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Land Acknowledgement
The Banff Centre for Arts and Creativity is located on the side of Sacred Buffalo Guardian 
Mountain.

• The Banff area, known as "Minhrpa" (translated in Stoney Nakoda as "the waterfalls") is 
part of the Treaty 7 territory where we recognize oral practices of the Îyârhe Nakoda 
(Stoney Nakoda) – comprised of the Bearspaw, Chiniki, and Goodstoney First Nations – 
as well as the Tsuut'ina First Nation and the Blackfoot Confederacy comprised of the 
Siksika, Piikani, Kainai.

• This territory is home to the Shuswap Nations, Ktunaxa Nations, and Métis Nation of 
Alberta, Region 3. We acknowledge all Nations who live, work, and play here, help us 
steward this land, and honour and celebrate this place.



Site Safety
Site Security Cellphone:

403-760-0098

• AED:  8 Locations +

 Security Cars

• 7777: House Phone

• 911:  Emergencies Be 
as specific as possible 
– building, room, and 
issue

• 30 Second Alarm: 
Proceed to  Muster 
Points



• Big Picture & Common Questions

• Use Cases (Learning Tasks)

□ Classification

□ Regression

□ Time-Series

□ Model Validation

• Summary & Wrap-Up

Machine Learning & Risk



• Reduce Over-Inspections: Pinpoint exactly 

which assets need attention, reducing unnecessary 

inspections while ensuring critical risks aren’t overlooked 

• Uncover Hidden Risks: Detect subtle 

patterns, interactions and anomalies that deterministic 

models might miss

• Speed Up Decision-Making: Automate 

complex analysis to deliver actionable insights faster

• Maximize Existing Investments: ML 

integrates with your current systems, enhancing accuracy 

and efficiency without requiring a complete overhaul.

Big Picture - The Business Case
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Big Picture – LLM’s

Truth Converted to Tokens

Training Data Learns (Weights) this Sequence

Human Enters “Truth”

https://www.youtube.com/watch?v=7xTGNNLPyMI


Big Picture – LLM’s

Human Asks Question

LLM Returns “Best” Response based on Context & Weights



Big Picture – LLM’s & Data Stores

LLM Returns Code to Apply to 

Data Sets

Code Requires Function Inputs, 

Review and Verification by 

Human or System

Human Requests Code to Apply to 

Data Store since Data Stores are not 

Tokenized for Learning



Machine Learning & Risk

Learn Data

Test Data

V

V

Learned Model
(Methods, Tuning)

Performance & Insights
(Validation & Acceptance)

Learning Target
(Threats, Consequence, Risk)

Training Data
(Observations)

V

V

“Use LLM’s to Create Code to 

Support Machine Learning Process”

Use LLM

https://grok.com/
https://ml-ops.org/content/crisp-ml


Machine Learning Tasks

Classification

Regression

Time Series

• Probability of Cracking

• Probability of Third-Party Damage

• Probability of Pipe Manufacturer

• Prediction of Corrosion Growth Rates

• Prediction of Inspection Costs

• Simulation of Deterministic Results

• Prediction of CP Readings

• Prediction of Ground Bed Life

• Simulation of Seasonal Patterns



Learning Methods

Tree
Bagging

Tree 
Boosting

Neural 
Net

Logistic 
Regression

Linear 
Regression

KNN

Hundreds of Methods 

are Available to 

Practitioner

https://www.linkedin.com/pulse/book-review-master-algorithm-ryan-mckeon/


V

V

V

V

Model Performance

• Number Trees

• Tree Depth

• Min Observations

• Stop Criteria

• Number Trees

• Tree Depth

• Min Observations

• Stop Criteria

• Layers

• Activation Function

• Learning Rate

• Solver

• Regularization

Iterations Iterations

Method Tuning
Open-Source Methods & Hyper-Parameters Final Model uses One 

Method with Tuned 

Parameters & Acceptable 

Performance



• Are Machine Learned Models an Improvement Over Deterministic Models?

• Do I have Enough of the Right Data?

• Are Patterns Inferential or Predictive? What’s the Difference?

• Does the Model Meet Domain Expert Review?

• What Assets can I Apply the Learned Model?

• Is Performance Acceptable for Production Use?

