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Background

ClassificationFast state transitionDynamic

NoNoNoCorrelation based [1]

Additional classifier [3]NoYes [2]Sliding Window (SW)

NoYesYesHidden Markov Model (HMM) [4]

YesYesYesOurs
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Step 1: Dimensionality reduction

 ADNI dataset Number of subjects (AV45>1.1)

74Normal Control (NC)

119Mild Cognitive Impairment (MCI)

99Alzheimer’s (AD)

292Total

 Independent component analysis [5]

Subcortical (SC) 
Auditory (AUD) 
Motor (MOT) 
Visual (VIS) 
Cognitive control (CCN) 
Default mode (DMN) 
Frontal (FN) 
Temporal (TN) 
Cerebellar (CB)

54 Components corresponding to 9 different regions

[5] McKeown, M.J., et al., Human brain mapping, 1998



Step 2: Hidden Markov Model

…

Hidden states:

Observation:

Transition probability:

Emission probability:

Joint probability:

Normal subjects

MCI subjects

AD subjects

HMM1

HMM2

HMM3

 HMM for multiple class  Testing

Testing subjects



Step 3: Supervised learning

Unsupervised Supervised

Gradient descent

Normalized probability:

 Hidden conditional random fields [6]

[6] Quattoni, A., et al., IEEE Transactions on Pattern Analysis 
and Machine Intelligence, 2007



Results

• Functional connectivity

• Classification accuracy (100 cross-fold validation)

Normal

MCI

AD

State 1 State 2 State 3

SC

AUD

MOT

VIS

CCN

DMN

FPN
TN

CB

NC/MCI/A
DNC/ADMCI/ADNC/MCI

65.69%82.50%75.62%73.12%Unsupervised [Zhang, 
G., et al. 2019]

72.36%90.44%80.42%78.12%Supervised (Ours)

Normal MCI AD



Summary

 Supervised HMM framework → improved prediction accuracy

 Joint connectivity estimation and classification → Faster, cleaner, and adaptive to rapid state changes

Thanks for your attention !

 Require fixed window size

 Not adaptive to fast transitions

 Need separate classifier

Previously Sliding Window Methods

Our results

Previous HMM-based Methods

 Unsupervised; trained separately for each class

 Ignored inter-class information → lower accuracy


