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Abstract. Fourier-transform infrared (FTIR) spectroscopy is a promising non-
invasive technique for oral cancer diagnosis, whose high mortality is largely at-
tributable to late-stage detection. This work proposes BioSpectralFormer (BSF),
a Transformer-based architecture with two attention types for classification of
salivary FTIR spectra. Evaluated on real spectra data under stratified 10-fold
cross-validation against seven baselines, BSF achieved competitive balanced
accuracy (Mean(SE,SP) = 0.67± 0.15) with high sensitivity (0.82± 0.20), op-
erating in the same statistical tier as state-of-the-art methods. Moreover, atten-
tion map analysis corroborated established oral cancer biomarkers, including
Amide I and lipid C-H stretching, suggesting biologically feature learning.

1. Introduction
Oral cancer is a multifactorial genetic disease affecting millions worldwide, character-
ized by persistently high mortality rates. This stagnation is largely due to late diagno-
sis: approximately 50% of cases are detected at advanced stages, for which the five-year
survival rate is below 50% [Swaminathan et al. 2024]. Therefore, Fourier-transform in-
frared (FTIR) spectroscopy has emerged as a promising alternative for detecting biochem-
ical alterations associated with cancerous activity. Owing to its rapid, non-invasive, and
low-cost nature several studies demonstrate its capability of identifying early biochemical
changes related to carcinogenesis [Su and Lee 2020].

Although traditional machine learning models are widely used in FTIR, spec-
tra exhibit long-range dependencies between non-adjacent peaks, suggesting that Trans-
former architectures may provide significant advantages. This work proposes BioSpec-
tralFormer (BSF), a Transformer-based architecture adapted to the biochemical spectral
domain for salivary FTIR classification in oral cancer diagnosis. BSF is benchmarked
against seven baselines, with attention maps validating known biomarker correlations.

2. Related Work
Computational approaches to FTIR-based oral cancer diagnosis have predominantly re-
lied on traditional machine learning and deep neural networks. Previous studies us-
ing SVM and complex network methods on salivary FTIR achieved 71-92% accuracy
with sensitivities ranging from 81-83% [Shree et al. 2024, Lima Filho et al. 2024]. These
works identified protein structural changes and lipid alterations as key biomarkers.



Recent Transformer adaptations for spectroscopy include Fcg-Former for func-
tional group identification [Zhang et al. 2024] and chemical-informed architectures
[Huang et al. 2025], though biomedical FTIR applications remain limited. This work
addresses gaps in Transformer-based biomedical FTIR classification, systematic method
comparisons, and interpretability linking attention to cancer biomarkers.

3. Materials and Methods
3.1. Dataset
We analyzed 65 salivary FTIR spectra (39 oral squamous cell carcinoma, 26 healthy)
acquired at 4000–400 cm−1 with 4 cm−1 resolution using ATR-FTIR. Approved by
the Research Ethics Committee of the Federal University of Uberlândia under protocol
249.200.9, control patients were age- and sex-matched to the cancer group. Figure 1
shows strong overlap reflecting the challenges of biomedical spectroscopy. Code is avail-
able at https://github.com/Lucas-Sabbatini/BioSpectralFormer.

Figure 1. FTIR Samples: Overlapped (left) and Mean/Std Plot (right).

3.2. Spectral Preprocessing Pipeline
Three sequential preprocessing stages were applied: (i) Baseline Correction using
Asymmetric Least Squares (AsLS); (ii) Normalization by the Amide I band maximum
(1630–1660 cm−1) to correct protein concentration variations; and (iii) Truncation to the
3050–850 cm−1) region containing lipid, protein, nucleic acid, and carbohydrate infor-
mation [Balan et al. 2019].

3.3. BioSpectralFormer Architecture
BSF adapts Transformer architecture to the spectral domain (Figure 2) through the fol-
lowing components:

Patch Embedding Layer: Preprocessed spectra X ∈ Rn×d (n=65, d=1141) are seg-
mented into overlapping patches via 1D convolution with kernel size p=16 and stride
p/2, producing T=141 tokens projected to embedding dimension E=32.

