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Abstract. Oral squamous cell carcinoma (OSCC) remains a major global health challenge,
and its early detection is essential for improving patient prognosis.  Fourier-transform
infrared (FTIR) hyperspectral imaging offers a powerful, label-free approach for probing
biochemical alterations in biological tissues, providing rich spectral information that can support
computational diagnosis. In this study, we evaluated the performance of a Random Forest
classifier applied to FTIR hyperspectral images of OSCC and control oral tissues. After rigorous
preprocessing and restriction of the analysis to the 1500-1750 cm ™! region—the portion of the
fingerprint band with highest discriminative variability—the model achieved strong pixel-level
performance, with high precision, recall, and an area under the ROC curve of 0.986. Image-
level classification, a clinically relevant metric, yielded an accuracy of 0.86 across 96 samples,
demonstrating the model’s reliability in assigning whole-sample labels. Feature importance
analysis identified key vibrational modes associated with malignant transformation, notably the
Amide I and Amide II bands, as well as lipid-related C=0 stretching near 1735 cm™'. These
findings indicate that Random Forest, combined with FTIR hyperspectral imaging, can robustly
capture biologically meaningful spectral signatures and represents a promising complementary
tool for OSCC screening and diagnostic support.

1. Introduction

Lip and oral cavity cancers represent a major global health challenge. In 2022, there were
approximately 390,000 new cases and 190,000 deaths [1]. Among these, about 90% correspond
to oral squamous cell carcinoma (OSCC), the most prevalent and aggressive malignancy within
head and neck cancers, primarily affecting the oral cavity [2].

The primary risk factors for OSCC include tobacco use, excessive alcohol consumption, and
high-risk human papillomavirus (HPV) infections, particularly subtypes HPV-16 and HPV-18
[3]. Clinically, OSCC may manifest as persistent oral ulcers, difficulty swallowing, or unexplained
bleeding [4]. Traditional diagnostic methods rely on biopsy with histopathological evaluation,
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often complemented by imaging techniques such as MRI and CT to assess tumor spread and
severity. However, these methods can be time-consuming [5].

Recent advances in imaging technologies, particularly hyperspectral imaging (HSI), have
provided non-destructive alternatives for detailed tissue characterization, capturing both spatial
and biochemical information. When combined with machine learning, HSI enables the analysis
of complex datasets and can improve diagnostic precision [6, 7, §8].

Fourier Transform Infrared (FTIR) spectroscopy, widely employed in medical and biochemical
applications [9, 10, 11], provides hyperspectral imaging data with high sensitivity to molecular
composition and structural changes. This modality is particularly effective for analyzing
heterogeneous biological samples, including OSCC tissues, where subtle biochemical variations
can serve as early indicators of malignancy [12, 13]. Its ability to detect alterations in proteins,
lipids, and nucleic acids makes FTIR a valuable tool for supporting early and accurate diagnosis,
a key factor in improving patient prognosis [14].

In this study, we leverage Random Forest (RF) models, an ensemble learning method [15, 16],
to classify FTIR hyperspectral data from OSCC tissues. RF constructs multiple decision trees
trained on different random subsets of the data, and combines their predictions through a
majority voting mechanism. This structure, based on bagging, introduces diversity among trees
and improves model robustness when dealing with complex and variable spectral datasets. An
illustrative diagram of this process is shown in Figure 1.
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Figure 1. Illustrative diagram of a Random Forest model composed of n decision trees. Each
tree acts as an independent classifier trained on a unique subset of the data. The Random Forest
aggregates the tree predictions using a majority voting mechanism.

Beyond its straightforward architecture, Random Forest offers several properties that make
it particularly well suited for FTIR hyperspectral analysis. The algorithm naturally handles
high-dimensional and heterogeneous spectral data without requiring prior feature reduction,
while capturing nonlinear relationships between biochemical signatures and tissue pathology. Its
ability to mitigate overfitting through ensemble averaging is especially valuable in biomedical
scenarios where datasets tend to be small and noisy. Furthermore, Random Forest provides
interpretable measures of feature importance, allowing the identification of wavenumbers
associated with OSCC-related biochemical alterations. These advantages have contributed to
its widespread adoption in infrared spectroscopic imaging studies.

2. Material and methods

This study used 96 specimens arranged on a low-emission tissue microarray (TMA) slide,
including 48 control samples of healthy human oral tissue and 48 human OSCC samples,
obtained in collaboration with the Cancer Institute of Sao Paulo State (ICESP). All
samples were approved by the Institutional Review Board under protocol 228/14 (CAAE
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32884214.5.0000.0065). A mirrored-glass TMA slide stained with hematoxylin and eosin (H&E)
provided optical microscopy images for pathologist evaluation, which served as the gold standard
for labeling the samples used in model training, as shown in Figure 2.

