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Background & Objectives

@ SLE is a chronic autoimmune disease that affects functioning

e Problem: 20-40% of SLE patients exit workforce prematurely
o Impact:
e Work gives financial stability and sense of purpose
— Social isolation and mental health decline
e Socioeconomic burden
e Solution:

e Hybrid RF-LSTM tool to flag at-risk patients before departure
to allow early clinical intervention
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Employment Trajectories

Overview:
@ Records at the Toronto Lupus Clinic (UHN) between 1996-2024

Still Employed: 753
Initially Employed: 1,025

Disability Benefits: 129
= SLE Death: 27
Other: 116

@ Still employed includes actively working or retired after the retirement age

@ Other states: Unemployed, Economically Inactive, Early Retirement
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Long-Short Term Memory Model Architecture

Why LSTMs?

@ Capture long-term dependencies across years of patient visits

Input:
25 clinical features per visit selected w/RF and using class balancing via synthetic
minority augmentation: X € RVXTx25

Model cell at visit t (1<t < T):
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Prediction Pipeline

Hidden state at visit t:
Ht = LSTM(Xt, Htfl, thl) (1)

Linear transformation:
z k = Wi H: + by (2)

@ Class prediction (t = T):

= k) = M K = 3 classes 3
ply = k) K, explzr)) ( ) (3)
y= arg max p(y = k) (4)

k€ {employed, disability, mortality }

@ Risk score computation for disability and mortality resp. (t < T):

1

1+ exp(—2er) )

riske x = o(2z¢,6) =

Alert if risk; x > 6 where 0, is a hyperparameter that optimizes early detection
time(At)



RF+LSTM Model
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Model Performance Highlights

Final Employment State Classification
After 5-fold CV:

Overall balanced accuracy: 91%

Early Predictions (n=115)

Early Warning System for Disability wl 7] =" Medor: 288 mo
Early warning system achieves 89% case »
detection 0

It has a median lead time of 28.6 Months
(IQR: 14.3-42.1)

Count

Early Intervention Strategies: 1

@ Proactive rehabilitation programs 1 —’_’_‘
@ Multidisciplinary specialist coordination ’ L_’—H
P y sp 0 I ‘_l_l' T

@ Workplace accommodation planning ° 100 120 200

Months Before Event
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Conclusion

Individual Patient Trajectory

Patient 180 Trajectory
Final Outcome: Disability Benefit
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