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Environmental Forensics: Using Data to Reconstruct a Story

What is Environmental Forensics?
A multidisciplinary practice that investigates the sources, extent, fate, and transport of environmental contaminants.
Emerging applications of statistics and machine learning add unrealized value to environmental chemistry datasets.

Example Forensics Use Cases:

= B 23

' Fate and Transport
Mechanism Identification

Source ldentification Delineation/Differentiation

» Chemical evidence of
groundwater/surface water interactions

« Influence of historical injections and
non-PFAS remediation

* Precursor degradation

* PFAS plume does not follow the
expected trend

« Commingled sources must be
differentiated and delineated

» Confirmation of offsite fingerprints to
source data
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» Detected at a site with no history of PFAS
usage

» Water Utility detections and residential
groundwater wells

* Presence in biological samples



Fate and Transport ok | oo i etDeposition
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Connections are Complex N7 actfen L ‘ s

Generally, Fate and Transport
describes the behavior of
chemicals following their
release to the environment.
This includes the physical,
chemical, and biological
processes that influence
distribution of PFAS in various
media, as well as the extent of
migration within and between
media.
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PFAS Fingerprinting versus Profiling

= Human fingerprints are very useful in criminal forensics because they are uniquely tied to one
suspect, and they are unchanging over time and distance. Proportions of mixed PFAS in the
environment do not act as reliably as fingerprints on their own, because they change during fate
and transport processes.

= A forensic profile is a broader classification that incorporates multiple lines of evidence and a range
of chemometrics patterns. Including:

* Spatial metrics — distance from source, gradient, directionality, areas of concern, etc

* Environmental Media and Interaction Properties — soil type, TOC, grain size, water quality parameters

* Chemical Properties — branched and linear isomers, chain length, precursor and degradant molar ratios
* Reference Library Matches — find similar samples or groups of samples in existing databases
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Chemometrics for Environmental Forensics Large Scale — Low Sensitivity

Group 2 Profile Group 1 Profile

= Chemometrics is the application of multivariate ‘\\ e
statistical methods for pattern recognition and machine
learning to aid our understanding of chemical data from

environmental samples

Group 3 Profile

= Useful as a sophisticated data slicer, detangler, and .
organizational tool =

= Can be used to examine contaminant origins, apportion
sources, and understand environmental processes Small Scale — High Sensitivity
affecting pollutants

: ,/1Industrial Facility

= Adapts to different scales easily. We have to specify the ~ e A
right method parameters and levels of cluster sensitivity Frio e /
(i.e. count/variability of samples within each cluster) to = o)
tailor it to eachcase = e .qls e

vvvvv
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Artificial Intelligence (Al) and Machine Learning (ML) in Forensics

= Al is the ability of a computer to “think” like a human and provide readily interpretable
information from data-rich inputs

= ML is a more specific part of Al, where statistical algorithms (i.e. chemometrics) discern
the patterns and equations that enable insights and predictions to be made from the data
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Unsupervised Machine Learning Concept Principal Component Analysis

. 2 compenents, captures 97.76% of total variation

= A very powerful tool when you have multidimensional T
data and can’t easily see the patterns
= Our human perception is limited to 3 dimensions |
= Key Steps to Pattern Recognition
¢ Data PreprOCGSSing Classic Iris Data Example
* Dimensionality Reduction e Cluster Analysis and
° CIustering :0 ; 'E U. , N Classification
= More advanced methods SRR
can be tailored to specific R S e
situations and data types =
\i\iﬁ,‘:\-
N
\\
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Application to PFAS Data

* Chemical data of all kinds can be broadly explored with this methodology
 Emerging concerns around PFAS and growing complexity of sources have driven development
* Pattern recognition groups the samples by similarity in mixture composition

Data Preprocessing
Expert Interpretation

Pattern Recognition e

Log Transformed Data Distrbution
o 4
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x = log(x) ol
o F b i 3
e & &
-2 E i !
o
Wos  vien res  ma  eon w0

ENVIRONMENT E)\ aecom.com




PFAS Profiling: Data-Driven Forensics Approach

Goals of PFAS Profiling Process

Tailored PFAS Pattern

= Tailored PFAS Pattern Screening Screening
° i ; *Chemometrics Profile Building
Forms the foundation of PFAS profiles o " «Additional Data Gathering
* Provides a roadmap for further investigation sMachine Learning ~Specialized PFAS Analyses

eAdvanced Statistical Analysis

= Profile Building

* Explain groups of samples, relationships,
and Slgmflcant Comp05|t|0ns Enhanced Differentiation

* ldentify additional statistical analyses and ‘ Techniques

data needs eNon-target analysis

e[somer quantitation

e|Indicator compounds

. Enhanced leferentlatlon TEChanues eSource Apportionment
* Focused analytical and sampling design
* Specialized Statistical Analysis

* Improve CSM and drive investigation
forward with multiple lines of evidence
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PFAS Chemistry Pattern Screening Example

Locations and Samples Sampling Program V. Map of Clusters and Average PFAS Concentration
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PFAS Chemistry Pattern Screening Example

Locations and Samples Sampling Program a Map of Clusters and Average PFAS Concentration 3D Well Cluster Plot
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Using Clusters to Identify and Isolate Sources

Cluster 1: Fire Training activities (non-client related)
Cluster 2: PFCA - Client related (production)

Cluster 3: PFSA - Client related (small fire) and non-client related

Cluster 4: Ambient — not Client related

Client Benefits:

- Improved communication and understanding of PFAS data

- Reduced liability

- Cost reduction for future remediation and investigation

Aerial map blurred (confidential,
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External Reference Data and Library Matching

Library Coverage Library Match - 99% Similarities

Pattern Recognition is relative to the
samples included in the analysis. If we
want to examine the results in the
broader context of PFAS occurrence at
other sites and other source types, we
must include reference library searches.

