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How can data improve
understanding?

Site Geometries

Regulatory
Framework

Shared goal: To clean sites well and
efficiently
Then why is cleaning sites difficult?

A major barrier to site cleanups is a
between:

— An organization and its own data

— RP <-> Regulator, Regulator <-> Public,
RP <-> Public

We believe harmonization of data can help
bridge these gaps by building transparency
and trust



From chaos to connection
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 Current state

* Very person-dependent

e Redundant and manual

Data in one place with governance
But how are they related?

Knowledge Graph
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* “ALiving CSM”

Programmatic holistic question
answering
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Toward a knowledge graph of contaminated sites

What and Why? Example graph of a site
— A graph database (aka, “graph”) stores nodes
and relationships instead of tables or

documents.

— It's NoSQL — so we are flexible to site-specifics

— The extent to which we understand or can
“‘quantify” a site can be explained by the
richness of this graph (how many nodes, node
types, and relationship types)

— Aka, an “Augmented, Living Site Conceptual
Model”

— Each site’s graph may look different, and
graph-level measures of complexity or
connectedness could be meaningful

,- ;
A
- £
o &
=

g
!

Stake-
. L_-,.!:'“ holders

The Secret Sauce of Neodj: Modeling and Querying Graphs | © 2024 GHD. All rights reserved.



https://neo4j.com/blog/secret-sauce-neo4j-modeling-graphconnect/

. - Example: Determining regulatory jurisdiction
R I d d I e m e t h I S When required, collect represen tative soll or other appropriate media samples

to evaluate impact from the release.

Answering (the right) questions is the

Our ability to navigate regulations depends on:

Knowing what questions need to be
answered

accurately

With the correct data in place, connected and
structured properly, answering questions is
simply a matter of processing the data.

“But " you say. True.

That's where Large Language Models (LLMs)
come in...

My Site Might be Contaminated. What Do | Do? - Texas Commission on Environmental Quality - www.tceg.texas.gov. Texas Risk Reduction Program (TRRP) Guidance document



https://www.tceq.texas.gov/remediation/mysite.html
http://www.tceq.texas.gov/

LLMs can be a great interface to (and between) data

Large Language Models (LLMs)

Retrieval-Augmented Generation (RAG)

Generative Al models that accept and output text that looks A way to use LLMs to answer specific
human-generated

Use Cases:

Text summarization
Chatbots
Code generation

Question Answering
(**limited**)
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Improvements over vanilla LLMs:

Limitations/Risks: — Accuracy

— Hallucinations —  Informity

— How to “focus” them — Relevance
on specific —  Versatility
information? _ Niche Dataset

— Reduce Hallucinations

Answer combined with LLM and Outside Knowledge

Challenges:

— Conflicts between
documents

— Over-confidence
— Validation is subjective
— Timeliness of Information

— Hallucination still exists

The best LLMs of 2024 | TechRadar; Introduction to Large Language Models | Machine Learning | Google for Developers | © 2024 GHD. All rights reserved.



https://www.techradar.com/computing/artificial-intelligence/best-llms
https://developers.google.com/machine-learning/resources/intro-llms

Exploring the RAG design parameter space

Research Goal:

— Define “accuracy” for LLM-based Question Answering systems
— Use this to metric to optimize the systems ability to solve problems

Experimental design Parameters explored
) ) — Prompt Engineering: How we structure meta-instructions
— Regulatory text with FAQ Experiment design to the LLM
document as ground truths Schedule — Chunking approach: How the graph is constructed from
— Custom model configuration - the text

— Num. examples: How many few-shot examples are

— 40 experiments User provided to the LLM
— Adopted RAG evaluation Question A;SWGI’ — Temperature: How “creative” responses are
framework I

I_/ =~ QA System with regulatory text
\

Network Graph of Regs

Evaluate Against

Questions, answers, context

# — Coherence: How human-like the response it

- ’ Evaluators — Groundedness: Similarity between Al claims and
| ground-truth

Qualified evaluation

v

Parameters evaluation

— Relevance: Ability to capture key points

Synthesize parameters

— Dontknowness: How confident is it when it's wrong

A collaboration with Columbia University | © 2024 GHD. All rights reserved.



