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Modeling Treatment Response to Secukinumab in Psoriasis Using

Machine Learning and Time-to-Event Modeling
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Introduction:

Secukinumab (IL-17A inhibitor)
l

Effective therapy for moderate—severe psoriasis

Clinical endpoints:

secukinumab

Time-to-Event Modelling

*Describe response dynamics to

* Psoriasis Area and Severity Index (PASI75)

* Body surface area (BSA <3%)

Challenge:

e Large inter-patient variability in response

* Predictors incompletely understood

Need:
— Predict early treatment response

*Model time to:
e PASI75
 BSA <3%

*ldentifty covariates influencing

response Kinetics

— Support personalized therapy decisions

1. Study Design / Dataset

Include:

*76 patients
*Secukinumab 300 mg
*Weekly PASI & BSA
*Baseline covariates

*Longitudinal real-world data

Fig.1:Stratified time-to-event analysis
of clinical response to secukinumab by

2. Time-to-Event Modeling
*Monolix 2024R1
*Different hazard functions tested
*Endpoint:

* PASI75

* BSA <3%

*Right-censoring for non-responders

Methods
3. Statistical Analysis

Mann—Whitney U tests
*BMI, PASI, BSA vs

response timing

*Covariate analysis on the characteristic time parameter

Results

Fig.2:Unsupervised Machine Learning:
Dimensionality Reduction for Covariate
Exploration

Unsupervised Machine Learning
*Explore latent patient phenotypes
*Identify multivariate relationships

*Analyze associations between:

* disease severity

* BMI

e comorbidities

response dynamics

4. Machine Learning Analysis

Unsupervised ML
‘'PCA/MCA/FAMD
Purpose:

*Patients subgroups
identification
*Multivariate relationships

*Covariate exploration

Predictive Modeling

*Develop early prediction models of

treatment response

*Predict week-4 achievement of:
* PASI7S
* BSA <3%
*Integrate:

* baseline patient characteristics

* early response indicators

Supervised ML
LASSO
‘Ridge Evaluation:
*Elastic Net *S-fold CV
Outcome: balanced accuracy
“Week-4 PAS[75/ Permutation
BSA<3% importance

Fig.3:Supervised Machine Learning: Early
Response Prediction:(A) PASI7S5,(B) BSA<3%
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Conclusions

* Weibull TTE modeling adequately described delayed secukinumab response Kinetics (Fig.1).

* Higher BMI consistently delayed PASI7S and BSA <3% achievement and reduced early response probability (Fig.1).

* Baseline disease severity mainly atfected absolute response endpoints (BSA <3%) (Fig.3).

* Response Kinetics emerged as a distinct phenotypic dimension, independent of baseline severity (Fig.2).

 Early week-2 PASI/BSA improvements strongly predicted week-4 clinical response (~80% accuracy) (Fig.3) .

* Integration of pharmacometrics and machine learning enabled identification of delayed responders and supported personalized treatment optimization.
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