Hyperspectral images (Figure 3) were acquired using a Cary 660 FTIR spectrometer in
transflection scanning mode, coupled to a microscope equipped with a 32 x 32 element focal
plane array (FPA) detector and a spatial resolution of 5.5 um. Each image acquisition consisted
of 128 background scans, followed by 64 co-added scans per pixel during sample measurement,
with a spectral resolution of 4cm™'. Reference optical microscopy images were obtained using
a Nikon Eclipse Ti inverted microscope.

T T T T T
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O S Figure 3. Hyperspectral image representa-
tion of the same sample shown in Figure 2,
Figure 2. Biopsy image from the TMA slide where the intensity of each pixel corresponds

stained with H&E, acquired using optical to the integrated value of its associated spec-
microscopy with a Nikon Eclipse Ti inverted trum. The image was acquired from the Low-
microscope. E TMA slide using transflection-mode FTIR.

A Random Forest model was implemented to classify the hyperspectral images, using a
maximum tree depth of 3 and a total of 100 trees. Model training and evaluation were performed
with the scikit-learn library [17], which provided both the implementation framework and the
tools for computing performance metrics.

Random Forest was selected for its robustness when handling high-dimensional and
heterogeneous spectral data, its capacity to model nonlinear relationships between biochemical
signatures and tissue classes, and its reliable performance in small and noisy biomedical datasets,
qualities that naturally aligned with the goals of the investigation. To ensure that the classifier
operated under optimal conditions, a grid search was conducted to identify the most suitable
hyperparameters, including the maximum tree depth and the number of estimators. This
procedure resulted in a well-tuned Random Forest configuration tailored to the characteristics
of the FTIR dataset.

Although machine learning models are designed to handle large datasets, applying
preprocessing steps can significantly enhance their performance by reducing noise and limiting
the number of spectra. In this study, the dataset underwent the following preprocessing
procedures: (i) a spectral cut to restrict the analysis to the region of interest between 1500 cm ™!
and 1750 cm~! [18]; (ii) a quality test to remove noisy spectra with low or no information,
typically originating from paraffin in the image background [18]; (iii) spectral smoothing
and baseline correction using a Savitzky—Golay filter with a second-order polynomial, second
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derivative, and a window size of seven points [18]; (iv) extended multiplicative signal correction
(EMSC) to reduce water and paraffin contributions [18]; and (v) Standard Normal Variate (SNV)
normalization, in which each point of the signal is transformed into a standardized score [19].

The evaluation was performed using a 10-fold cross-validation scheme, in which the dataset
was partitioned into 10 folds, each containing 10 images for testing and 86 for training. This
procedure ensures that every image is used for both training and testing at least once, providing
a comprehensive assessment of model performance. Class balance was maintained across all
folds to preserve consistent representation of each group. This structured validation strategy
reduces the risk of biased performance estimates and increases the reliability of the results
[16]. All preprocessing and data processing were performed in a Python environment using
Python 3.10.9 [20].

The fingerprint region, shown in Figure 4, corresponds to the spectral range between 900 cm™
and 1800 cm™!, this region is essential for the detailed characterization of biological tissues.
Examination of the standard deviation of the mean spectrum reveals that the upper portion of
the fingerprint region, between 1500 cm ™! and 1750 cm ™!, displays markedly higher variability.
Such increased spectral variance indicates stronger contrast between classes, thereby enhancing
the separability of the data and facilitating the classification task.

By restricting the analysis to this region of interest, shown in Figure 5, the model
achieved a notable improvement in performance. Limiting the spectral range also reduced the
computational cost associated with processing the full fingerprint region, thereby accelerating
the training process.
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Figure 4. Average spectrum of the fingerprint region, ranging from 900cm™"' to 1800 cm™".

The x-axis represents the wavenumber (cm™!), and the y-axis corresponds to absorbance. The
bold line shows the mean spectrum, while the shaded area indicates the standard deviation.

Given the limited availability of only 96 samples, and the fact that machine learning methods
require a larger number of training instances, each hyperspectral image was unfolded so that
every spectrum was treated as an individual sample. This procedure resulted in a substantially
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Figure 5. Average spectrum of the spectral region with the highest standard deviation,
spanning from 1500cm~! to 1750cm™!. The x-axis represents the wavenumber (cm~1!), and
the y-axis corresponds to absorbance. The bold line depicts the mean spectrum, while the

shaded area illustrates the standard deviation.

larger dataset of nearly 2.5 million spectra.

spec

96im x (5 x 5)% x (32 X 32)671 = 2457600spec (1)

here, image refers to a full hyperspectral image, spec denotes an individual spectrum, and agq
corresponds to a single acquisition. The term (32 x 32) 2= indicates the detector size, while
(5 x5) irri?ge represents the area scanned—i.e., the number of acquisitions typically required to
cover an entire sample, assuming the samples have an approximately regular size.