RAG evaluation — Qualifying improvement

Experiment 1 Baseline
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= =) The text contains information about calculating annual emissions of CO2, CH4, E3 §@ The answer completely lacks relevance to the
Iﬂl N20, and fluorinated GHGs from various source categories using specific equations [ ] guestion about emissions factors and

and methodologies. It also mentions the monitoring and reporting requirements for 4k calculation of emissions from leaking
Baseline different types of facilities. However, there is no specific mention of emissions components for onshore petroleum and natural

factors for leaking and non-leaking components in Table W-1A, nor is there a direct
calculation method provided for emissions from leaking components for onshore

petroleum and natural gas sources. Further analysis or additional information may
be required to address the specific question about emissions factors for leaking

components and the calculation of emissions from onshore petroleum and natural
gas sources.

gas sources.

Battelle | © 2024 GHD. All rights reserved.



RAG evaluation — Qualifying improvement
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Metrics

= E The emissions factors listed in Table W-1A provide population emission factors for both leaking
é and non-leaking components. To calculate emissions from leaking components for onshore

! ! petroleum and natural gas sources where monitoring is not required, you can use the population

emissions factors for leaking components listed in Table W-1A. The calculation involves counting

all major equipment listed in Table W,Ai1B and Table W,Ai1C, and then multiplying the major

Best equipment counts by the average component counts listed in the respective tables. These factors
provide the emissions rate per unit of activity for different types of equipment and processes. The
specific equations and methods for calculating emissions are determined based on the type of
facility, equipment, and geographic location, as detailed in the regulations. No leak detection of
emissions is required for onshore production. For further details on the concept of population
emission factors, please refer to section 6(d) of the Technical Support Document

Current

Relevance

The answer provides a clear and accurate response
to both parts of the question, addressing whether
the emissions factors listed in Table W-1A are for
both leaking and non-leaking components and how
to calculate emissions from leaking components if
monitoring is not required for onshore petroleum
and natural gas sources. The answer also includes
additional details on the calculation process and
references the relevant regulations and technical
support document for further information.

Battelle | © 2024 GHD. All rights reserved.



How we are building it
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Data in one place with governance
But how are they related?

 AlLiving CSM

Programmatic holistic question
answering

| © 2024 GHD. All rights reserved.




Document hierarchy

Deconstructing the data within a document is a layered problem, and understanding how documents
tend to look for contaminated sites is key. This is much bigger than simply applying OCR.

Page level content

Many Documents One Document One Page /Text Tables Mah

A_ = = M
Sl = I BB i
=l I= . - -
B — - _:Q
— rl._.. rl-—- - Pics Lab Reports Figures
— How many “types” — What kind of — How can | feed E Ji-li-l L
of documents are content does the content on
_ there? this document this page to its Signatures  Stamps
—  What do these have? appropriate
documents — Whatis a ingestion ‘ @}

describe? summary of the pipeline? M
document?

Battelle | © 2024 GHD. All rights reserved.




Sequential document deconstruction

No-look document organization

- e
T— *Iﬁ;""ﬁ || [ Hierarchy Level | Our explorations /
) solutions
O e Many documents | — Document clustering
19 o | GHD Using doc features to augment state database

Single document | — Page classification
with computer vision
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How we are using it



Example linguistic interfaces to
site data

Q&A with site docs

flexible produs d two product dapensers. Historically, there is no reccrd of
bainG oF b ot 1hE Bite 1
Cations: 1. 14396 | FINAL Risport_ chunktpdd-pg.9 O““‘-—-—...___‘_____}O O

2. W98 | FIMAL Report chamd petl-pg 10

t i and
asaling. The and sa " duscie
| d petroiewm hydrocarbons as diesel and oil and Montest Total Petraleuw
drocabons 3 guine RAG Chat Agents +
Citations: L. ERTS 838108 B pdf-pg.s

Python/Pandas

Q&A with tabular data

show the sample counts and max concentration for VOCs

at all locations

See the output below

LN-20631 Benzene
20631 Ethylbencens

LN-20631 Toluene

show a time series (line + point) of Toluene at LN-1641,
with a log-transformed y axis

See the output below.

