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Abstract. Functional near-infrared spectroscopy (fNIRS)-based diag-
nosis of childhood attention-deficit/hyperactivity disorder (ADHD) is
limited by spatiotemporal dynamic decoupling and neglected physio-
logical coupling between oxyhemoglobin (HbO2) and deoxyhemoglobin
(HbR). To address these issues, we propose a Spatiotemporal Heatmap
Feature Fusion Network (STHFFN) for modeling abnormal neurovascu-
lar trajectories and bilateral hemoglobin interactions in ADHD. STHFFN
starts with the Spatiotemporal Heatmap Construction to convert discrete
fNIRS signals into anatomically continuous cortical heatmaps to pre-
serve brain topology and provide a physiological basis for feature learn-
ing. Based on this structured representation, the Parallel Spatiotemporal
attention module uses a bi-branch structure to jointly model spatial co-
activation patterns and temporal hemodynamic changes, enabling uni-
fied spatiotemporal feature learning instead of separate modeling. The
Bilateral Hemoglobin Complementarity explicitly captures spatiotem-
poral interactions between HbO2 and HbR, improving sensitivity to
pathological neurovascular decoupling. The Memory Pool mechanism
further aggregates long-range temporal dynamics to characterize per-
sistent attentional instability, and multimodal features are adaptively
fused for final diagnostic prediction. Extensive experiments on 47 chil-
dren with ADHD and 47 healthy controls show that STHFFN achieves
92.57% ACC and 94.25% AUC, outperforming eight representative base-
line models. By integrating anatomical continuity, spatiotemporal dy-
namics, and physiological coupling, STHFFN provides an effect approach
for fNIRS-based auxiliary diagnosis of children with ADHD. Code is at
https://github.com/wangbaobao7778-cyber/STHFFN.

Keywords: Children with ADHD, fNIRS, Auxiliary Diagnosis, Spa-
tiotemporal Attention, Hemoglobin complementarity.
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1 Introduction

Attention deficit hyperactivity disorder (ADHD) is characterized by persistent
inattention and impulsivity, fundamentally rooted in prefrontal hypoactivation
and complex nonlinear spatiotemporal hemodynamic deviations [8, 9]. While
functional near-infrared spectroscopy (fNIRS) offers superior spatiotemporal res-
olution over traditional subjective scales for early objective assessment [10], ac-
curately decoding these highly irregular neural fluctuations remains a formidable
computational challenge. Recent deep learning advances, such as fNIRS-Net [28],
hybrid CNN-LSTMs [24], fNIRS-T [29], and T&F-DFC [7], have significantly im-
proved multi-feature fNIRS decoding. However, these methods such as Times-
Former [3], Joint Space-Time Attention [26], Divided Space-Time Attention [11,
12, 27], Sparse Local Global Attention [6], Axial Attention [11, 12, 27], typically
employ serialized modeling paradigms that treat space and time independently.
This inductive bias forcibly isolates spatial topologies from temporal evolution,
causing spatiotemporal dynamic decoupling and over-smoothing the transient,
localized anomalies critical for ADHD identification. Most critically, sustained
attentional instability, the defining core symptom of ADHD, is inherently a cu-
mulative temporal process rather than isolated instantaneous activation [21, 19].
The sliding window (SW) strategies only capture fragmented transient brain ac-
tivity, failing to track the progressive attentional decline throughout the entire
task duration [22]. Static feature extraction further ignores temporal cumulative
effects, making it impossible to distinguish normal transient attentional fluctua-
tions from the persistent deficits characteristic of ADHD. This limitation severely
reduces the sensitivity of existing models to ADHD’s core pathophysiology.

