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Abstract

Accurate classification of psychiatric and
neurological disorders using resting-state {MRI
data is critical for understanding the mech-
anisms underlying brain diseases, yet exist-
ing approaches often rely on complex archi-
tectures that are difficult to interpret. In
this work, we introduce a Boltzmann-inspired
Model (BiM) for fMRI classification that lever-
ages bilinear interactions between features
within a lightweight mean aggregation frame-
work. Our model captures higher-order depen-
dencies among brain regions. We evaluate the
proposed model across multiple brain disorders
data and parcellations based on Independent
Component Analysis (ICA) and Regions of In-
terest (ROIs). The performance of the proposed
model is compared with state-of-the-art time se-
ries and functional network connectivity models
on the classification of diseases and disorders.
The proposed model demonstrates competitive
or superior Area Under the Receiver Operat-
ing Characteristic Curve (ROC AUC) perfor-
mance, particularly using ROI-based features.
These results suggest that relatively simple, bi-
linear architectures can match or surpass more
complex models.

Keywords: resting-state fMRI, machine learn-
ing, deep learning, brain disorders, predictive
neuroimaging

Data and Code Availability We used resting-
state fMRI images collected from FBIRN (Function
Biomedical Informatics Research Network) (Keator

et al., 2016), COBRE (Center of Biomedical Re-
search Excellence) (Cetin et al., 2014), BSNIP (Bipo-
lar and Schizophrenia Network for Intermediate Phe-
notypes) (Tamminga et al., 2014), ABIDE (Autism
Brain Imaging Data Exchange, release 1.0) (Di Mar-
tino et al., 2014), OASIS (Open Access Series of
Imaging Studies, release 3.0) (Rubin et al., 1998),
ADNI (Alzheimer’s Disease Neuroimaging Initia-
tive) (Petersen et al., 2010), HCP (Human Con-
nectome Project, 1200 subjects release) (Van Essen
et al., 2013), and UK Biobank.

Institutional Review Board (IRB) This study
involved secondary analysis of publicly available, de-
identified data and did not require IRB approval.

1. Introduction

Recent advances in machine learning for functional
MRI (fMRI) have opened new opportunities for clas-
sifying psychiatric disorders and neurological dis-
eases, as well as for identifying clinically relevant
biomarkers (Liu et al., 2021; de Filippis et al., 2019;
Warren and Moustafa, 2023). By capturing spa-
tiotemporal patterns of neural activity, fMRI pro-
vides a rich, high-dimensional view of brain function.
However, translating these data into accurate predic-
tions remains challenging due to the complexity of
feature interactions, variability across datasets, and
the difficulty of interpreting fMRI-based models.

A critical step in fMRI analysis is how brain regions
are represented. One common approach is anatom-
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ical parcellation, where the brain is segmented into
regions of interest (ROIs) (Desikan et al., 2006; Schae-
fer et al., 2018). Alternatively, data-driven methods
such as independent component analysis (ICA) can
define parcels based on functional organization (Du
et al., 2020). These parcellations allow researchers to
derive functional connectivity networks that capture
distributed activity patterns across the brain. Once a
spatial representation is chosen, modeling strategies
vary: functional network connectivity (FNC) meth-
ods quantify correlations between regions, whereas
time-series models operate directly on regional activ-
ity signals over time. Both representations can serve
as the basis for predictive models of psychiatric dis-
orders and neurological diseases.

In this work, we introduce BiM, a novel
Boltzmann-inspired Model for fMRI time-series clas-
sification. Building upon the meanMLP architec-
ture (Popov et al., 2024), BiM incorporates bilinear
energy interactions between features. The key idea
is to capture higher-order dependencies among brain
regions, in a manner similar to functional connec-
tivity, while still leveraging the temporal richness of
time-series representations. In doing so, BiM seeks
to combine the strengths of both worlds: the di-
rect modeling of temporal dynamics and the network-
level structure of functional connectivity. We evalu-
ate our approach across multiple benchmark datasets
and show that it consistently matches or significantly
outperforms state-of-the-art time-series models such
as meanMLP (Popov et al., 2024), BolT (Bedel et al.,
2023), and Mutual Information Local to Context
(MILC) (Mahmood et al., 2020), as well as func-
tional connectivity models including the BrainNet-
work Transformer (BNT) (Kan et al., 2022) and Lo-
gistic Regression from functional network connectiv-
ity (LR) (Popov et al., 2024).

