RETROSPECTIVE ANALYSIS
OF FEMTOSECOND ARCUATE
KERATOTOMY (AK) DATA
TO DEVELOP A PREDICTIVE
MACHINE LEARNING MODEL



CURRENT METHODOLOGY
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METHODS

* Patients who underwent FLACS (with the LENSAR)
« Started with 720 patients from D.V.
« Added 59 cases from J.D. (to improve prediction at low levels of astig)
« Excluded certain entries if:
« Important features missing, typos, BCVA worse than 20/30 (bad data)
« Pre-op biometric astigmatism > 2.00 (outliers)
« Post-op manifest astigmatism > 1.00 (outliers)

« Treated astigmatism >= 1.5 diopters (unnecessary data)
2> N =443 eyes
« Setup which variables (“features”) to include to predict arcuate sweep

« Created models using different algorithms (XGBoost and neural networks in PyTorch)



HOW DO WE LEARN FROM OUR
RESULTS?

reated Astigmatism =

Pre-op K astigmatism - Post-op MRx cylinder at original steep axis

(i.e., the cylinder component)
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CREATING A MODEL (TRAINING)

Designate Features (X): Designate Target (y):
« Treated Astigmatism « Arcuate Sweep length
« Steep axis (as Cos(20) )
« Age
White-to-white \I/ Train (on 80% of dataset) <

« Mean corneal steepness

« Txtype (Paired vs single arcuate)MODEL

*  Astig from biometer "X {, Evaluate performance (on 20% of dataset)

. A t 'F b 1 //Y//
SHE Trom BIometer Cross-Validation: do this x5

Vv

Review pooled results > Accept model or MODIFY




USING A MODEL (INFERENCE)

Input patient Features (x):
Treated Astigmatism
AXis
Age

Other features. ..

\I/ Use the Model (“Inference”)

Predicted Arcuate sweep length




MODEL 1 RESULTS (XGBOOST)

Model 1: Arcuate Sweep vs Prediction
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MODEL 1 PERFORMANCE

Average scores across all folds:

MAE: 1.1714 .
RMSE: 2.0416 Expected margin of error ~2 degrees
R2: ©.8813 of arcuate sweep length

Epochs: 192.0

*This model used the XGBoost aliorithm



Predicted Arcuate Sweep
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MODEL 2 RESULTS

(MONOTONIC NN)

Model 2: Actual Sweep vs Prediction
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*A monotonic neural network is a custom deep learning model that enforces consistent
input-output relationships, improving interpretability and trust.




MODEL 2 DETAILS

Unconstrained region: Constrained region
NN w/ 2 hidden layers

Monotonic Layer
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MODEL 2 PERFORMANCE

Average scores across all folds:

MAE: 2.0169 ,

Expected margin of error
RMSE: 2.9697

~3 degrees of arcuate sweep length
R%: 0.6805 |

Epochs: 198.6



MODEL 2 PERFORMANCE

Used BINARY SEARCH to work backwards and determine accuracy in
terms of astigmatism:

MAE (D): 0.0677 diopters
RMSE (D): 0.1156 diopters

Within 0.25D: 92.9%
Within 0.50D: 100.0%

Expected margin of error <0.15 diopters of treated astigmatism



CONCLUSIONS

* Current FLACS AK planners are outdated and limited

« We analyzed retrospective data to build 2 Al-based models that analyzed
complex interactions between multiple input features to precisely predict
arcuate incision length

« Al Model 1 and Al Model 2 (with constraints) showed strong performance:
Error margins within 3° of arcuate sweep O
and within 0.15 diopters of treated astigmatism @

* Al-based models can personalize and improve as more data is introduced



A SPECIAL THANKS TO

Dustin Morley, PhD
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Website:

www.derojas.info

Coding repositories:

https://github.com/wak1616/Al calc

Email:

Joaqguin.derojas@gmail.com
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