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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. 

Disclaimer



Limited understanding of the underlying 
biology of the disease

High attrition rate

Challenges of Neuroscience Clinical Trials

Lack of clinically meaningful endpoints 
and validated biomarkers 

Highly heterogenous patient population

High placebo response

High Cost
& 

High Failure 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 
Placebo 

Response

• Major depressive disorder trials 
reported placebo response rates as 
high as 50%.

High 
Attrition 

Rate

• Alzheimer's disease trials reported 
dropout rates ranging from 20% to 
40% over 12 to18 month periods.

(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 Placebo response rates in antidepressant trials: a systematic review of published and unpublished double-blind randomised controlled studies.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.

o Reducing power
o Increasing 

sample size

o Reducing power
o Increasing 

sample size
o Introducing bias

False negative results, failed interventions, and reduced 
interpretability and generalizability of clinical trial results



Modeling Objectives 

Profiling placebo 
responders and early 

dropouts using baseline 
characteristics

Refine inclusion 
exclusion criteria

Tailor intervention 
strategies

Real-time risk 
monitoring

Inform future trial 
designs 

Highly efficient and 
effective 

interdisciplinary 
collaboration



Machine Learning

❖ Handles non-linear relationships.

❖ Excels in high-dimensional data.

❖ Can manage small cohort sizes 

while still providing robust insights.

❖ Automatically performs feature 

selection and model optimization.

❖ Captures complex patterns that 

traditional methods may overlook. 

VS
Traditional Statistics 

Modeling

❖ Assumes linear relationships.

❖ Struggles with high-dimensional 
data due to multicollinearity.

❖ 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 

Smith et al. 2022. Using Articial 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



Interpretation

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

ReportingModeling
Data 
Engineering

Data 
Integration 

KOM

Understanding 
of source data

Modeling 
objectives & 

scope

Foreseeable 
risks & 

challenges

Roles & 
responsibilities

Project 
timelines

Project 
synopsis & 

modeling plan



Interpretation

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

ReportingModeling
Data 
Engineering

Data 
Integration 

KOM

ASQS

ADVS
  ADLB ADMH

Other 
Data …

ADSL

  ADCM

ADPC
  ADPP
  ADPD

ML 
Ready
Master

Dataset



Interpretation

3 Data Engineering: Prepare data for modeling success

ReportingModeling
Data 
Engineering

Data 
Integration 

KOM

Filtering & 
Engineering

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

Imputation

• Multiple imputation, KNN imputation, regression 
imputation etc.

Oversampling

• SMOTE, ADASYN etc.

Feature Pre-
selection

• Identify variables with clinical relevance.
• Remove features with extensive missingness.



Interpretation

4 ML Modeling: Embrace the refinement loop

ReportingModeling
Data 
Engineering

Data 
Integration 

KOM

• Elastic Net 
• Random Forest
• XGBoost
• SVM
• Others

Cross 
validation

Fine 
tuning

More feature 
engineering

Performance 
assessment



Interpretation

5 Reporting: Comprehensive, transparent, and graphically driven

ReportingModeling
Data 
Engineering

Data 
Integration 

KOM

Metrics Elastic Net Random Forest

R2 0.35             0.78 0.47             0.81

RMSE 10.77           7.83 8.99             4.62

Model performance improvement after multiple 
imputation and oversampling



Interpretation

6 Interpretation: Simplifying models for non-modelers is the key

ReportingModeling
Data 
Engineering

Data 
Integration 

KOM

Knowledge 
sharing

Cheat 
sheet



ADQS

ADSL

ADMH

ADCM

ADaM 
Datasets

ML 
Ready
Master

File

Data Filtering

Feature Engineering

Manual Feature 
Pre-selection 
by Clinicians

Multiple Imputation

Oversampling

Missing 
Data & 

Imbalanced
Data

Performance 
Assessment

Fine Tuning

Cross 
Validation

Feature Importance

Optimal Thresholds

Clinical 
Interpretation

Streamlined Workflow: A Practical Example
Multi-Functional Alignment



Future Directions

Predictive Assessment Tools: Forecast treatment 

response and dropout likelihood to improve trial 

design and decision-making.

Interactive Patient Profiling: Develop applications 

to help clinicians visualize participant profiles, 

including placebo risk and dropout probability for 

more informed decisions.

Real-Time Risk Assessment & Monitoring: 

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 NordiCHI 2014: The 8th Nordic Conference on Human-Computer Interaction.
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