2. Methods

To capture pairwise interactions between ROIs, we
drew inspiration from the Boltzmann machine (Sher-
rington and Kirkpatrick, 1975), a network where
units (on/off variables) interact through weighted
connections that define an energy landscape. States
with lower energy are more likely under the Boltz-
mann distribution:

P(v,h) = L exp(—FE(v,h)),

~ (1)

with partition function

Z =Y exp(—E(v,h)).
v,h

Here, v denotes the wvisible units, which correspond
to observed features (e.g., ROI or ICA time series),
and h denotes the hidden wunits, which capture la-
tent structure in the data. The function E(v,h) is
the energy of a configuration (v,h), and Z is the
normalization constant (partition function) ensuring
that probabilities sum to one.

The energy function is

E= —(ZU)ijSiSj + Zeisi)a

1<j i

where w;; captures pairwise interactions between
units, and 6; biases individual units. Here, s; € {0, 1}
denotes the binary state (active/inactive) of unit i.
Minimizing this energy favors the most probable con-
figurations and could provide a principled way to
model dependencies in high-dimensional fMRI data,
similar to functional connectivity.

2.1. Boltzmann-inspired model (BiM)

Based on the physical intuition of energy-based sys-
tems, we propose the Boltzmann-inspired model
(BiM). BiM builds on bilinear energy interactions
between features with hidden state size d (as tunable
hyperparameters).

Let a single fMRI time series sample be {x,y},
where 2 € RT** and 3y € R¢. Here, T denotes the
number of time points, k the input feature dimension
(e.g., number of ROIs or ICs), and C the number
of classes. In the implementation, each time point
x; € R¥ is processed independently to form

e = f(Wb(xt, lft)) + f(Wﬂ?t), (2)

where W, € R¥kxF is a bilinear transformation cap-
turing pairwise interactions among features within x;,
W, € R¥* is a linear term, and f(-) denotes the com-
position of layer normalization, ReLU, and dropout.
The sequence {e;}Z ; is then aggregated by mean

pooling,
1 T
€mean = T ; €t,

to obtain a fixed-length representation, which is
passed through a linear classifier

(3)

h=Weemean + bca W. e RCXda b. € RC» (4)

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143



144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

BoLTZMANN-INSPIRED MODEL FOR FMRI TIME-SERIES CLASSIFICATION

Table 1: Median (IQR) ROC AUC for ICA FNC and Time Series Models. Bold indicates the best model per dataset
for time-series based models, while underline indicates the best model per dataset for FNC based models.

Model ABIDE ADNI BSNIP COBRE FBIRN HCP OASIS
Time Series Models
MILC 0.669 (0.046) 0.730 (0.068) 0.695 (0.068) 0.742 (0.136) 0.798 (0.079) 0.897 (0.038) 0.742 (0.042)
BolT 0.733 (0.062) 0.630 (0.115) 0.765 (0.056) 0.739 (0.093) 0.806 (0.068) 0.934 (0.035) 0.756 (0.069)
meanMLP 0.748 (0.041) 0.739 (0.058) 0.795 (0.062) 0.735 (0.104) 0.851 (0.045) 0.903 (0.039) 0.821 (0.078)
BiM 0.740 (0.038) 0.741 (0.066) 0.808 (0.046) 0.724 (0.100) 0.866 (0.031) 0.924 (0.030) 0.817 (0.084)
FNC Models
BNT 0.719 (0.064) 0.750 (0.053) 0.757 (0.036) 0.739 (0.153) 0.842 (0.052) 0.888 (0.038) 0.780 (0.093)
LR 0.718 (0.044) 0.743 (0.115) 0.746 (0.033) 0.724 (0.082) 0.867 (0.032) 0.902 (0.035) 0.768 (0.080)
ICA - Neuromark
Time Series Models
° — == BiM
1.0 ) o — —_ —/ ] = meanMLP
o —_ - — ° % — — = BolT
o 0.9 _ — — — %‘% [ MILC
<D[ 0.8 FNC Models
(@} BNT
2 0.7 LR
0.6
B
ABIDE ADNI BSNIP COBRE FBIRN HCP OASIS