Positional Encoding: Sinusoidal positional encodings are added to retain sequential or-
der along the spectral axis, producing Xpos ∈ Rn×T×E .

Dual Axis-Wise Attention: The architecture employs dual axis-wise attention on Xpos ∈
Rn×T×E . The Channel-axis acts as a feature gate, suppressing uninformative dimensions,
while the token-axis captures long-range dependencies between non-adjacent regions.



Figure 2. BioSpectralFormer: step-by-step operation.

Channel-Axis Attention operates on the embedding dimension. The input is trans-
posed to X T

pos ∈ Rn×E×T , treating each embedding channel across all tokens as a se-
quence. After linear projection T → E, multi-head attention is applied and projected
back, yielding Xch ∈ Rn×T×E with residual connection: X ′

ch = Xch + Xpos.

Token-Axis Attention applies standard multi-head self-attention on X ′
ch across the

token dimension, producing Xtok ∈ Rn×T×E .

Outputs are combined via learnable weighting: Xattn = (1−α) · Xtok + α · X ′
ch

where α ∈ [0, 1] (sigmoid constrained).

Each attention head computes Attention(Q,K, V ) = softmax
(
QKT/

√
dk
)
V

with Q = XWQ, K = XWK , V = XWV and dk = E/h.

Transformer Block: Each block comprises pre-norm layer normalization, dual axis-wise
multi-head attention (h=4 heads), dropout residual connections, layer normalization and
position-wise FFN with dimension dff=64.

Output Heads: Global average pooling over tokens produces representations z ∈ Rn×E .
A classification head projects to binary logits (sigmoid), while a projection head (2-layer
MLP: E → 2E → E/2 with L2 normalization) generates embeddings for contrastive
learning.

3.4. Training Strategy
Multi-objective loss combines weighted cross-entropy (wpos = Nneg/Npos), supervised
contrastive loss (τ=0.07), and center loss with separation regularization. Class-balanced
sampling ensures mmin=2 samples per class per batch. AdamW optimizer (η=5×10−3),
cosine annealing, gradient clipping, and early stopping with post-training threshold
calibration (t∗ = argmax 1

2
(SE + SP)). Hyperparameters (Optuna): h=4, E=32,

dff=64, p=16, dropout= 0.3, batch= 8, epochs= 200, λBCE=0.389, λSupCon=0.081,
λCenter=0.530. Ltotal = λBCELBCE + λSupConLSupCon + λCenterLCenter

3.5. Comparison Models
Seven Optuna-optimized baselines: SVM-RBF [Shree et al. 2024], XG-
Boost [Chen and Guestrin 2016], LightGBM [Ke et al. 2017], CatBoost



[Prokhorenkova et al. 2018], TabM [Gorishniy et al. 2025], RealMLP
[Holzmüller et al. 2024], TabPFN2 [Hollmann et al. 2022].

3.6. Experimental Protocol
Data Splitting: Stratified 10-fold CV (90% train, 10% test), maintaining 39:26 class
ratio. Metrics: Accuracy, Precision, Sensitivity, Specificity, Mean(SE,SP) (primary).
Significance: Paired t-tests (p < 0.05). Interpretability: Attention weights from final
layer averaged across heads and samples to identify biomarker-relevant regions.

4. Results
Table 1 presents the average results (±standard deviation) of 10-fold cross-validation for
the 8 evaluated baseline models, within our proposed architecture.

Table 1. Performance of models in 10-fold CV (±SD)

Model Accuracy Precision Recall Specificity Mean(SE,SP)

SVM-RBF 0.62±0.16 0.65±0.13 0.83±0.16 0.32±0.23 0.57±0.16
LightGBM 0.74±0.17 0.84±0.18 0.74±0.16 0.75±0.27 0.75±0.18
CatBoost 0.72±0.18 0.81±0.19 0.77±0.18 0.67±0.32 0.72±0.19
XGBoost 0.70±0.18 0.74±0.16 0.82±0.17 0.53±0.30 0.68±0.20
RealMLP 0.68±0.24 0.73±0.28 0.75±0.27 0.58±0.32 0.67±0.24
TabM 0.60±0.15 0.67±0.16 0.72±0.18 0.42±0.33 0.57±0.17
TabPFN2 0.52±0.16 0.59±0.18 0.75±0.22 0.18±0.32 0.47±0.17
BSF 0.70±0.15 0.72±0.13 0.82±0.20 0.52±0.25 0.67±0.15