Beyond spatiotemporal tracking, robust neural decoding can be significantly
enhanced by explicitly modeling the physiological interdependence of local hemo-
dynamics. In a healthy cerebral cortex, elevated oxyhemoglobin (HbO2) indi-
cating blood supply and depleted deoxyhemoglobin (HbR) reflecting oxygen
consumption exhibit a stable opposite-phase coupling [13]. However, this del-
icate neurovascular synergy is frequently disrupted or decoupled by underlying
metabolic disturbances in children with ADHD [25, 1]. Existing classification
frameworks, including fNIRS-Net [28], fNIRS-T [29], ID-CapsuleNet [17], CT-
Net [18], and IVCAN [16], primarily rely on single-modal inputs or simple chan-
nel concatenation. This naive modality isolation ignores the synergistic phys-
iological coupling between HbO2 and HbR. Therefore, these models lack the
sensitivity required to distinguish between genuine pathological decoupling and
systemic physiological noise such as the respiratory or cardiac artifacts [15, 23],
thus fundamentally limiting their diagnostic performance and clinical reliability.

To address these challenges, we propose a spatiotemporal heatmap feature
fusion network (STHFFN) for childhood ADHD auxiliary diagnosis, modeling
fNIRS nonlinear spatiotemporal anomalies and HbO2 and HbR physiological
coupling. Our key contributions are threefold: (1) STHFFN converts discrete
fNIRS channel signals into continuous spatiotemporal heatmaps to preserve
anatomical continuity, overcoming spatiotemporal decoupling and modality iso-
lation for integrated modeling of anatomical information, spatiotemporal dynam-
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ics, and neurovascular coupling. (2) A parallel spatiotemporal (P-ST) attention
module unbiasedly captures spatial co-activation and temporal evolution, while
a bilateral hemoglobin complementarity (BHC) module mines HbO2 and HbR
synergistic dependencies via cross-modal attention. (3) Equipped with a mem-
ory pool (MP) mechanism to aggregate long-range dynamics, STHFFN achieves
92.57% accuracy, providing a robust childhood ADHD auxiliary diagnostic tool.

2 Method

To decode the pronounced spatiotemporal heterogeneity and disrupted neu-
rovascular coupling in childhood ADHD, we propose the STHFFN framework
(Fig. 1(a)) that realizes integration of anatomical mapping, spatiotemporal mod-
eling, cross-modal fusion, and long-term dependency aggregation. STHFFN first
leverages a spatiotemporal heatmap construction (STHC) module to convert
discrete fNIRS signals into continuous heatmaps as inputs [2, 14], preserving the
anatomical continuity of cortical activation. These heatmaps are then concur-
rently processed to capture dual-hemoglobin dynamics. A P-ST attention mod-
ule unbiasedly decouples and models spatial co-activation patterns and temporal
evolution trajectories of HbO2 and HbR, while a BHC module explicitly mines
the synergistic physiological dependencies between HbO2 and HbR via cross-
modal attention. Subsequently, a MP mechanism aggregates localized features
across consecutive segments to characterize long-range dynamic trajectories un-
derlying sustained attentional instability. Finally, a linear fusion attention (LFA)
module aligns and refines dual-modality features to suppress noise, feeding the
integrated representations into a fully connected classifier for ADHD diagnosis.

2.1 Spatiotemporal Heatmap Construction

In the STHC module, let X ∈ RT×C denote the raw fNIRS signals, where T is the
number of temporal frames and C = 22 represents the channels. Unlike standard
grid-based image data, fNIRS channels exhibit a cross-shaped spatial distribu-
tion (Fig. 1(b)). To enable convolution operations while preserving anatomical
spatial information between brain regions, the STHC module maps the channels
onto a virtual 5 × 9 grid based on their Montreal Neurological Institute (MNI)
coordinates. Then, a SW strategy with a window size and step size of L frames is
employed to segment the continuous fNIRS signal. For each frame t within a SW,
cubic spline interpolation is applied to generate a dense heatmap Ht ∈ RH×W .
This results in a spatiotemporal tensor XSW ∈ RL×H×W for each window. This
STHC representation ensures that the input reliably captures the local tempo-
ral dynamics of the HbO2 and HbR responses alongside the anatomical spatial
information of cortical activation.