Figure 1: Model performance comparison on seven ICA-based datasets. The boxplots show the distribution of test
ROC AUC scores across 50 runs. Asterisks denote a statistically significant improvement (p < 0.05, Wilcoxon signed-
rank test) of one model over another. BiM demonstrates competitive performance, achieving significant improvements
in the BSNIP and FBIRN datasets over the meanMLP model.

with predictions given by § = Softmax(h).

This formulation enables the model to capture non-
linear, pairwise dependencies among fMRI features at
each time point. Due to the mean aggregation across
{e:}L_,, the resulting representation is permutation
invariant with respect to the time dimension, thus
discarding temporal order while retaining distribu-
tional information.

2.2. Experimental setup

We tuned hyperparameters (HPs) for each model, in-
cluding BiM’s hidden size, dimensions, learning rate,
and dropout. Using a 3% subset of the UK Biobank
(UKB-S) data reserved for tuning, we ran 400 ran-
dom trials per model, each evaluated with stratified
5-fold cross-validation. The configuration with the
highest ROC AUC was selected. The experimental
setup, the preprocessing and datasets details are the
same as in meanMLP paper (Popov et al., 2024).
Models BiM, meanMLP (Popov et al., 2024),
BolT (Bedel et al., 2023), BrainNetwork Transformer
(BNT) (Kan et al., 2022), and Logistic Regression

from functional network connectivity (LR) (Popov
et al., 2024) were then trained and tested on twelve
datasets using stratified 5-fold cross-validation with
a 64/16/20 train/validation/test split, consistent
across models. Mutual Information Local to Con-
text (MILC) (Mahmood et al., 2020) was trained and
tested on ten datasets, excluding the UK Biobank
datasets (UKB-S and UKB-SA) due to their large
size. Model checkpoints with the lowest valida-
tion loss were evaluated on the test set. To reduce
variability from random seeds and splits, each fold
was repeated ten times, yielding 50 independent test
scores per model-dataset pair. For the UK Biobank
datasets (UKB-S and UKB-SA), we performed 3-fold
cross-validation instead of 5-fold, resulting in 30 in-
dependent test scores per model-dataset pair.

3. Results

Using the experimental setup described in the previ-
ous section, we trained all models for classification,
comparing performance on both ICA- and ROI-based
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Table 2: Median (IQR) ROC AUC for UK Biobank
(UKB-S and UKB-SA).

Model UKB-S UKB-SA

Time Series Models
BolT 0.969 (0.002)
meanMLP  0.968 (0.003)

0.832 (0.003)
0.821 (0.002)

BiM 0.969 (0.002) 0.825 (0.001)
FINC Models
BNT 0.965 (0.002) 0.824 (0.001)
LR 0.964 (0.003) 0.785 (0.003)
ICA - Neuromark
° 0.86
0.98
0.97 " 0.84 '—% e Time Series Models
@) . ==ZZ (.32 = = g g’\‘:lanMLP
2096 = BolT
8 0.95 080 FNC Models
g” 0.78 =g BNT
0.94 LR
0.76
0.93
0.74
UKB-S UKB-SA

Figure 2: Model performance on UK Biobank (UKB-S)
and UK Biobank (Age Bins) (UKB-SA). Boxplots show
test ROC AUC across 30 runs. Asterisks denote statisti-
cally significant improvement (p < 0.05, Wilcoxon signed-
rank test). All datasets are comparable for UKB-S, while
BolT is the top-performing time-series model for UKB-
SA.

datasets. The tables 1, 2, and 3 report the me-
dian ROC AUC along with the interquartile range
(IQR) for each model and dataset. For statistical
comparison, asterisks denote significant differences
between models according to Wilcoxon signed-rank
tests (p < 0.05). Figure 1 shows these results as box-
plots, visualizing the distribution of test ROC AUC
scores across 50 runs for each dataset and model.

