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Chemistry Matters Inc.

* Niche chemistry consulting company Software company specializing in data
specializing in environmental forensics, and visualization software
geoforensics, and biomonitoring.

Turning all data and statistics into easy-

* Big environmental datasets have to-understand graphics and pictures
become our specialty to merge
chemistry understanding with statistical
interpretation

* Environmental data intelligence and our
EDI pipeline

Knowledgebase vs. database
 Virtual office based, located in Canada, 5

US, and UK * Helping people communicate science
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. How are you collecting your data?

e All information from your site could be
important/useful

 All file types

* Human memory is inefficient and can be
lost when people leave the company

* Leaving it in your inbox means it could
be lost and not part of company
knowledge

 Comprehensive as possible

* You have paid for chemical analysis and
consulting work and opinions — data
should always be available

* Do you have it all? stat




" The Site

 Demonstrative dataset only

e Sources and most of the data
from a real-world site

* Location of monitoring wells

changed to protect the privacy
of the site
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“** First off — What is Machine Learning?

Artificial Intelligence — computer systems capable

of performing tasks that normally require human ARTIFICIAL
INTELLIGENCE

intelligence — reasoning, learning, decision making

MACHINE
LEARNING
Machine Learning — subset of Al focused on
. I 1
algorithms that learn from data and can make T T
predictions without explicit programming. There el e
can be supervised and unsupervised learning.

. CLUSTERING DIMENSIONALITY
Unsupervised does not mean unattended and on e REpdcTion
Its Own! Nearest Neighbours UMAP

stat

Trust
Through
Data



"*"_Human vs. Machine
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“. Human vs. Machine

o s Chloride Electrical Conductivity BEL . PH Ao g Sodium Sulfate
MW4 (MW4 (2012-09-12)) - 2012-08-12 MWS5 (MWS (2023-05-31)) - 2023-05-31 MW4 (MW4 (2019-06-04)) - 2019-06-04 MW2 (MW2 (2009-09-24)) - 2009-09-24 MW32 (MW3 (2009-09-24)) - 2009-09-24
A 4 59 3 v. 56 A 2 {4 Cat 14.2 1 A 40.98%) | Caton 58.( A ! jon 10 € ation: € 25!
Cl- Cl- Cl- Cl- Ci-

S0, Ca%+

SO2- Ca*+ S0, Ca+ S0, Ca*+ SO,2- Ca*+

| 3 o . ) .26
Cl- Cli- Cl- cl- Cl-

MWS (MWS5 {2022-05-27)) - 2022-05-27 MVVZ MW Z (2U22-UD~21)) = 20220921 MW (MW (ZU13-08-08)) - 2073-U8-08 MW1 (MW1 (2011-08-14)) - 2011-06-14 MW4 (MW4 (2022-05-27)) - 2022-05-27

Mg*+ Na+ Mg*+ Na+ Mg*+ Na+ Mg+ Na+ Mg+

SO2- Ca*+ SO 2- Ca*+ S0, Ca*+ S0,2- Ca%s $0.2-

atior 1

MWa4 (MW4 (2023-05-31)) - 2023-05-31 R S A e AR IS o SRl DL R MW2 (MW2 (2019-06-04)) - 2019-06-04 ; )32
6.24 [ ! s ‘ Al 1(26.86%) | C 73.04%

cl- S Cl- cl-

Mg+ Na+ Mg*+ Na+ Mg+ Na+ Mg+ Na+ Mg*+

Ca+ S0 Ca+ 50,2 Cas S02- Ca’+ SO,
MW1 _— e 14.36 ma/ 1813 Mgyl ¥ 2600 ps/cm 2.5 mgjL 8 pH 99.4 mg/L W 1048 mgj/L 75 mgjl
MW1 - E 14 mg/l ® 1119 uS/er 1.5 mg/l 8.31 pH 99 mg/l ® 980n 0.24 mg/l
MW1 - E 15 ma/l 1800 mg/L ® 1119 uS/cm 1.4 mg/L 7.83 pH 84 ma/l @® 1000 mg/l 30 mg/l