LightGBM achieves the best overall performance with excellent sensitivity-
specificity balance. BSF demonstrates competitive performance with notably high sensi-
tivity (0.82±0.20) and robust stability (lowest SD among deep learning baselines), valu-
able in cancer detection where false negatives carry serious clinical consequences. The
dual axis-wise attention mechanism provides clear advantage over tabular deep learning
baselines, though specificity remains lower than top gradient boosting methods.

4.1. Significance Analysis
Pairwise t-tests and Wilcoxon signed-rank tests reveal BSF operates in the highest perfor-
mance tier alongside LightGBM, CatBoost, XGBoost, and RealMLP, with no significant
differences in Mean(SE,SP) (p > 0.05). BSF exhibits higher sensitivity but lower speci-
ficity than LightGBM (specificity: p=0.039 by t-test, p=0.063 by Wilcoxon), while SVM,
TabPFN2, and TabM show significant performance gaps relative to top-tier models.

4.2. Exploratory Attention Analysis
Attention maps reveal biologically meaningful feature prioritization across two mecha-
nisms (Figure 3). Token-axis attention exhibits head-specific specialization: Head 2
emphasizes the Amide I shoulder (1623.9 cm−1), Head 4 targets nucleic acid modes
(991.3 cm−1), and Heads 1 and 3 prioritize lipid C-H stretching (2734.8 and
2919.9 cm−1). A discriminative Amide II shift is observed between cancer (1546.7 cm−1)
and healthy (1562.2 cm−1) samples, reflecting protein structural alterations. Conversely,
channel-axis attention (notably dimensions 3 and 27) acts as a broad feature gate
rather than a focused relational anchor. These regions align with established oral can-
cer biomarkers [Su and Lee 2020, Shree et al. 2024], validating that BSF learns clinically
relevant features rather than noise.



Figure 3. Average Attention over Test Set across all folds

5. Discussion
Results are consistent with biomedical spectroscopy under sample-size constraints, where
studies with N < 100 typically report 60–75% accuracy compared to 85–95% for
N > 200 [Shree et al. 2024, Yang et al. 2022]. The lower accuracy reflects biological
variability and conservative preprocessing prioritizing reproducibility, suggesting sample
size rather than technique inadequacy as the primary limitation.

The sensitivity-specificity tradeoff reveals distinct model behaviors: LightGBM
achieves optimal balance, while BSF and XGBoost prioritize sensitivity at moderate
specificity cost. In cancer screening contexts, high sensitivity is clinically preferable since
false negatives carry severe consequences, positioning BSF as a potential initial screening
tool pending specificity improvements.

BSF addresses small-data challenges through architectural design: dual axis-wise
attention combines feature selection (channel-axis) with relational reasoning (token-axis),
while multi-objective loss (cross-entropy + contrastive + center) prevents overfitting by
balancing feature learning with intra-class compactness [Khosla et al. 2020]. This con-
straint directly mirrors clinical reality: prospective salivary FTIR datasets are inherently
limited, making robustness under data scarcity a clinical requirement.

6. Conclusion
This work proposed BioSpectralFormer (BSF), achieving competitive performance on
salivary FTIR oral cancer classification through dual axis-wise attention and multi-
objective contrastive learning. BSF operates in the highest statistical tier alongside gra-
dient boosting methods. Attention maps validate biological grounding, consistently pri-
oritizing established biomarker regions (Amide I, lipid C-H), demonstrating clinically
relevant feature learning. Key limitations include small sample size and absence of ex-
ternal validation. Future work should prioritize multicenter expansion (200–500 spectra),
transfer learning from spectroscopic corpora, and prospective clinical validation.
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