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Machine Learning

Part 3: Service Line Investigations
1. Identify the service line investigation methods your system used to prepare the inventory (check all that
apply). If a water system chooses an investigation method not specified by the state under 40 CFR
§141.84(3)(3)(iv), state approval is required. Note that investigations are not required by the LCRR but can be

Why’) used by systems to assess accuracy of historical records and gather information when service line material is
unknown.
Wh at ) |t’) Visual Inspection at the Meter Pit [] Water Quality Sampling - Other
Customer Self-ldentification [ Mechanical Excavation

1 p) CCTV Inspection at Curb Box - External [] vacuum Excavation

HOW does It Work ) CCTV Inspection at Curb Box - Internal [J Predictive Modeling
. . . Water Quality Sampling - Targeted [J Other

leltatIOHS Water Quality Sampling - Flushed

Water Quality sampling - Sequential

HOW tO use |t rellably’? If "Other", please explain:

2. If "Predictive Modeling", please briefly describe the model and inputs used:



Why | Verification Method — Accuracy & Cost

Table 3-10 Average Cost and Accuracy for Service Line Material Verification Methods

Average Cost 2 :
Identification Method (/5L Material E:;Zd“:foﬁxgxﬁ

Evaluated)

FINAL
REPORT

Historical Records $14.13 60%-95% $14.87-523.55

Since only used to confirm LSL
Water Quality - Sequential rather than to confirm non-lead, $1.430
Sampling depends on % of LSLs in system - ;
50% used for comparison purposes
Since only used to confirm LSL
Water Quality - rAd‘UF)er than t:) cgnlinn_non-ledd,
Flushed/Targeted Service Line d_ew”db — Ot, =i SYSF*?”‘ S875
Sampling \ and elleur..lvenes:. of LAUI>I>05>I(..)FI
control - 20% used for comparison
purposes

Considerations when Costing Lead Service
Line Identification and Replacement

Inspections with Past & Current ¢n 90% $31.70
Projects A

” .
I S T
AWWA Report, Considerations when

95%

7%
ECEtyessuar Minr i Prove : Costing Lead Service Line Identification
{1,000 inspections)

ERET and Replacement, November 2022
Predictive Modeling (after initial ible y $1.63
~20% physical confirmation) ’ (80% accuracy used for analysis '
purposes)




Why | Verification Method — Accuracy & Cost

Verification Methods Cost vs Accuracy
$10,000

CCTV - External
Mechanical Exacavation

Sequential Sampling /
$1,000 Flushed/Targeted Sampling
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Machine Learning
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Lead and Non Lead

Lead

@j
bﬁ' :pco'fe
/o
Sg_rvrce Line Slde
o
. Diameter
5%, IBuilding|Type \\\
TSR A\
LI IS Q 15{90 QJ % Q)i
SA A vavas S
= A0 P NS ST
ES S RN AR S
SISO RE S S8
ESSIY \(v{.y‘ S NTTT
208 VS0, [EESTS IS S
T RS AN 4
HINE B asas o4
A RS2 WL S~
£ 0 ,9
4 Bathrooms © S
~Sales: Prlce o
Lang A}ssessﬁr’nent( e

Non Lead

Neightorhood
N
%
N
Z
{rQ

E
v " v sV
:’JE } : H / \ 0/'
=g Q\om\,“\&\o& o
gg% p '\" '\\. 2 \X\ 00\\\
o.lf;‘g y (‘ ¢ 0'&‘ &
'}ld’:*“ Saln Pnce o e

«
!

Histy nca | Mate rlal

Vément alue,s
3 d g “’”‘Instal! Year ,
RN ’o’xfzf'o Booisem S
B D AL
o, 7R SN
2R i %
'leeighborhood 2



What | Machine Learning Automates the Process
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What | Machine Learning

NJ Traing Set Important Features

Verified Non Lead Verified Lead
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What | Machine Learning

Historical Mateiral

NJ Utility Traing Set Important Features

Verified Non Lead Verified Lead
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Predictions
o Incorrect
* Correct

Material |Accuracy

Lead

70.25%

Non Lead

94.33%




Limitations

Utility A banned ~ States accepting
lead in 1950 ML require
Utility B enacted No Universal multi-point field
federal ban in Model verifications
1988

If training/test
dataset is 100%
copper, model
will only predict
copper

Limited by
Data
Resolution

Parameters
based on census
block are not

J property specific




How | Machine Learning Process

Field
Verifications

Test Set

Training Set

Add data

(housing, census, etc.)

Predict
probability
of lead for
_ unknowns
Train Test
model model

¥

Inspect service lines with
high probability of lead

® Lead found
® No lead found

®lLow

® Medium

® High



How | Machine learning requires field data
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Important Predictor Variables

The most influential predictor variables (features) vary by community, but there are some

common themes.
Sample feature importance plot:

Feature Importance

Zipcode

Install Year

Land Value

Sale Price

Improvement Value

Length

Woater Main Diameter

Median Age

Languages spoken other than English

Zone Name

| I | Building Type

C= leadCAST.. Predict




Example Model Training Strategy — Conservative
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Probability of Lead C= leadCAST- Predict

This model is optimized to minimize false negatives (conservative approach).

Accuracy

This model is flagging
more lead than there
actually is in the test set
(conservative approach).



Machine Learning Cycle

In test set, predictions in this
range are 99% accurate.
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In the test set, predictions in this /

range are less accurate because the
initial model has been conservatively
calibrated to over-predict lead.

Probability of Lead for Unknown Services

4,795

Count of Services

&= leadCAST. Predict

V)
Over time, as model learns
from new inspections, more
services should move from
middle range to high or low
probability of lead and hit

rate will improve with
targeted field verifications.



trinnex™ | & leadCAST.. Predict

Service Line Material Prediction Model Report

Service line material predictions are powered by leadCAST Predict. This report provides a look behind the scenes at the
process by which leadCAST Predict has ingested and analyzed your data in order to provide service line material predictions
based on machine learning. It also provides performance metrics, which are helpful for understanding how accurate and

reliable you can expect service line material predictions to be, given the data currently available for modeling.

Current Model Accuracy: 93.45 % +- 0.01 at 95% confidence interval

Note: Accuracy is the percentage of correct predictions out of all predictions. See Model Evaluation for additional
performance metrics that provide a deeper understanding of the model's ability to correctly predict service line material and

minimize false negatives.

Table of Contents:

1. Exploratory Data Analysis

2. Feature Selection
3. Model Training

4, Feature Importance Assessment

5. Model Evaluation




Two primary uses for machine learning

Use #1: Planning and Prioritization Use #2: Inventory
Appropriate if/when model reaches

* Prioritize field inspections
acceptable level of accuracy

» Estimate replacement costs
* Increase (or decrease) confidence in historical records

Initial Model Subsequent Model Iterations
Developed from initial inventory, Improved with field verification data.
historical records.



States with Machine Learning Guidance

GLE

3-4 point verification method
Random, unbiased data set
Use to assess reliability of existing records and/or predict materials at other locations

ML is more accurate than using historical data alone
Develop a “Historical Records Materials Confusion Matrix”
Annual predictive modeling report required
Examples include model accuracies from 80% to 92%
Sample size must be large enough
8,100 training data points in Pittsburgh (12% of system)
15,447 training data points in Flint (36% of system)

Need to continue running model until can classify with strong probabilities (i.e. >90% and
<10% probability of lead) while middle probabilities remain unknown



THANKS!

L~ leadCAST.. Predict

Do you have any questions? r

Da Yu, P.E.
da.yu@trinnex.io
(407) 760-5807

16,404(31%)

5,665(11%)

2,667 /38,378
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