Domain Experts FAQ



Stress

Corrosion

Cracking
Classification 

Model Example



Machine Learning Process

Learn Data

Test Data

V

V

Learned Model
(Methods, Tuning)

Performance & Insights
(Validation & Acceptance)

Learning Target
(SCC Found)

Training Data
(Observations)

V

V

Classification – Find\Learn Pattern to Predict Categorical Values 



Classification Intuition

~90%

~10%

Learning Observation 
Yes SCC

Learning Observation
No SCC

 

New Points
What is Probability of 

Corrosion?

No Corrosion <----   Threshold ----> Yes Corrosion

How do you make the class call?

50%

Learning Observations are 

Points in n-Dimensional 

Vector Space



Model Performance

Overall Accuracy 
89%

Actual 
(No Defects = 90)

Actual
(Defects = 10)

Prediction
(No Defects = 81)

80 
(TN = true negatives)

1
(FN = false negatives)

Prediction 
(Defects = 19)

10 
(FP = false positives)

9
(TP = true positives)

47%
(precision)

89%
(specificity)

90%
(sensitivity or recall)

Two-Class Performance Learning Data Example:
• Joints of Pipe = 100
• Joints with Defects = 10
• Joints without Defects = 90



Learned 

Model

Machine 

Learning 

Process

Predictors

Training Data

Training Data
Learning 

Target



Principal Component Analysis

PCA – an EDA Method 

to Assess Predictor 

Variance Relating to 

Target of Interest

What Does this 

Tell Us?



Tuned Hyper-

Parameters

Gradient 

Boosted Tree

Learned Model

Model Performance

Test Data

https://xgboost.readthedocs.io/en/stable/parameter.html


Candidate Model Performance

Metrics

▪ Accuracy

▪ Sensitivity

▪ Specificity

▪ AUC

Candidate Model Performance (Resample, Learn, Test)

Candidate Model ROC’s

Selected Model

▪ Xgboost Method

▪ 2000 Trees

▪ 5 Depth

▪ 2 Min Obs

▪ .0001 Loss



Probability of SCC 

Increases as SMYS 

Increases

Model Weights



Typical ML Output

SCC Predictions



Mean

Outliers

SCC Predictions by 

Pipeline

Prioritization of 

Pipelines & 

Identification of 

Outliers

Model Application



Model Explainability

Example:

$120 = 60% x $200

• What is the Contribution of LOF to ROF in absolute terms? 
• What is the Contribution of COF to ROF in absolute terms?

• Is it useful to know these contributions? 
• What if you have a risk algorithm with 100 predictors & non-linearities? 
• How do you know what each factor contributes?

COF

LOF

$ ???

$ ???

ROF = LOF x COF



Pipeline Segments

Predicted SCC

SCC 

Drivers

Methods Deconstruct 

Predictions & 

Consider Interactions 

& Non-Linearities

Results Explanation

https://christophm.github.io/interpretable-ml-book/index.html


QRA – Classification Time Independent

Machine Learned Results QRA Monetized Risk

Probability of Third-Party Damage Monetized Carried Risk by Pipeline

Pi
pe

 S
eg

m
en

t L
en

gt
h

Distribution of Segment 
Probabilities

Carried Risk ($NPV) by 
Pipeline

NPV(𝛴 [Probability x Event Rate (#/length-yrs) x Event Cost ($/Event)], Yrs)
• Consider Resistance (pipe WT, toughness)
• Normalize to Incident & Consequence Event Distributions (P50\P99)



Questions?



Corrosion

Growth

Rate
Regression Model 

Example



Machine Learning Process

Learn Data

Test Data

V

V

Learned Model
(Methods, Tuning)

Performance & Insights
(Validation & Acceptance)

Learning Target
(EC CGR)

Training Data
(Observations)

V

V

Regression – Find\Learn Pattern to Predict Numerical Values 



Regression Intuition Learning Observations 

are Points in n-

Dimensional Vector 

Space

n 
D

im
en

si
on

s

n Dimensions

Fit Pattern
(Model)Truth 

Observations

New Point to 
Predict

Actual Value
Error



Model Performance

ത𝑦 = y mean

Observation (xn, yn)

b = y intercept, bias

ŷ = prediction, h⊖

n = number of points,

R2   =  1   -     RSS (Residual Sum of Squares)
                           TSS (Total Sum of Squares)

y 
(D

e
p

e
n

d
en

t 
V

ar
ia

b
le

)

x (Independent Variables)

Best Fit Line or 
Hyperplane

ത𝑦

b

Residual

Outlier?

