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The views and opinions expressed in this presentation are those of
the speaker and do not necessarily reflect the positions of any
entities they represent.



Challenges of Neuroscience Clinical Trials

Limited understanding of the underlying
biology of the disease

Lack of clinically meaningful endpoints
and validated biomarkers

High Cost

& Highly heterogenous patient population
High Failure Rate

High placebo response

High attrition rate

(1) National Academies of Sciences, Engineering, and Medicine. 2016. Neuroscience trials of the future: Proceedings of a workshop. Washington, DC: The National Academies Press. doi: 10.17226/23502. (2)
https://www.biospace.com/drug-development/5-clinical-assets-that-flopped-in-2024?utm_source=chatgpt.com



Challenges of Neuroscience Clinical Trials

High * Major depressive disorder trials o Reducing power
Placebo reported placebo response rates as o Increasing

Response high as : sample size

o Reducing power

o Increasing
sample size

o Introducing bias

High * Alzheimer's disease trials reported
Attrition dropout rates ranging from
Rate over 12to18 month periods.

False negative results, failed interventions, and reduced

interpretability and generalizability of clinical trial results

(1) Furukawa, T. A., et al. (2016). Placebo response rates in antidepressant trials: a systematic review of published and unpublished double-blind randomised controlled studies. The Lancet Psychiatry, 3(11), 1059-1066. (2) Grill, J. D., &
Karlawish, J. (2010). Addressing the challenges to successful recruitment and retention in Alzheimer's disease clinical trials. Alzheimer's Research & Therapy, 2(6), 34.



Modeling Objectives

Profiling placebo

responders and early Inform future trial
dropouts using baseline designs

characteristics

Highly efficient and
effective

interdisciplinary
collaboration




*» Handles non-linear relationships.

* Excels in high-dimensional data.

% Can manage small cohort sizes

while still providing robust insights.

s Automatically performs feature
selection and model optimization.

*» Captures complex patterns that
traditional methods may overlook.

/ Traditional Statistics \

Modeling

s Assumes linear relationships.

¢ Struggles with high-dimensional
data due to multicollinearity.

s Less effective with small sample
sizes.

* Requires manual feature selection
and predefined model assumptions.

+* May miss complex non-linear
interactions between variables.




Machine Learning Modeling Examples

Placebo non-responders: Variable Importance
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FIGURE 3A. A prespecified chronic pain model was used to predict placebo response after being prespecified in the data analysis of a Phase Il double-blind, randomized controlled AE headache
clinical trial in osteoarthritis pain. The placebo response (i.e., reduction in pain [mean and 95% confidence interval]) of patients predicted to be strong placebo responders was

significantly greater than the placebo response of patients predicted to be placebo nonresponders.
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Smith etal. 2022. Using Atrticial Intelligence-based Methods to Address the Placebo Response in Clinical Trials. Innov Clin Neurosci. 2022;19(1-3):60-70.
Hutchison et al. 2021. Modeling Clinical Trial Attrition Using Machine Intelligence: A driver analytics case study using 1,325 trials representing one million patients.
https://doi.org/10.1101/2021.11.12.21266277



DEE] Data : :
Integration . Engineering Modeling Reporting w

o KOM: Pre-modeling multi-functional alignment and documentation

Modeling Foreseeable
objectives & g risks &
scope challenges

Understanding
of source data

Project
synopsis &
modeling plan

Roles & Project
responsibilities timelines




DEE] Data : :
Integration . Engineering Modeling Reporting w

e Data Integration: Assemble the machine learning ready master data file

ML

Ready
Master
Dataset




Data Data

Modeling Reporting

Integration | Engineering

e Data Engineering: Prepare data for modeling success

Filter for the intended analysis population.
¢ Generate features & modify existing ones.

\/

Feature Pre-

e |dentify variables with clinical relevance.
e Remove features with extensive missingness.

selection

e Multiple imputation, KNN imputation, regression
imputation etc.

e SMOTE, ADASYN etc.

Oversampling




Data Data

Integration | Engineering Modeling Reporting

a ML Modeling: Embrace the refinement loop

Cross - Fine

validation tuning

Elastic Net
Random Forest
XGBoost

SVM
Others

More feature Performance
engineering assessment




Data Data

Modeling Reporting

Integration Engineering

e Reporting: Comprehensive, transparent, and graphically driven

Top 15 Important Features

Model performance improvement after multiple
2 imputation and oversampling
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Data
Engineering

Data

Integration

Modeling

Reporting

Interpretation: Simplifying models for non-modelers is the key

Decision Tree
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XGBoost (Extreme Gradient Boosting)

Characteristic (ROC)
Curve

. Formular/ i
Metric . . Description
Confusion Matrix P
FPR FP/(FP +TN) False Positive Rate
FNR FN / (FN+TP) False Negative Rate
Sensitivity How many (%) of target
/Recall TP /(TP+FN) people are correctly
/TPR identified as target
— S -
Precision TP/(TP+EP) How many (%) of predicted
/PPV target are actual target
. How many (%) of control
Specificity . fr
JTNR TN/(TN+FP) people are identified as
control
P+ How many (%) of total
Accuracy TN)/(TP+FP4EN+TN) people correctly- identified
among total patients
F1 takes both precision
2 + Precision * Recall [and recall into account to
F1-Score .
Precision + Recall |ultimately measure the
accuracy
R;‘:z:el:tye;r;:?n Validate the trade-off
AUC P £ |between Sensitivity and

Specificity




Streamlined Workflow: A Practical Example

Data Filtering
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Future Directions

Predictive Assessment Tools: Forecast treatment
o response and dropout likelihood to improve trial
design and decision-making.

Interactive Patient Profiling: Develop applications
& to help clinicians visualize participant profiles,
iIncluding placebo risk and dropout probability for
more informed decisions.
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Real-Time Risk Assessment & Monitoring:
o Integrate ML-driven tools into ongoing clinical trials
to enhance efficiency and optimize trial outcomes.

Design Strategy for a National Integrated Personal Health Record. DO - 10.1145/2639189.2641205. Proceedings of the NordiCHI2014: The 8th Nordic Conference on Human-Computer Interaction.



Acknowledgement and Contact Info

**Presenting and communication author:

Jing Dai (Jazz Pharma and Wayne State University)

Email: jdai@jazzpharma.com

‘*Co-authors:

Brian Shonesy (Jazz Pharma)

Selina (Jiayu) Hu (Northwestern University)
Ming Qiang Huang (former Jazz Pharma)


mailto:Jing.Dai@jazzpharma.com

	Slide 1: Streamlining Machine Learning Modeling in Neuroscience Clinical Trials through Cross-Functional Collaboration   
	Slide 2
	Slide 3: Challenges of Neuroscience Clinical Trials
	Slide 4: Challenges of Neuroscience Clinical Trials
	Slide 5: Modeling Objectives 
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16: Acknowledgement and Contact Info

