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Machine Learning

• Why?

• What is it? 

• How does it work?

• Limitations

• How to use it reliably?



Why | Verification Method – Accuracy & Cost

AWWA Report, Considerations when 
Costing Lead Service Line Identification 
and Replacement, November 2022



Why | Verification Method – Accuracy & Cost

Historical Records

Sequential Sampling

Flushed/Targeted Sampling

Inspection with Projects

Customer Provided Data

Door-to-Door Inspections

Mechanical Exacavation

Vacuum Excavation

CCTV - External

CCTV - Internal
Electroscan

Machine Learning
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Lead and Non Lead

Lead Non Lead



What | Machine Learning Automates the Process
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What | Machine Learning
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Limitations

No Universal 
Model

Requires 
Field 

Verifications

Cannot 
Predict What 

Is Not In 
Training Data

Limited by 
Data 

Resolution

Utility A banned 
lead in 1950
Utility B enacted 
federal ban in 
1988

States accepting 
ML require 
multi-point field 
verifications

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

Parameters 
based on census 
block are not 
property specific



How | Machine Learning Process

Training Set

Test Set

Add data
(housing, census, etc.)

Train 
model

Test 
model

Predict 
probability 
of lead for 
unknowns

Inspect service lines with 
high probability of lead

Low

Medium

High

Lead found
No lead found

Field
Verifications



How | Machine learning requires field data

Material 
Prediction

Utility 
Records

Public / 
Census 

Data

Targeted Field 
Verification

Property 
Data

Model improves with more 
material verifications
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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: 



Example Model Training Strategy – Conservative 

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

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.

In the test set, predictions in this 
range are less accurate because the 
initial model has been conservatively 
calibrated to over-predict lead. 

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.





Two primary uses for machine learning

Initial Model
Developed from initial inventory, 
historical records.

Subsequent Model Iterations
Improved with field verification data.

Use #1: Planning and Prioritization Use #2: Inventory
• Prioritize field inspections
• Estimate replacement costs
• Increase (or decrease) confidence in historical records

Appropriate if/when model reaches 
acceptable level of accuracy 



States with Machine Learning Guidance

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

New Jersey NJDEP
• 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!

Do you have any questions?

Da Yu, P.E.

da.yu@trinnex.io

(407) 760-5807

mailto:da.yu@trinnex.io
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