BiM demonstrates competitive performance on
ICA datasets (see Figure 1 and Table 1). It achieves
statistically significant improvements over competing
models in BSNIP and FBIRN, as indicated by the as-
terisk annotations in Figure 1. While BolT achieves
the best performance in HCP, BiM exhibits greater
overall reliability. The meanMLP achieves the high-
est median ROC AUC in ABIDE and OASIS, al-
though its advantage over BiM is not statistically sig-
nificant under the Wilcoxon test.

On the UK Biobank (UKB-S) datasets (see Fig-
ure 2 and Table 2), all of the models perform
similarly. However, when considering the UK
Biobank (Age Bins) dataset (UKB-SA), which in-
corporates age-stratified subgroups, BolT performs
significantly better than BiM and meanMLP. As re-

Table 3: Median (IQR) ROC AUC for ROI datasets.

Model ABIDE FBIRN HCP
Time Series Models

MILC 0.670 (0.043) 0.828 (0.044) 0.901 (0.035)
BolT 0.737 (0.044) 0.820 (0.072) 0.921 (0.039)
meanMLP 0.747 (0.034) 0.852 (0.045) 0.913 (0.038)
BiM 0.741 (0.023) 0.865 (0.034) 0.930 (0.028)
FNC Models

BNT 0.706 (0.045) 0.859 (0.078) 0.890 (0.036)
LR 0.723 (0.033) 0.871 (0.031) 0.900 (0.037)

ROI - Schaefer 200 ROIs atlas

Time Series Models
. BiM
B meanMLP
B BolT
3 MILC

L FNC Models
0711 BNT
LR

ROC AUC
o o
® ©
1o
]
b 1l
ﬁ

ABIDE FBIRN HCP

Figure 3: Model performance on ROI-based
datasets. Boxplots show test ROC AUC across
50 runs. Asterisks denote statistically signifi-
cant improvement (p < 0.05, Wilcoxon signed-
rank test). BiM is consistently strong, surpass-
ing meanMLP in FBIRN and HCP.

ported in (Popov et al., 2024), meanMLP outper-
forms MILC in ROC AUC on both UKB-S and UKB-
SA, indicating that MILC is not a top-performing
model in either dataset; consequently, we did not run
it. For FNC models, BNT outperforms LR on these
datasets.

On the ROI datasets (see Figure 3 and Table 3),
BiM is also consistently strong. It demonstrates sta-
tistically significant improvement over meanMLP in
FBIRN and HCP.

While LR underperforms on ICA-based features,
particularly relative to BNT, it achieves competitive
or superior ROC AUC values on the ROI datasets,
surpassing BNT in ABIDE, FBIRN, and HCP.

4. Conclusion

BiM achieved competitive or superior performance
compared to state-of-the-art models. It performed
robustly across both ROI-based and ICA-derived
features, and rivaled meanMLP on UK Biobank
datasets. The model’s simplicity contributes to its
efficiency and reduced risk of overfitting, making it a
strong baseline for neuroimaging classification. Fu-
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ture work could explore new aggregation schemes
(e.g., attention or hierarchical pooling) to capture
temporal dependencies. Future work could further
investigate the interpretability of BiM for biomarker
discovery in brain disorders and diseases. Overall,
these findings show that lightweight models with bi-
linear interactions can serve as an effective predictive
model for neuroimaging time-series analysis.
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