File ivex! x_Terpens tivex_Terpenes_PCA_01 PMA




Example: HRVOC Fence Line Analysis
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10-27-2005 12-26-53pm_microfast0] 0324at  Fvemt 1198 0 3 0 0 5 0 0O & 0 1 1 0 0 123

10-27-2005 2-14-07 pm_microfast 01 004 dat Event I O O L 11 T 1 | I (T
10-27-2005 2-54-00 pm_microfast01 0084dat  Calibration 12744 491 457 402 488 077 430 438 047 499 490 1203 533 44 519
10-27-2005 2-34-04 pm_microfast 01 006 dat Bent 1547 38 67 3 52 105 3 MMl M M 174 TEOTE T4
10-27-2005 2-24-05 pm_microfast 01 005 dat Event A 2 1 132 131403 14 12 20 40 12 3
10-27-2005 2-44-02 pm_microfast 01 007 dat Eent 4046 141 160 148 141 295 148 144 307 146 122 447 183 195 170

10-27-2005 3-13-55 pm_microfast 01 010 dat N/A 2 10 I I K T B L ) A
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10-27-2005 1-21-06 pm_microfast01 0024at  Flameouwt 49 10 I I oo o o 0o 2 1 10 1 10
10-27-2005 3-03-57 pm_microfast 01 _0094dat  Calibration 25447 1005 1003 1004 1007 2012 1005 1007 2005 1003 0 2460 974 944 934
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10-27-2005 6-56-54 am_microfast0] 0714dat  Background 115 22 7 I a7 1 0 3 2 2 1 0 1 1
10-27-2005 6-46-55 am_microfast0] 0704dat Backgrownd 72 23 1) 9 o &4 0 1 0 0 3 5 0 i 1
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Continuous data interpretation PLUS
validation of a multivariate instrument

We can correct retention times to match an application-
specific relevant sample

You can use this to make all instruments performing a similar
task to look identical (Plug and Play)

Common regression and classification algorithms can be
applied automatically to infer physical properties or
characteristics

This allows us to bring more complex analyses into on-line
use and creates the ability to automate an application-
specific, objective evaluation system
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