Result

Concentration/Result (mg/kg)

Collection Date




The future of regulatory compliance?

Requlato raph

Questions

P\ ;O Answers

Lab Analytical

Timelines

Regulation
Regulatory text Guidance docs
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No-look document organization

Assigned Clustering categories

ﬁ Cluster Vizualization
~3 ' No | Label*
1 Agency Agreement
2 A Application Acceptance
- @ gency Applicatl 0)
3 Agency project status and

termination letters

4 Opinion letters
5 Investigation Field Reports
6 Groundwater Reports, Analytical
‘ Reports
7 Site Hazard Assessment Worksheet
8 Notice regarding
determination/liability of release of
n_clusters=16 hazardous substance
Trimap projection
9 Initial Investigation letters

10 NFA for LUST

19 | GHD



Computer vision based page classification

We trained a deep learning model to detect the content in a page by how it “looks”

T field form
- ext”

Map =EEH2 E 2
- Lab Reports SE B EEEEE 8

- Graphs TR R N
|>Dw|ders =EE E EEEE B 2

Convolutional S
Neural Network

- Data Tables

pm

- Boring Logs : —_ —

Model training & =
optimization

2,200 pages
300 documents
convert to image

Ep

Divider 0.93 1 0.96

. Boring Log 0.92 0.87 0.89
Confusion  cpain of custody 1 0.92 0.96
Matrix Graphs 0.93 0.92 0.93
Map 0.94 0.98 0.96

20 Text 0.99 0.95 0.97



Using doc features to augment state database

_
al Pags Class

Extracted 46k documents (4.2 MM pages) from a state To s o oo
remediation website 138&5 i"i';lfi;?.’ "'*.;.fofiﬁ 9 =
Dissected and extracted content from documents and 661 ol e ) 287 L XL

populated database

Dashboard as a tool for internal SMEs !!- .

eument by Document Group PageNumber. Do<_ID and PageClass

— ] 1) High-level state-wide summary

2) Site-level summary
\Pages oy Docoment o e Group s e in = 3) Document drill-down down to a site
m— | " . b and see the details of its documents
— - —
| | -




Document clustering — Process

Umap
. Optimal
THAE o] Dimension | T-sne ) aumber of
features ion -
reductio Trimap clusters
Pacmap
( )
: Optimal Qualitative
S;':gluz;te m)| number of |EEEE) Clustering algorithms —> evaluation
y clusters . J
K-means .Trir_nap
projection plot
Spectral DR @‘ """""""" with cluster
Db labels
scan Hyper pe}rameter
Agglomerative ning Word cloud

Battelle | © 2024 GHD. All rights reserved.



RAG evaluation — Quantifying improvement

7.00

6.00

5.00

Component Score
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4.15 4.15 411

-

441 4.37 4.32 4.32 4.31 4.30 4.30

4.76 474 4.75

2.884

Experiment Experiment Experiment Experiment Experiment Experiment Experiment Experiment Experiment Experiment Experiment
40 27 29 23 25 21 22 35 19 20 1

I Relevance [ Coherence M Groundedness Overall

5.00

4.50

4.00

3.50

3.00

2.50

2.00

1.50

1.00

0.50

0.00

Axis Title

Tier 1 model parameters

Exp 40 Paragraph 1-Shot Config 3 0

Exp 27 Paragraph 1-Shot Config 3 0.25
Exp 29 Paragraph 1-Shot Config 3 0.5
Exp 23 Paragraph 3-Shot Config 3 0

Exp 25 Paragraph 3-Shot Config 3 0.25
Exp 21 Paragraph 3-Shot Config 3 0.5
Exp 22 200 Characters 3-Shot Config 3 0.5

Tier 2 model parameters

Exp 35 200 Characters 3-Shot Config 3 0
Exp 19 200 Characters 3-Shot Config 3 0.25
Exp 20 Paragraph 3-Shot Config 2 0.5
Baseline vs Best
Experiment  Eyxperiment % incr.
Component
1 40
Relevance 2.52 4.76 +89%
Coherence 3.54 4.6 +30%
Groundedness 2.36 4.74 +101%
GPT-Similarity 2.28 3.16 +39%
Overall 2.88 4.41 +53%

Battelle 1 © 2024 GHD. All rights reserved.