To minimize bias when working with unfolded hyperspectral images, it is essential to ensure
that all spectra from the same image remain within a single group during cross-validation. This
prevents correlated spectra—originating from the same image—from being split across training
and testing sets. For instance, if an image is used for training, none of its spectra should appear
in the test set; otherwise, the evaluation would be compromised, as the model would be tested
on data it has effectively already seen, leading to overfitting and inflated performance estimates.
This precaution was enforced during the labeling and group assignment stages to preserve the
integrity of the analysis.

Model performance was assessed using a combination of image-level and pixel-level evaluation
metrics to capture both the diagnostic reliability of the classifier and the biochemical relevance
of its decisions. At the image level, accuracy was determined by assigning a label to each
hyperspectral image through majority voting over its pixel predictions, reflecting the model’s
ability to correctly classify complete samples. At the pixel level, precision, recall, and F1l-score
were computed to quantify the classifier’s sensitivity and specificity to local spectral variations,
complemented by confusion matrices that summarize correct and incorrect assignments for each
class. Receiver operating characteristic (ROC) analysis was performed to evaluate discriminative
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ability across varying thresholds, with the area under the curve (AUC) providing a threshold-
independent summary of performance. Additionally, the distribution of predicted probabilities
was examined to assess the confidence and separability of class predictions. Feature importance
values were also computed to identify the spectral regions contributing most to the classification,
linking model decisions to underlying biochemical signatures. Together, these metrics offer a
comprehensive evaluation of both predictive accuracy and interpretability.

3. Results and discussion

The pixel-level classification metrics, summarized in Table 1, provide a detailed assessment
of the model’s performance across the two classes (cancer and control). Precision measures
the proportion of predicted positives that are correctly classified. Class 0 (cancer) achieved a
precision of 0.92, indicating that most pixels predicted as cancer truly belonged to this class,
while Class 1 (control) reached a precision of 0.96, reflecting a low rate of false positives.

Table 1. Per-pixel classification report showing precision, recall, F1-score, and support for each
class.

Class Precision Recall F1l-score
0 (Cancer) 0.92 0.97 0.95

1 (Control) 0.96 0.89 0.93
Accuracy 0.94

Recall quantifies the ability of the model to correctly identify all samples belonging to a
given class. Class 0 exhibited a high recall of 0.97, meaning that the large majority of cancer
pixels were correctly detected. Class 1 obtained a recall of 0.89, showing slightly more difficulty
in identifying all control pixels. The Fl-score, defined as the harmonic mean of precision and
recall, summarizes the balance between both metrics, with values of 0.95 for Class 0 and 0.93
for Class 1. The overall accuracy was 0.94, demonstrating that 94% of all spectra in the dataset
were correctly classified.

To further evaluate discriminative performance, a receiver operating characteristic (ROC)
curve was generated (Figure 6). The ROC curve plots the true positive rate against the
false positive rate across different classification thresholds, illustrating the model’s ability to
distinguish between classes. The area under the ROC curve (AUC) was 0.9864, indicating
excellent separability and confirming that the classifier rarely confuses cancer and control
spectra.

The confusion matrix, shown in Table 2, provides additional insight. For Class 0 (cancer),
1,620,264 pixels were correctly classified, while 44,481 were misclassified as control. For Class 1
(control), the model correctly identified 1,108,626 pixels, with 134,535 misclassified as cancer.
These values align with the recall metrics and reinforce the model’s strong ability to distinguish
between cancer and control spectra at the pixel level.

Table 2. Confusion matrix for pixel-level classification, showing the distribution of true and
predicted labels.

Predicted 0 Predicted 1
True 0 1,620,264 44,481
True 1 134,535 1,108,626

Feature importance analysis was performed to identify which wavenumbers within the selected
spectral region contributed most to the classification task. In a Random Forest classifier,
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Figure 6. Receiver operating characteristic (ROC) curve for image-level classification using
Random Forest with 10-fold cross-validation.

feature importance is computed by measuring how much each feature decreases impurity across
all decision trees. At each split, the algorithm evaluates how effectively a given wavenumber
separates the classes; features that consistently lead to larger reductions in Gini impurity receive
higher importance scores. The final importance value for each wavenumber is obtained by
averaging its contribution across all trees in the ensemble, normalized so that the values sum to
one.

The feature importance curve, shown in Figure 7, reveals several prominent peaks between
1500 and 1750 cm™!, indicating the spectral regions that most strongly contribute to the
discrimination between cancerous and control tissues. In Random Forest models, feature
importance quantifies how much each wavenumber reduces impurity during node splitting,
averaged across all trees. By incorporating the mean importance values together with their
standard deviations over the cross-validation folds, the figure highlights both the magnitude
and the stability of these contributions.