2.2 Parallel Spatiotemporal Attention Module

Sequential modeling often introduces an inductive bias by prioritizing one di-
mension over another. To resolve this, the P-ST module (Fig. 1(c)) employs
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Fig. 1. (a) STHFFN framework for ADHD diagnostic pipeline; (b) Spatiotemporal
heatmap construction (STHC) converts discrete fNIRS signals to continuous anatomi-
cal maps; (c)-(e) Parallel Spatiotemporal (P-ST) attention, Bilateral Hemoglobin Com-
plementarity (BHC), Memory Pool (MP) modules for spatiotemporal modeling, HbO2
and HbR coupling, and long-range dependency aggregation.

two concurrent branches to unbiasedly decouple and capture both spatial cor-
relations and temporal dynamics. Let F (l−1) ∈ RL×N×D be the input feature
tensor, where N is the number of spatial patches and D is the feature dimension.

Spatial Co-activation Branch: To identify spatial activation patterns
within each t, we compute intra-frame spatial attention (SA) for patch i across
all other patches j (Pj), using a residual connection to preserve local details:

f space
t,i = f

(l−1)
t,i + Attentionj ̸=i

(
f
(l−1)
t,i (f

(l−1)
t,j )⊤

√
dk

)
f
(l−1)
t,j (1)
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Subsequently, temporal attention (TA) is applied across time frames τ = 1 . . . L
to track the evolution of these spatially-refined features:

f left
t,i = Attentionτ ̸=t

(
f space
t,i (f space

τ,i )⊤
√
dk

)
f space
τ,i (2)

Temporal Continuity Branch: To capture the dynamic continuity within
specific regions, TA is first computed for patch i across frames τ , preserving local
time-varying trends:

f time
t,i = f

(l−1)
t,i + Attentionτ ̸=t

(
f
(l−1)
t,i (f

(l−1)
τ,i )⊤

√
dk

)
f
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τ,i (3)

Then, SA is applied to these temporally-aware features to model cross-region
interactions:

f right
t,i = Attentionj ̸=i

(
f time
t,i (f time

t,j )⊤
√
dk

)
f time
t,j (4)

Finally, the outputs are fused (F (l) = f left
t,i + f right

t,i ) to produce a comprehen-
sive representation, effectively capturing neural synchronization asymmetry in
ADHD without dimensional preference.

2.3 Bilateral Hemoglobin Complementarity Module

While HbO2 typically reflects neural activation via oxygen supply, HbR reflects
oxygen consumption, direct splicing of FHbO2 and FHbR often fails to fully uti-
lize their coupling correlation and physiological interdependence. We introduce
the BHC module (Fig. 1(d)) where one modality can retrieve complementary
contextual information from the other. We use FHbO2 as a query to guide the
aggregation of global structural information from FHbR:

MHbO2←HbR = Softmax
(
(FHbO2WQ)(FHbRWK)⊤√

dk

)
(FHbRWV ) (5)

where WQ,WK ,WV are learnable projections. The HbR stream is symmetri-
cally updated (MHbR←HbO2). To prevent the propagation of modality-specific
noise, a Gated Fusion mechanism adaptively regulates the integration of these
retrieved features: GHbO2 = σ (Wg[FHbO2 ∥ MHbO2←HbR]),F̂HbO2 = GHbO2 ⊙
MHbO2←HbR + (1 − GHbO2) ⊙ FHbO2 where ∥ denotes concatenation, and ⊙
is element-wise multiplication. Symmetrical operations yield F̂HbR. By dynami-
cally weighting these features, the network prioritizes synergistic HbO2 and HbR
patterns for robust ADHD diagnosis.

2.4 Memory Pool Updating Strategy

ADHD diagnosis requires consideration of both transient states and the overall
temporal variation trend of activation. The fNIRS signal in ADHD fluctuates
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irregularly, and a single SW can only capture local patterns, failing to capture
cumulative changes and long-term dynamics. To capture global temporal depen-
dencies, we implement a first-in-first-out (FIFO) MP M to accumulate historical
activation features within continuous SWs, thereby modeling the complete brain
activation trajectory. As shown in Fig. 1(e), let F̂k be the feature vector of the
current SW k derived from the P-ST module for HbO2 or HbR, we accumu-
late historical features Hglobal within SWs, thereby modeling the complete brain
activation trajectory: hnew

t = LayerNorm
(
Wu[Hglobal ∥ F̂k] + bu

)
For the final

SW, the output hnew
t serves as the final global feature representation.