MW1 R— 13 mall 1900 mg/ ® 1119 uSer 2.9 mg/l 8.37 pH 82 mg|l ® 910 mg/l 32 mg/l




. MW1 (MW1 (2010-11-04)) - 2010-11-04 MWS (MWS (2012-09-12)) - 2012-09-12

. Human vs. Machine

— Group 2

MWS5 (MWS5 (2022-05-27)) - 2022-05-27

Group 1

MW4 (MW4 (2012-09-12)) - 2012-09-12 MW4 (MW4 (2022-05-27)) - 2022-05-27

Cl- Cl-

S0z

MW1 (MW1 (2011-06-14)) - 2011-06-14

Ci- Ci- Cl-

SO2- Ca*+
MWS (MWS (2023-05-31)) - 2023-05-31

Cl-
SO2- Ca*+

MW4 (MW4 (2023-05-31)) - 2023-05-31

Cl-

Mg+ Na+

Groub 1b Group 3

MW4 (MW4 (2019-06-04)) - 2019-06-04

MW2 (MW2 (2022-05-27)) - 2022-05-27 MW2 (MW2 (2009-09-24)) - 2009-09-24

MW2 (MW?2 (2019-06-04)) - 2019-06-04 MW3 (MW3 (2009-09-24)) - 2009-09-24

Ci-

Cl- Ci- Cl- Cl-

Mg+ Na+

SO2- Ca’+

MW4 (MW4 (2013-08-08)) - 2013-08-08

Cl-

Mg*+ Na+




. Human vs.

MW4 (2013-08-08)
MW4 (2014-07-10)
MW4 (2015-08-25)
MW4 (2019-06-04)
MW4 (2011-06-14)
MW4 (2012-09-12)
MW4 (2009-09-24)
MW4 (2010-11-04)
MW4 (2007-12-13)
MW4 (2008-10-24)
MW4 (2022-05-27)
MW4 (2023-05-31)
MW6 (2007-12-13)
MW6 (2008-10-24)
MWS (2023-05-31)
MWS5 (2025-06-12)
MWS (2022-05-27)
MW2 (2011-06-14)
MW2 (2012-09-12)
MW2 (2014-07-10)
MW2 (2019-06-04)
MW?2 (2015-08-25)
MW2 (2008-10-24)
MW2 (2010-11-04)
MW2 (2013-08-08)
MW2 (2022-05-27)
MW2 (2007-12-13)
MW2 (2009-09-24)
MWS3 (2010-11-04)
MW3 (2011-06-14)
MW3 (2009-09-24)
MWS3 (2012-09-12)
MW3 (2008-10-24)
MW3 (2013-08-08)
MW3 (2007-12-13)
MW6 (2010-11-04)
MW6 (2011-06-14)
MW6 (2009-09-24)
MWS (2012-09-12)
MW1 (2012-09-12)
MW1 (2015-08-25)
MW1 (2011-06-14)
MW1 (2014-07-10)
MW1 (2007-12-13)
MW1 (2008-10-24)
MW1 (2010-11-04)
MW1 (2013-08-08)
MW1 (2019-06-04)
MW1(2009-09-24)

Clusters: 4 | Cut: 81%
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14 mg/L

15 mg/l

13 mg/L

1800 mag/L

1800 mg/L

1900 mg/L

® 1119 uS/cm

® 1119 uS/ecm

® 1119 uS/cm

1.5 mg/L

1.4 mg/l

2.9 mgjL

® 831pH

® 783pH

® 8.37pH
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. Anthropogenic and Natural Salinity
Sources

* Oil and Gas — produced water, drilling fluids, leaks — mostly
NaCl

* Road Maintenance and Deicing — NaCl and CaCl, applied for
ice control and end up near roads and waterways due to

_MSOLUBLES _

runoff

A CHLORIDE _

* Agricultural Fertilizers — application of K, Ca, NH, chloride
fertilizers

* Natural Saline Soils — dissolved salts from glacial till and
bedrock deposits carried to surface by water and water
evaporates




" What is there to Fingerprint?