Case study: Predictive modeling

Predicting Site

Closure Timelines for
Thousands of Sites
with Machine Learning

Sky Chrastina
Jonathan Eller, Ph.D.
- Group #B5

Introduction

Contaminated slte remediation s costly, Imvaslve,
time-Intensiva and has an eanvironmental footprint all [ts own.
Undarstanding the scope and timealine of needed activitles 1s
cruclal for effective remeadiation with financlal sustainakbiity.
What If we could know a site's closing datewhen It opans,
which sltes are most at dsk of owerrunning this estimate, and
what features about the site contribute to thiz pradiction?
Wa have continuad to devalop artificlal Intellgance and
machine leaming (Al/ML) approaches to quantifying these
Idesas, and presant our prograss In this Journay

Methodology

Contarminated site ramadiation | costly, Invasive, tima-
Intansive and has an environmeantal footprint all 1ts own.
Understanding the scope and timealine of needed activities is
cruclal for effective remediation with financlal sustainability.
What If we could know a site's closing datewhen It opens,
whilch sltes are most at dsk of overrunning this estimate, and
what features about the site contribute to this pradiction?
Wa have continuad to develop artificlal Intellgance and
machina learming (Al/ML) approaches to quantifying these
Idesas, and presant our prograss In this Journay.

Binary Classification

We chose a subsat of sites that mat data quallty conditions
and developad ~88@ featuras to describa therm. We
developad a modal to classify site chosure against tha 8éth
percentile (1@ years). Year @ predictions achleved Bdse
accuracy, showlng that sufflclant knowledge exists at slte
Incaption to create a rellabla rzk flag for outllar site [fatimeas.

Top Features
Skma® of Slte
Cid slte opan after 2885
Fotertid meda CETI
Saturated Hydraullc Conductvity

Rating for Paths and Trals

Pencent Unemploymeant

Groundwater Threats

Toxk: Release Rating

Framland Classification

I
1
!
Lo I

Closed in 10+ pears 7

Regression

Predicted the exact closura timaline, in dacimal years,

for clogsed altes. We usad Shapley Additive exPlanations
SHAF) analysls to analyze the most Important featuras.
High magnitudes show Important features, direction shows
the slgn of the effect, and tha colors Indicate postive/
Invarse corrglation. Sites balng located In an economically
dizadvantaged community had surprisingly strong
predictive power.

Closure Time (years)

Hor-Disadvantaged
Communities

D. o g [ |.r
Communities Disadvarkaged
Commuritks

Further Opportunities

- Publication of thasa findinga

- Explore causal explanations for Important predictors

- Expand states — dozens of states have contamination -
databases with dch information and documents

- Modal Improvemants: Multiclass classfication, clustering,
continued feature engineering and data augrmeantation

- Expand sites - Include sites with missing data

- Expand features - account for more geospatial, gecloglcal,
financlal, and bureaucratic aspacts

Conclusion

Pradicting site closuras Is a complaxt problem; a data-drven
solution thus requires a complex dataset and must Include
both the sclentific, lagal, demographilc and political contexts.
By accounting for all these realitles, we can pradict how
long a site will take to close, very early In Itz Ife cycle. Thesa
learnings can be utllized by responsalbla partles, regulators,
and other eamvironmental professionals to Improve decision-
making In a varlety of ways.




Case study: Augmenting portfolio knowledge

Used optimized RAG system as a back-end engine to build site- and portfolio-level summaries based on an expert-

supplied list of questions

Site documents

E:E:

* Routine Monitoring
Reports

* Feasibility Studies
* Closure Requests
* Agency Opinion Letters

* efc...

25

Optimized RAG System
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Site-level cheat sheets

!

List of questions

22

Examples:

Site location, COC List, depth
to water, # wells, etc...

Regulatory framework
Presence/Absence of LNAPL

Remediation system/history

®

v

Portfolio cheat sheet

E=S

[Footer text] | GHD