3 Experiments and Results

This study included 47 children with ADHD (31 males, aged 8.79 ± 1.98, IQ
107.9± 11.2) and 47 demographically matched HCs (30 males, aged 8.62± 2.41,
IQ 106.6± 11.8) recruited from Xi’an People’s Hospital (Xi’an Fourth Hospital)
(Approved No. KJLL-Z-H-2023005) under an approved protocol. The verbal
fluency task (VFT) comprised a 30 s numerical repetition, a 60 s word generation
block (3 cues, 20 s each), and a 60 s numerical repetition. fNIRS signals were
acquired at 10 Hz (ETG-One, Hitachi Medical, Tokyo, Japan) and preprocessed
to obtain HbO2 and HbR [8]. The 22-channel probe configuration covered 6
regions of interest (ROI) (Fig. 1(b)): left and right dorsolateral prefrontal cortex
(lDLPFC, rDLPFC), medial, left and right frontopolar cortex (mFPC, lFPC,
rFPC), and Brodmann area 8 (BA8) [8].

Eight state-of-the-art models were used to compare and evaluate the per-
formance of STHFFN, including LightTS [5] by Campos et al., IVCAN [16],
ID-CapsuleNet [17], CT-Net [18], iTransformer [20] by Liu et al., fNIRS-Net
[28], fNIRS-T [29], and TimesNet [30] by Wu et al., using concatenated HbO2
and HbR as input. The evaluation employed a five-fold cross-validation with an
80:20 split across 60 independent trials, and the data were augmented via odd-
even frame separation only after train-test splitting to eliminate data leakage
and overfitting [7]. Performance was assessed using ACC, F1-score (F1), preci-
sion (PRE), recall (REC), and area under the curve (AUC). The L was set to
10, batch size of 16 and learning rate of 0.0001.

3.1 Results

Temporal Variation of HbO2 and HbR: The HC exhibited strong, rhyth-
mic high-amplitude fluctuations with distinct phase-oppositional coupling during
VFT (Fig. 2), indicating intact neurovascular regulation and synchronization. In
contrast, the ADHD group displayed significant temporal turbulence and signal
attenuation. The erratic waveforms and divergent channel trajectories reflected
an inability to sustain stable cortical activation and increased spatiotemporal
heterogeneity, consistent with Bian’s study [4]. These complex nonlinear spa-
tiotemporal deviations justified the necessity of STHFFN for accurate diagnosis.
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Fig. 2. Temporal Variation of HbO2 and HbR in ADHD and HC group.

Table 1. Performance comparison with baselines in ADHD diagnosis.

Methods ACC (%) F1 (%) PRE (%) REC (%) AUC (%)

LightTS [5] 86.50± 3.95 86.30± 5.01 85.77± 6.04 87.86± 3.94 87.03± 5.31
IVCAN [16] 89.45± 4.20 89.30± 4.80 88.60± 5.50 90.20± 5.10 90.50± 4.00
ID-CapsuleNet [17] 86.95± 5.20 87.10± 5.80 86.50± 6.90 87.75± 6.50 87.80± 4.40
CT-Net [18] 88.42± 3.65 88.65± 3.95 88.10± 5.15 89.25± 4.30 89.80± 3.45
iTransformer [20] 81.45± 4.50 81.79± 4.12 81.50± 4.30 82.10± 5.15 81.85± 4.88
fNIRS-Net [28] 83.90± 6.80 83.95± 8.20 83.10± 7.10 84.85± 8.60 84.45± 5.25
fNIRS-T [29] 85.20± 6.30 85.42± 7.50 83.80± 8.90 87.15± 8.50 86.10± 3.85
TimesNet [30] 84.15± 7.12 83.84± 8.80 83.30± 7.50 85.15± 8.95 84.95± 5.05
STHFFN 92.57± 2.53 92.35± 3.70 89.52± 8.09 96.18± 4.69 94.25± 3.00

