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Goal: establishment of brain - behavior association 

Introduction



Early: Traditional Brain Mapping

Woo et al. (2017)

Traditional Brain Mapping Foundation I: Lesion Studies

Scoville & Milner (1957)

X 10 cases => Amnesia

Traditional Study Example :

Swartz et al. (2015)
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Foundation II: Theory of Modularity

“Faculty Psychology … the mental causation 
of behavior typically involves the simultaneous 
activity of a variety of distinct psychological 
mechanisms”

Fodor (1983)



Problems of Traditional Brain Mapping

1. Central problem: the main goal of traditional brain mapping! 

(= to understand localized brain function)

2. A voxel = ~5.5 million neurons

3. Reverse Inference

Poldrack (2006)

P(COG|ACT) != P(ACT|COG)

Introduction



Now: Predictive Modeling

Assumption: “many features of neurologic and psychiatric 
disorders are encoded in distributed neural systems”

Woo et al. (2017)

Woo et al. (2017)

Machine 
Learning

Benefits:
● Direction of Inference
● Integrate brain regions and make a single best 

guess
● Cross-validation
● Information from multiple spatial scales

Introduction



Current State of Clinical Predictive Modeling

Body I: State of the Field

Woo et al. (2017)

Number of
Publications

Research
Topics

Past:
● Alzheimer’s disease (AD)

Now:
● Parkinson’s disease
● Pain disorders
● Psychosis
● Depression ...

Sample
Size

Research 
Goals

1. Patients vs. Health

2. Difficult classification



1) Risk Assessment, Conversion Prediction and Early Detection

Body II: Prediction Studies

Goals
: who is at risk? 
: who  will convert into a disease state?
: who is at the early stage of a disease?

Structural MRI ⇨ Regional Volumetric Maps ⇨ High-Dimensional Classification ⇨ SPARE-AD

Training:

Testing:

SPARE-AD ↑,
More AD-likeModel I: Spatial Pattern of Abnormality for Recognition of Early AD (SPARE-AD)

Davatzikos et al. (2009)

Healthy Control Mild Cognitive 
Impairment



2) Differential Diagnosis¹ & Subtyping²

Body II: Prediction Studies

Study II: Depression²

Drysdale et al. (2017)

Tang et al. (2010)

Study I: Parkinson’s disease¹

3D plot of FDG-PET pattern expression



3) Predicting Treatment Outcome

Body II: Prediction Studies

Goal To customize treatment based on brain measures (= precision medicine)

Research

● Mostly focused on depression and anxiety disorders
● Mostly predicted cognitive behavioral therapy (CBT) response

Study I: Social Anxiety Disorders with CBT

Doehrmann et al. (2013)

LSAS: Liebowitz Social Anxiety Scale
Functional MRI



Four Characteristics of Desirable Model

Body III: Evaluation of Predictive Modeling

1 Diagnostic Value

2 Neuroscientific Validity

3 Deployability and Scalability

4 Generalizability



Diagnostic Value

Body III: Evaluation of Predictive Modeling

Vihinen (2012)

Robinson et al.  (2016)

C.f. Predictive Value and Base Rate (Prevalence)

Sensitivity
How robustly the measure responds when 
the outcome is present

Specificity
Whether the measure responds only in the 
presence of the target outcome



Diagnostic Value - Accuracy Issues 

Body III: Evaluation of Predictive Modeling

1. Biases in Accuracy

Woo et al. (2017)

2. Variability in Accuracy based on Sample Size 

Woo et al. (2017)



Why Accuracy Bias, and How to Reduce it

Accuracy is inflated because of:

1. Dependence of test datasets

2. Overfitting

Body III: Evaluation of Predictive Modeling

➡

➡

Solutions:

Testing on an independent sample

Testing only one model

Reserve hold-out test data!➡

Currently in the field...

Only ~9%!

Woo et al. (2017)



1. Summarize and visualize the model in human-readable way

2. Evaluate the neuroscientific plausibility of the predictive weights

3. Examine confounding factors

● Machine Learning algorithms

→ too many features

→ LASSO / ridge-regularization

● fMRI signal in the ventricles? 

→ implausible

Neuroscientific Validity

Body III: Evaluation of Predictive Modeling

Plausibility

Systematic Approach

Interpretability



Body III: Evaluation of Predictive Modeling

Deployability and Scalability, Generalizability

● Deployability and Scalability: 

- Easily applicable to new individuals and shareable across labs

- Standardized data formats and software (= named models like SPARE-AD)

● Generalizability: 

- To new individuals

- Across labs, scanners, and minor variants in testing conditions

- Similar results to other outcomes with the same construct (e.g. mathability)

Ecologically valid datasets : have samples that are representative of the broader population

Big data approaches : test specificity over multiple alternatives (open-process)



Conclusion: Future Directions

Shareable Research Products

Woo et al. (2017)



Process-based predictive models

Conclusion: Future Directions

Woo et al. (2017)



Process-based predictive models

Conclusion: Future Directions

https://www.nimh.nih.gov/research/research-funded-by-ni
mh/rdoc/constructs/rdoc-matrix.shtml 

Research Domain Criteria (RDoC) Study I: Neurologic Pain Signature

⬇

⬇

Wager et al. (2013)

Pain Rating Task & fMRI

https://www.nimh.nih.gov/research/research-funded-by-nimh/rdoc/constructs/rdoc-matrix.shtml
https://www.nimh.nih.gov/research/research-funded-by-nimh/rdoc/constructs/rdoc-matrix.shtml


Process-based predictive models
Study II: Clinical Pain Components

Lopez-Sola et al. (2017)

Conclusion: Future Directions



Conclusion: Summary



Thank you!

“This new way of thinking about neuroimaging results integrates ideas from machine learning, big 
data, reproducible research and open science to bring translational goals within reach.”

Woo et al. (2017)
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