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Synopsis

Motivation: Hidden Markov Models (HMM) are widely used for modeling resting-state fMRI data. However, current classification approaches usually
involve additional parameter extraction steps, which make the model complicated and reduce sensitivity.

Goal(s): Our goal is to develop a one-step classification method based on HMMs that is more efficient, accurate, and maintains interpretability.

Approach: We utilize Hidden Conditional Random Fields (HCRF), combining HMM and discriminative learning into a unified model that eliminates the
need for separate parameter extraction.

Results: In both simulated and real data, the one-step model outperforms the traditional two-step model. Supervised learning could further improve
classification accuracy.

Impact: For fMRI classification problems, the one-step Class-Aware HMM is simpler and more accurate compared to two-step classification while
maintaining model interpretability. This could help in understanding brain connectivity and disease diagnosis.

Introduction

Several approaches have been adopted to characterize the temporal dynamics of resting-state fMRI connectivity. Compared to sliding window methods'-
2, Hidden Markov Models (HMM) are suitable for rapid state transitions, with the covariance matrix directly measuring brain connectivity3-4. In this paper,
we propose a framework to classify fMRI data based on HMM. We compare the two-step approach, feature extraction and subsequent classification
based on selected features®®, and the one-step approach, using the joint probability to compute the posterior probability®'°. We evaluate the
classification accuracy using both simulated and real fMRI datasets.

Methods

Consider fMRI data labeled as X € RNXPXT, indicating IV subjects with length T" and p components. Each subject has a ground truth class label among
C classes. We assume fMRI data in each class follow a time-independent Hidden Markov Model (HMM). Specifically, the model has K () hidden states,
with transition probability matrix A(¢) € ]RK(C)XK(C), and the emission probability follows a Gaussian distribution with mean p,(c) S ]RK(C)XP and
covariance () € ]RK(E)XPXP. The covariance matrix is regarded as the dynamic functional connectivity>*. During parameter estimation, we assume
that K'(©) = 3 for all classes, while other parameters @ = {A, u, X} are treated as optimization parameters. For each class, the Expectation-
Maximization (EM) algorithm can be used to maximize the joint probability ¥, as shown in Figure 1(a). One potential problem is that performing the EM
algorithm separately for each class may not generate good class separation. We implement additional gradient descent to minimize the Cross Entropy
Loss (CEL) between the posterior probability and the ground truth. This method is also called Hidden Conditional Random Field (HCRF)®19, as shown in
Figure 1(b). Suppose we have a new time series Xt With unknown class labeling. Figure 1(c) shows a two-step approach for the classification problem.
For each subject in the testing set, we evaluate the model parameters 8, first and then compute the posterior probability based on the evaluated
parameters. We consider an unsupervised classifier, assigning class index based on the nearest neighborhood (Method 1), and a supervised Multi-Layer
Perceptron (MLP) classifier (Method 2). Figure 1(d) shows a one-step approach: an HMM-based generative model (Method 3) and an HCRF-based
discriminative model (Method 4).

Results

We begin with simulated data to test performance with C = 3, p = 30, and T' = 100. All three classes share the same means and covariances but
have different transition probabilities. An example is shown in Figures 2. Based on the ground truth, observations X are generated. The number of time
series for each class in the training, evaluation, and testing datasets are 100, 100, and 1,000, respectively. The class-level EM algorithm evaluates gy
from random starting points. Two-step models estimate subject-level parameters starting from g, then perform either unsupervised or supervised
learning to evaluate posterior probabilities. In contrast, one-step models evaluate the posterior probability directly using @z or perform additional
gradient descent. Figure 2(d) shows the average classification accuracy over 100 realizations. We find that across different noise levels, the one-step
model outperforms two-step methods. At higher noise levels, additional supervised learning yields better performance compared to the unsupervised
method. Next, we apply the same method to real fMRI data containing 292 subjects with 74 Cognitively Normal (CN), 119 with Mild Cognitive Impairment
(MCl), and 99 with Alzheimer’s Disease (AD). Resting-state fMRI data were acquired with 3T, TR=3000 ms, TE=30ms, flip angle=90°, FoV=220mm, slice
thickness=3.4mm, EPI factor=64, echo spacing=0.72 ms. After group independent component analysis, the time series per subject has size T' = 135 and
p = 54. The data is split into training, evaluation, and testing sets in a 7/2/1 ratio. Figure 3 shows the transition probabilities, means, and covariance
matrices from class-level EM results, and Figure 4 shows the state occupational probability and posterior probability for one selected subject versus
time. We find that data augmentation in the time domain and Lasso regularization could help to reduce CEL in the validation dataset®. The whole process
is repeated 100 times. Figure 5 shows the performance of different methods. Our proposed HCRF shows the highest performance, with classification
accuracy close to 50%.

Discussion

The key findings of this study are that one-step posterior probability can be used for disease classification, and that supervised HCRF shows better
performance compared with unsupervised HMM.
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Figure 1: (a) lllustration of Hidden Markov Models (HMMs) corresponding to different classes. Each HMM is performed separately, given an unsupervised
approach. (b) lllustration of a Hidden Conditional Random Field (HCRF), a supervised approach where the class information is integrated into the loss
function. (c) lllustration of the two-step classification with a multi-layer perceptron (MLP) as the additional classifier. (d) lllustration of the one-step model
and the posterior probabilities.
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Figure 2: For simulated dataset. The different classes exhibit distinct transition probabilities while maintaining the same means and variances. (a1)-(a3)
The transition probabilities for each class. (b) Mean values for each hidden state. (c1)-(c3) The covariance matrices corresponding to each hidden state.
(d) Classification accuracy versus noise level for simulated data. Noise level is defined as the ratio of noise variance to signal variance.
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Figure 3: Dynamic functional connectivity analysis for resting-state fMRI data using class-level EM. Different classes share the same mean and covariance.
(a@1)-(a@3) The transition probabilities for CN/MCI/AD. (b) Mean values for each hidden state. (c1)-(c3) Covariance matrices for each hidden state, organized
into nine functional groups: subcortical (SC), auditory (AUD), motor (MOT), visual (VIS), cognitive control (CCN), default mode (DMN), frontoparietal (FPN),

temporal (TN), and cerebellar (CB).
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Figure 4: Time-related properties for a normal subject in the testing set; all results are evaluated using class-level EM, the unsupervised one-step
method. (a) State occupational probability versus time. (b) Posterior probability versus time. The decision is made at t = T, indicated by star samples at

the right.
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Figure 5: For real resting fMRI data, classification accuracy comparison across different methods and classes. On average, supervised training improves
classification accuracy. The mean accuracies for the four methods are 30.77%, 40.93%, 36.50%, and 49.67%, respectively.
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