Ihe Hague 4
Rotterdam _.A™M

&

w Microsoft Azure

In this library search example, a project

Sa m p | e i n Be | gi u m S h Owed a u n iq u e Client Sample Library Matches Name Matrix éic'gir‘:my gf;g Country
signature in a perimeter sample. The e T

OW14-1 Groundwater 1.00 2 Belgium

PFBS g “... PFPeA PFBS .

resulting library search of the signature

FEPeh P111 Groundwater 1.00 2 Belgium
. . . 401 Groundwater 1.00 2 Belgium
d I h hl I P2070-4 Groundwater 099 2 Belgium
ret u r n e seve ra Ig y S I m I a r Mw956-30  Groundwater 099 5 Belgium
M M M M P2071-4 Groundwater 099 2 Belgium
SIgnatures In the pUbIICIV avallable PEHIA ' g * oS M N = e L. N P2072-4 Groundwater 099 2 Belgium
. . . . . T : R M53A Groundwater 099 2 Belgium

PB3001 G d 099 2 Belgi
Belgian dataset. This provides additional 001 Growdter 039 2 Begiam

context and lines of evidence for
potential offsite sources.
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Profile Building — Project-Specific Libraries

We have a growing library of PFAS data that can be
used to predict labels of new samples, including their - = =y
source type and facility type. Exploratory methods let EL 14 . e
us find specific samples in the library that may match [ —

ours.

Project Example — Library Search for Anomalous Data e -~

= Objective: Identify if anomalous sample in a site’s
PFAS pattern dataset is consistent with established e e
program-wide profiles AR N N

= Methods: Clustering and Machine Learning
Classification

= Qutcome: Identified that the site data is highly similar
to a subset of samples in the program library

ENVIRONMENT E)\ aecom.com



Advanced Statistics for Source Isolation and Prediction

Hierarchical Clustering Principal Components

PFAS Profiles can be used to guide source
apportionment and improve performance

= Question — Can we predict the extent of
groundwater PFAS concentrations
contributed from a specific atmospheric SOUVCG‘APPOFtiO"me“t
source using only the existing onsite and
offsite groundwater PFAS dataset? ' g |

= Qutcome — Successfully modeled PFAS 1 | -
groundwater concentrations associated with e |
. o . o 3. . L, B . © gy °
the atmospheric source and identified S e e h

several other potential sources in the area. L =20 .
2 | ——

Fingerprint-Specific Kriging Model
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Incorporating Advanced Analytical Data

Identifying PFAS MW-02A Quantifying F+T Behavior Using
Signature Changes in o ] Regression and Residual Analysis
Individual Wells -3 Oopn s 30
— X
=2 o (0
PFAS Profiles can appear to represent different u W
sources, when in fact they might just represent | [T R S,
o . . £ uifer
transformation or sorption preferences associated
with fate and transport. s T
= Question — How do we identify fate and -m) =N ‘ ‘
transport behavior and differentiate it’s affects S
from our understanding of sources?
= Qutcome — We can explore and account for @

these patterns in our analysis. We can also focus ‘

our efforts to collect specialized forensic Il Nin_ i

samples from representative groups of samples, elefEicieies | W l
significantly reducing further investigation costs |

< <9 = '\/{-4{4 <<<<

Moles of Transformed Precursors — Site Map
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Decision Framework — Adaptive Investigation Matrix (AlM)

Example First-Phase Matrix

[ | AI M p rOVi d e S a St r u Ct u re d a p p ro a C h to t h e trateqy Recommendation Scoring Metrics (Scored 1-5, Score of 5 equals most favorable to Client)
. . . . . Certainty of Findings | Technical Feasibility | Implementation Time Cost
potential paths of a forensic investigation
Exploratory Pattern Screening via
o . Clustering and PCA
= Key factors are flexible and can vary by client. i ) : ; :
T h ey u S u a | |y i n C | u d e : Targetgd Source Apportionmentlvia
PMF using Suspect Source Profiles
* Technical Feasibility : : : i
. Advar'm('ad Branched Isomer
* Outcome Certainty Speciaton 3 2 2 3
* Precedent/Regulatory Acceptance Selctive and Footsed Non-Targeted
Analysis
* Timeline : : : :
° C 0 St Forensic Site History Evaluation
Atmospheric Emission Location(s)
Spatial Analysis
Leapfrog Modeling Update to Include
Forensic Indicators and Atmospheric
Deposition Considerations
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Conclusion and Future Directions

Future-Proofing our Pattern Screening
Predict Unmeasured PFAS Presence from Limited Analyte Lists

= Pattern screening is a chemometrics tool that
allows us to understand our data more

5
holistically and form a data-driven roadmap to 4.‘-_-
incrementally narrow our investigation focus and 1 =

efforts IR

A machine learning model that has been trained on the CA
Geotracker PFAS dataset is able to accurately predict the
presence/absence of 27 PFAS compounids based on the
input of only PFOA, PFOS, and PFNA concentrations. The
micro average F1 score of the modelis 0.78, indicating good
utility for this application.

= Can identify the most efficient options and tailor
to any available data, small or large

= Part of a growing suite of dynamic chemistry Fa oy
tools we have at our fingertips

= Future directions include pairing chemometrics i B i
with PFAS fate and transport studies at AECOM’s e ] e
CleanTech Hub Laboratory with our in-house . EHE E 2%
PFAS analysis capabilities oo = L

mmmmmm
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Thank You!

Please reach out to us with follow up questions:
Zachary Neigh

William Leys

Mathieu Charrier

Visit our PFAS website
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