* Using normalized (major) cations and anions
and simple radar plot

Radar plots can be used to: = =Q

e Can overlay most likely background samples
for comparison

% Visualize finge rprints Of baCkgrou nd and Anion: 51.42 (50.19%) | Cation: 51.03 (49.81%)
impacted samples (various sources) i

* Human Validation of UMAP and HCA
branches based on radar plot similarities

* |dentify major salinity cations/anions in
various sources

Ca%+

Background
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| ::: Began Using Salinity Fingerprints in 2006

The following graphs show each of the target samples up against the ave 1. Introduction

1.1 Purpose
Ck
This Salt Impacted Soll Screening Model (S155 Model), Alberta Model was developed for Nexen Inc. (Nexen) to
dentify any actual or potential impairments by salt, based on site-specific information cbtained from intrusive
MW1 - 2007 MW1 - 2012, investigation in the field and also to help a decision-maker determine “neat step” rationale related to sofgroundwater
1243 0812 impacts ¥ any. The design concept is basically intended for i = 1o uge it 35 B predmi
and user-friendly data interpretation tool using a risk-based approach.
1.2 Fundamentals of Risk-based Screening Process
—_— {
1.2.1 Risk-based Screening
The Sait Impacted Soll Screening Moded (S155 Moded), Alberta Model was designed based on a concept of risk. Risk
can be defined as the probability of suffering harm and loss. The original idea started at: when the resulting harm is
Py measurable, risk may be calculated as the probability of a Stuation ocourring , multiplied by the severity of adverse
- W -a00s Mo2+ (< MW - 2013 effects if the Stuation oceur, It can be expressed as:
1024 | 0g-08
S04 RISK = X Severity of Cc (LaGrega 1994)
E Bssemes two Field observed data and laboratory analytical data. Field observations wil
| give us idea of probabiity of pathways and /exposure to potential recepiors; and laboratory analytical data indicates
severity of salt impacts. Therefore, the spreadsheet is 8 prescriptive, qualitative ool to determing if further assessment
5 Necessary of uNnecessary.
Table 1 shows a matrix for determining relative numerical and narrative levels of risk, Overall resulis wil be resulted
SALT-IMPACTED SOIL SCREENING MODEL i 2000 M2t w2014 from the overat ranking sysiom n Table 2.
09-24 0710
ALBERTA so4 Table 1. Matri for Determining Relative Numerical and Narrative levels of Risk
2 Severity Level of Salt Impact
(AB-SISS MODEL - B) e oy 2 Giiea |3 Gigh
S— | Pathway |1 (ot ctve) I
Possibility 2 (Possibly active)
c- 3 (Definiwly active)
' 7 Table 2. Overall Risk Ranking System
w1 -2010{ Mo2+ Ca2+ Mwi <2015 Mo2+( Results Potential Environmental Concem
1104 0828 \ If Overall Rank <1
S04 —N S042 { 1f 1=< Overall Rank <3
S " - 1 3=< Overall Rank <4
SITE LOCATION 1 4=< Criirall Rank <5
If 5=< Owerall Rank <9
LEGAL DESCRIPTION — 1 If Overall Rank = 9
DATE OF DATA ENTRY 1.2.2 Applicable Guidelines
M -2011 Mg2+ W1 - 2019, Table 3. AENV Guideines for Unrestricted Land Uise®
0614 0604 Rating Categories
S04 E Fae Poar Unsuiatie
- Top Sal EC (ds/m} <2 24 dwd 8
(A Horizon) SAR <4 48 8012 =12
Date of Version: November 13, 2006 Sub Sol (B |EC (dg/m) <3 w5 5t010 >10
= and C Horizon) | SAR <4 LY 8012 »12

* Developed salinity fingerprinting to evaluate risk at salt impacted sites

e First time using radar plots as a tool to identify background impacts
(above guidelines) from produced water impacts




. Fingerprint Salinity Sources

Know your sources for your site:

B S e MW1 (MW1 (2010-11-04)) - 2010-11-04

Cl-

* Impacted NaCl spill / release with
a dominant Na/Cl presence

Ca*+

Background

MW (MW1 (2013-08-08)) - 2013-08-08

Cl-

MW1 (MW1 (2015-08-25)) - 2015-08-25

Cl-

stat




. Fingerprint Salinity Sources

Know your sources for your site:

el B MW (MW (2007-12-13)) - 2007-12-13

Cl-

* Impacted NaCl spill / release with
a dominant Na/Cl presence

* Less Na, More Ca/Mg =

MWE (MW6 (2009-09-24)) - 2009-09-24 =y o

(o

MWS6 (MWE (2011-06-14)) - 2011-06-14

Cl-




. Fingerprint Salinity Sources

Know your sources for your site:

Sl s MW2 (MW2 (2007-12-13)) - 2007-12-13

Cl-

* Background salinity pattern with
a Ca/Mg/Na Sulfate dominant
pattern |

MW2 (MW?2 (2009-09-24)) - 2009-09-24

Cl-

Ca’+
Background

MW2 (MW2 (2011-06-14)) - 2011-06-14

Cl-

stat
VIS:




. Fingerprint Salinity Sources

now your sources for your site:

Sl s MW4 (MW4 (2007-12-13)) - 2007-12-13

Cl-

* Mg/Na sulfate dominant pattern

Ca*+

Background

MW4 (MW4 (2009-09-24)) - 2009-09-24

Cl-

Ca’+
Background

MW4 (MW4 (2011-06-14)) - 2011-06-14

Cl-




. Fingerprint Salinity Sources

Know your sources for your site:

Clusters: 3 | Cut: 85%

MWS (MWS (2022-05-27)) - 2022-05-27

Cl-

* Mixed pattern having NaCl on
top of background

Ca*+
Background

MWS (MWS (2025-06-12)) - 2025-06-12

Cl-

Ca’+
Background

stat
VIS!




i Alberta Background Database Project

* Master dataset for the project
contains 224,902 records with
EC, SAR, Cl, SO4, Mg, Ca, K, Na.

e 74,943 samples remained after
data exclusions

* Applied ML salinity forensic
workflow

* |dentified chloride data node,
which was removed to be
conservative




PeEm " =

v = Electrical_Conductivity

v
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. Alberta Background Database

* 48,579 data records remained to characterize background
salinity patterns and levels in Alberta

e 5 primary patterns of natural salinity in Alberta
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Quantiles

100.0% maximum 1
99.5% 10
97.5% 8.77
90.0% 7.01
750%  quartile 5.36
50.0% median 35
25.0%  quartie 1.89
10.0% 1.1
25% 0.62
0.5% 0.33
0.0%  minimum 0.0144551
~ Summary Statistics
Mean 3.8070874
Std Dev 2.2561927
Std Err Mean 0.0102365

Upper 95% Mean 3.8271511
Lower 95% Mean 3.7870237
N 48579
N Missina 0

20
15
10
5
0-
¥ Quantiles
100.0% maximum 209
99.5% 19
97.5% 16.1
90.0% 12
75.0% quartile 7.4
50.0% median 3.7
25.0%  quartile 18
10.0% 0.7
25% 0.3
0.5% 0.2
0.0% minimum 0
v = Summary Statistics
Mean 5.068553
Std Dev 44138254
Std Err Mean 0.0200258

Upper 95% Mean 5.1078039
Lower 95% Mean 5.0293021
N 48579
N Missina 0

v

«

v ~ Sodium Adsorption Ratio ~ ~pH

Quantiles

100.0% maximum 1.1
99.5% 8.7
97.5% 833
90.0% 8.1
75.0%  quartile 7.91
50.0% median 7.73
25.0%  quartile 75
10.0% 72
25% 5.84
0.5% a1
0.0% minimum 28
~ Summary Statistics
Mean 7.6402683
Std Dev 0.5954048
Std Err Mean 0.0027336