Comparison with baselines: Table 1 presents the performance of STHFFN
and the compared models in ADHD diagnosis. STHFFN achieved the best over-
all diagnostic performance among all compared methods, with an accuracy of
92.57%±2.53%, F1 of 92.35%±3.70%, and AUC of 94.25%±3.00%. Compared
with the strongest IVCAN, STHFFN improved ACC by approximately 3.1% and
AUC by 3.7%, indicating that the proposed bilateral hemoglobin complementary
modeling and memory-enhanced fusion strategy provided more discriminative
representations for the assisted diagnosis of children with ADHD. Furthermore,
STHFFN achieved a PRE of 89.52% and REC of 96.18%, exhibiting high sensi-
tivity while maintaining stable specificity.

Ablation experiments: The ablation results in Table 2 demonstrate that
each proposed component contributed meaningfully to performance. The most
significant performance degradation occurred without the MP, yielding an ACC
of 87.31% and an AUC of 86.24%, confirming that capturing the complete brain
activity trajectory was crucial for detecting the cumulative sustained attention
deficits inherent to ADHD. Removing the BHC and LFA resulted in an approx-
imate 4.2% decrease in ACC and a 3.6%–4.6% decrease in F1, suggesting that
modeling the synergistic relationship between HbO2 and HbR provided crucial
supplementary information missed by single-modality or simple fusion methods.
Removing the P-ST module reduced the bilateral spatiotemporal modeling abil-
ity of brain regions, resulting in an ACC of 89.94% and an F1 of 89.85%.

Parameter sensitivity experiment: We further investigated the model’s
sensitivity to key parameters (Table 3). First, a 2-layer P-ST and BHC depth
yielded optimal performance, while deeper networks exhibited performance degra-
dation, likely due to overfitting caused by the limited sample size. Second, a MP
size of 10 resulted in the best performance; smaller pools size of 5 with ACC
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Table 2. Ablation study of STHFFN components.

Methods ACC (%) F1 (%) PRE (%) REC (%) AUC (%)

STHFFN 92.57 ± 2.53 92.35 ± 3.70 89.52 ± 8.09 96.18 ± 4.69 94.25 ± 3.00
w/o P-ST 89.94 ± 4.15 89.85 ± 5.74 84.48 ± 9.21 97.00 ± 6.00 92.06 ± 5.94
w/o BHC 88.30 ± 3.91 88.72 ± 3.99 83.19 ± 6.24 96.00 ± 8.00 92.50 ± 1.95
w/o MP 87.31 ± 5.29 86.74 ± 8.41 82.12 ± 10.05 92.67 ± 9.04 86.24 ± 5.52
w/o LFA 88.36 ± 6.08 87.82 ± 7.49 85.35 ± 9.45 92.18 ± 11.64 91.60 ± 6.19

of 88.30% failed to capture sufficient historical blood oxygenation dynamics,
while larger pools size of 15 with ACC of 90.58% introduced irrelevant outdated
information. Third, patch partitioning based on six biological ROIs achieved
the highest accuracy of 92.57%, indicating that biologically defined partition-
ing better reflected the brain’s intrinsic functional organization than arbitrary
grid partitioning. Finally, cubic spline interpolation significantly outperformed
zero-padding, which yielded an ACC of 66.38%, highlighting the importance of
maintaining the anatomical continuity of HbO2 and HbR dynamic signals.

Table 3. The results of parameter sensitivity analysis.