The most prominent and consistent peaks occur near 1650 cm™! and 1735 cm™! [21],
corresponding respectively to the Amide I band (C=O stretching in proteins) and lipid-related
C=0 stretching modes. These regions are well-established markers of biochemical alterations
associated with malignant transformation, including changes in protein secondary structure and
membrane lipid composition. Additional peaks in the 1550-1570 cm ™! [21] range correspond to
the Amide II band, reflecting N-H bending and C—N stretching vibrations, which also undergo
characteristic shifts in cancerous tissues.

The narrow standard deviation bands surrounding these peaks demonstrate that the most
informative wavenumbers are consistently identified across all folds of the cross-validation
procedure. Overall, the feature importance analysis emphasizes the biological relevance of
the selected spectral window and provides insight into the molecular differences driving the
classification.

In addition to pixel-level evaluation, the model’s performance was assessed at the image level,
where each hyperspectral image receives a single predicted label based on the majority vote of its
pixel classifications. This metric is particularly important for diagnostic applications, as clinical
decisions are typically made at the sample level rather than at the level of individual pixels. The
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Figure 7. Mean feature importance values across the ten cross-validation folds, with shaded
regions representing +1 standard deviation.

image-level classification report is presented in Table 3, and the corresponding confusion matrix
is shown in Table 4.

Table 3. Image-level classification report showing precision, recall, Fl-score, and support for
each class.

Class Precision Recall F1l-score
0 (Cancer) 0.88 0.90 0.89
1 (Control) 0.83 0.81 0.82
Accuracy 0.86

Table 4. Image-level confusion matrix showing the number of correctly and incorrectly classified
samples for each class.

Predicted 0 Predicted 1
True 0 53 6
True 1 7 30

The model achieved an accuracy of 0.86 across the 96 images, with Class 0 (cancer) obtaining
a precision of 0.88 and a recall of 0.90, while Class 1 (control) reached a precision of 0.83 and a
recall of 0.81. These results indicate that the classifier reliably distinguishes between cancerous
and control samples when evaluated on complete images. Although pixel-level analysis provides
finer biochemical insight into spectral heterogeneity within tissues, image-level performance is
ultimately the most relevant metric for computational diagnostics, as it reflects the model’s
ability to assign a correct label to the entire specimen.

The confusion matrix further illustrates this behavior: out of 59 cancer images, 53 were
correctly classified, and 30 out of 37 control images were identified correctly. The limited number
of misclassifications suggests that, despite local spectral variability captured at the pixel scale,
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the global biochemical signatures present in each sample are sufficiently distinct to support
highly reliable image-level predictions.

4. Conclusion

The findings of this study demonstrate that Random Forest, when applied to FTIR hyperspectral
imaging within a rigorously preprocessed spectral window, can accurately differentiate OSCC
from healthy oral tissue at both the pixel and image levels. Pixel-level evaluation revealed strong
precision, recall, and F1-scores for both classes, reflecting the model’s ability to capture subtle
biochemical variations embedded in the vibrational signatures of the tissue. The high-quality
separation between cancer and control spectra was further supported by the ROC curve, which
exhibited an AUC of 0.986, indicating excellent discriminative capacity.

Image-level classification—more directly aligned with clinical diagnostic needs—achieved an
accuracy of 0.86, confirming that the model can generate reliable whole-sample predictions.
While pixel-level analysis is valuable for biochemical interpretation and spatial mapping, the
image-level result ultimately reflects the diagnostic outcome required in real-world pathology
workflows.

The examination of feature importance revealed that the most discriminative wavenumbers
were concentrated around the Amide I band (1650 cm™!), associated with C=O stretching
of proteins and highly sensitive to changes in secondary structure; the Amide II band
( 15501570 cm™!), linked to N-H bending and C-N stretching; and the lipid-related C=0
stretching band ( 1740 cm~!). These spectral features are well established as biochemical
markers of malignant transformation, reflecting alterations in protein conformation, nucleic acid
content, membrane lipid composition, and metabolic activity. The consistency of these peaks
across all cross-validation folds reinforces the robustness and biological relevance of the spectral
signatures captured by the model.

Taken together, the results indicate that the combination of FTIR spectroscopy and Random
Forest classification forms a reliable framework for OSCC tissue characterization. The approach
is statistically robust, computationally efficient, and grounded in biologically meaningful
vibrational features associated with carcinogenesis. These findings support the potential
integration of FTIR-based machine learning tools into auxiliary diagnostic pipelines, offering
interpretable and reproducible assessments that complement conventional histopathology.
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