Upper 95% Mean 7.6456262
Lower 95% Mean 7.6349104
N 47441
N Missina 1138

v = Chloride

v

«

1000

800+

200

Quantiles

100.0% maximum 1020
99.5% 464.1
97.5% 282
90.0% 137
75.0% quartile 64
50.0% median 27
25.0% quartile 10
10.0% 5
25% 3
0.5% 2
0.0% minimum 1
~ Summary Statistics
Mean 54.431319

Std Dev 77.626315

Std Err Mean 0.3521962

Upper 95% Mean 55.121628
Lower 95% Mean 53.74101
N 48579
N Missina 0

R =1

v~ Sulphate
4000 -4
3000 -
20004
1000
0 ] |
¥ Quantiles
100.0% maximum 4370
99.5% 4150
97.5% 3660
90.0% 2860
75.0% quartile 2100
50.0% median 1270
25.0% quartile 530
10.0% 246
25% 110
0.5% 50.29
0.0%  minimum 8.7
v ~ Summary Statistics
Mean 1417.498
Std Dev 1002.5639
Std Err Mean 4.5487049

Upper 95% Mean 1426.4135
Lower 95% Mean 1408.5825
N 48579
N Missina 0

v ~ Sodium

1400

1200

1000 -

800

600

400 -

200

= |
¥ Quantiles
100.0% maximum 1330
99.5% 1240
97.5% 1060
90.0% 714
75.0% quartile 400
50.0% median 180
25.0% quartile 65.3
10.0% 25
25% 10
0.5% 5
0.0%  minimum 1
v ~ Summary Statistics

Mean 279.76237
Std Dev 28283942
Std Err Mean 1.2832629

Upper 95% Mean 28227758
Lower 95% Mean 277.24716
N 48579
N Missina 0

v ~ Calcium

v

«

500 -

400

200

0

v

Quantiles

100.0% maximum 532
99.5% 515
97.5% 466
90.0% 380
750%  quartile 300
50.0% median 210
250%  quartile 83
10.0% 39
2.5% 16.95
0.5% 7
0.0% minimum 0.78
~ Summary Statistics
Mean 204.86587
Std Dev 129.59521
Std Err Mean 0.5879828

Upper 95% Mean 206.01832
Lower 95% Mean 203.71342
N 48579
N Missina 0

v ~ Magnesium

v

<

Quantiles

100.0% maximum 430
99.5% 414
97.5% 364
90.0% 277
75.0% quartile 186
50.0% median 96
25.0% quartile 34.2
10.0% 14
25% 5.1
0.5% 2
0.0%  minimum 03
~ Summary Statistics
Mean 121.72808

Std Dev 102.07614

Std Err Mean 0.4631269

Upper 95% Mean 12263582
Lower 95% Mean 120.82035
N 48579
N Missina 0

v ~ Potassium

¥ Quantiles
100.0% maximum a5
99.5% 33
97.5% 28
90.0% 209
75.0% quartile 15
50.0% median 1
25.0% quartile 8.2
10.0% 35
2.5% 19
0.5% 1
0.0% minimum 0.37

v ~ Summary Statistics
Mean 11.476192
Std Dev 6.7398377
Std Err Mean 0.0305791

Upper 95% Mean 11536127
Lower 95% Mean 11.416256
N 48579
N Missina 0

stat
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Keys to Regulatory Closure

* Transparency Pipeline Break Eastem
* Is anything missing (hiding anything)? "i '
e Statistics, summaries, graphs all i
validated

e Communication
e What is written matches the data

supplied o !
* Any data gaps or anything left to oo
interpret?

stat
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. Conclusions

* All contaminants have chemical fingerprints that can be used to
identify sources, even salinity

* ML tools can process large (and small) datasets through workflows
that can confidently identify sources

e Users of ML need to understand (and potentially defend) those
identifications

* It needs to be communicated effectively
to client, regulators or opposing parties

stat



Contact Info:

Court Sandau Linked m

phone: +1.403.669.8566
emaill: csandau@chemistry-matters.com

or: court@statvis.com

www.chemistry-matters.com
www.statvis.com
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Follow Statvis Analytics on LinkedIN for the latest.
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