Parameter Setting ACC (%) F1 (%) PRE (%) REC (%) AUC (%)

(P-ST
+BHC)
Layers

1 91.58 ± 5.37 90.06 ± 8.76 89.66 ± 6.85 90.27 ± 8.43 91.00 ± 6.09
2 92.57 ± 2.53 92.35 ± 3.70 89.52 ± 8.09 96.18 ± 4.69 94.25 ± 3.00
3 89.36 ± 3.34 87.82 ± 7.23 89.71 ± 5.44 88.05 ± 6.90 88.77 ± 4.10
4 88.36 ± 3.84 87.01 ± 7.17 89.02 ± 5.41 87.25 ± 6.84 87.75 ± 4.43

Memory
Pool
Size

5 88.30 ± 2.06 88.67 ± 4.40 81.54 ± 7.90 98.00 ± 4.00 93.73 ± 4.08
10 92.57 ± 2.53 92.35 ± 3.70 89.52 ± 8.09 96.18 ± 4.69 94.25 ± 3.00
15 90.58 ± 6.32 88.73 ± 9.42 90.49 ± 8.57 90.14 ± 5.03 90.67 ± 9.04

Patch
Config-
uration

6 (ROIs) 92.57 ± 2.53 92.35 ± 3.70 89.52 ± 8.09 96.18 ± 4.69 94.25 ± 3.00
1 (5×9) 88.30 ± 3.92 86.80 ± 7.22 88.87 ± 5.48 87.05 ± 6.90 87.72 ± 4.46

2 (5×4+5×5) 88.36 ± 6.08 86.88 ± 8.52 89.00 ± 6.62 87.16 ± 8.19 87.77 ± 6.46
2 (5×5+5×4) 87.31 ± 6.25 85.10 ± 11.09 87.71 ± 8.26 85.59 ± 10.34 86.53 ± 7.20
3 (5×3×3) 89.41 ± 4.64 88.78 ± 5.14 90.37 ± 4.17 88.92 ± 5.03 88.97 ± 4.75

Interpo-
lation

Cubic spline 92.57 ± 2.53 92.35 ± 3.70 89.52 ± 8.09 96.18 ± 4.69 94.25 ± 3.00
Zero-padding 66.38 ± 7.97 61.63 ± 14.46 65.84 ± 16.54 65.11 ± 11.24 64.83 ± 7.96

4 Conclusion

The proposed STHFFN is designed for fNIRS-based childhood ADHD diagno-
sis. It jointly models three core pathological characteristics of ADHD: abnormal
prefrontal spatiotemporal activation, impaired neurovascular coupling, and sus-
tained attentional instability. The STHC module converts discrete channel sig-
nals into continuous spatiotemporal heatmaps to preserve anatomical continuity.
P-ST attention captures spatial and temporal dynamics. The BHC module mod-
els neurovascular coupling. The MP module aggregates long-range dependencies
associated with sustained attentional deficits. Together, these components estab-
lish an integrated anatomical, spatiotemporal, and physiological modeling frame-
work. Experiments on a clinical dataset demonstrate that STHFFN achieves
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92.57% ACC and 94.25% AUC, outperforming eight representative baselines,
with ablation analyses confirming the contribution of each core module.

Four key considerations regarding our methodology and findings are ad-
dressed as follows. First, given the hemodynamic response time constant of 2–6 s
(0.1-0.5 Hz), the 10 Hz fNIRS system satisfies the Nyquist theorem and is stan-
dard practice in fNIRS research. Higher sampling rates increase data volume
but introduce excessive high-frequency noise. Second, cubic spline interpolation
outperforms zero-padding. It preserves anatomical continuity of brain activa-
tion, maintains MNI-aligned cortical topology, and avoids biologically invalid
spatial artifacts. Third, we have completed quantitative analysis of brain activa-
tion across 6 ROIs, and identified rFPC, mFPC, and BA8 as core pathological
hubs exhibiting abnormal activation and neurovascular uncoupling, which aligns
with established findings in the ADHD literature [8]. Fourth, while multi-center
validation is critical for generalizability, public fNIRS-ADHD datasets remain
scarce, and recent high-quality studies [25, 9] also used single-center cohorts of
comparable size. We will collaborate with other hospitals to expand data collec-
tion and extend validation to related pediatric neurological disorders in future.

In conclusion, STHFFN provides an effective framework for ADHD children
diagnosis and establishes a foundation for future multicenter validation.
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