ŷ

y

RMSE   =  [ ∑ (y – ŷ)2 / n] ½ 

RMSE (Root Mean Squared Error)

R2 (Coefficient of Determination)  

Cost Function will 
Minimize Error

https://en.wikipedia.org/wiki/Root-mean-square_deviation
https://en.wikipedia.org/wiki/Coefficient_of_determination


Learned 

Model

Machine 

Learning 

Process

Predictors

Training Data

Training Data

Learning 

Target



Tuned Hyper-

Parameters

Gradient 

Boosted Tree

Learned Model

Model Performance

Test Data



Actual Corrosion

P
re

d
ic

te
d

 C
o

rr
o

s
io

n

Tolerance 

(+/- .35 mpy 85% 

Confidence)

Metrics

▪ RMSE

▪ R2

▪ MAE

Model Performance

Red

Learn Data

Blue

Test Data



Corrosion mpy Decreases 

as CP Changes are 

Minimal or Positive

Model Weights



Blue

Learn Data

Red

New Data
Method to Verify New 

Data Fits Into Same 

Vector Space & is 

Similar

Model Applicability

Verify New 

Prediction Data 

Fits the Model

(t-SNE) 



Mean

Outliers

Corrosion Predictions

Prioritization of 

Pipelines & 

Identification of 

Outliers

Prediction Results



Results Explanations

Pipeline Segments

Predicted Corrosion

Corrosion 

Drivers+

-

Methods Deconstruct 

Predictions & 

Consider Interactions 

& Non-Linearities



TTC Age (yrs)

P
ro

b
a
b

il
it

y

Age

Probability

Machine Learned 

Survival Curves 

by Cohort

Cohort Weibull 

Curves based on 

Predicted Time to 

Criteria

CGR to Probability

Use CGR to Calculate TTC 

(Curve Learned based on 

Observed TTC)



Machine Learned Results QRA Monetized Risk

Probability of External Corrosion Monetized Carried Risk by Pipeline
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Distribution of Segment 

CGR’s

Carried Risk ($NPV) by 

Pipeline

QRA – Regression Time Dependent

NPV(𝛴 [Probability x Event Rate (#/length-yrs) x Event Cost ($/Event)], Yrs)
• Learned Weibull Reliability Curves to convert Time to Criteria to Probability
• Normalize to Incident & Consequence Event Distributions (P50\P99)



Questions?



Cathodic 
Protection 
Potentials

Time Series Model 
Example



Machine Learning Process

Learn Data

Test Data

V

V

Learned Model
(Methods, Tuning)

Performance & Insights
(Validation & Acceptance)

Learning Target
(EC CGR)

Training Data
(Observations)

V

V

Time Series – Find\Learn Pattern to Predict Numerical Values 

Considers Seasonality Effects Using Slices of Time 



Learned 

Model

Machine 

Learning 

Process

Predictors

Training Data

Training Data

Learning 

Target



Training Data

Hundreds of Training Data 

Test Point Readings across 

Similar Pipelines

Data has Temporal 

or Seasonal Affects



Model Application & Results – All Test Stations

Shaded is 95% 

Confidence

Test Station 

Readings Vary Over 

Time and Season

Learn Data Test Forecast



Model Application & Results - Pipeline

Test Point CP Read 

Predictions vs. 

Historical

Historical

Prediction 

Next Year

Predictor Influence

Rolling Trend & More 

Previous Readings 

most Influential



Questions?



Deterministic

Model

Validation



Model Validation

Deterministic Model

Model Learned based on Deterministic Structure

Threshold

Corrosion 
Found

Corrosion 
Not Found

Predictions – Index (pipe segment 
scores)

Machine Learned Model  

Model Learned with Observational Data

Threshold

Corrosion 
Found

Corrosion 
Not Found

Predictions – Probability of Corrosion (pipe segment 
probabilities)

ML Model Performs 
Better than 

Deterministic Model



Questions?



• Data Driven
• Validated
• Transparent
• Explainable
• Versatile

Machine Learning based Integrity & Risk Management
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