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Abstract: Thyroid nodules are highly prevalent, yet identifying malignancy remains a persistent
challenge due to their significant pathological heterogeneity. Conventional diagnostic workflows
rely on invasive and tissue-destructive sampling followed by a time-consuming histopathology
tissue process, restricting the ability to obtain pathological insights in real-time or at the bedside.
In this context, optical coherence tomography (OCT) has gained attention as a non-invasive,
label-free imaging modality; however, its interpretation for detailed pathological assessment has
remained challenging. Here, we developed a deep learning (DL)-based framework for diagnostic
classification across the spectrum of thyroid nodule pathology using OCT images. OCT datasets
were acquired from seven pathological categories, including five thyroid carcinoma subtypes as
well as two non-carcinoma tissue types (benign and normal), and were matched with histology
for supervised learning. Robust binary differentiation between carcinoma and non-carcinoma
was achieved, with an accuracy of 98.37% and an area under the receiver operating characteristic
curve of 0.997. Furthermore, multi-class classification across seven pathological categories
further demonstrated an overall accuracy of 93.66% on held-out test sets. Diagnostic predictions
were visualized as color-coded overlays on en face OCT images, enabling coherent interpretation
across tissue volumes. These results demonstrate the feasibility of combining OCT with DL for
enhanced thyroid pathology assessment and motivate further optimization toward real-time and
point-of-care diagnostic deployment.

© 2026 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Thyroid nodular disease encompasses a broad pathological spectrum ranging from non-neoplastic
and benign lesions to multiple subtypes of thyroid carcinoma, representing a substantial and
growing clinical burden worldwide [1]. While malignant nodules necessitate surgical resection,
the clinical approach varies drastically by subtype: differentiated thyroid carcinomas generally
yield favorable post-surgical outcomes, whereas anaplastic thyroid carcinoma (ATC) is associated
with a dismal prognosis, often requiring alternative therapeutic strategies beyond surgery [2].
Accurate preoperative risk stratification across this heterogeneous spectrum remains challenging,
particularly in distinguishing malignant from benign nodular lesion or normal thyroid tissue and
in subclassifying carcinoma subtypes [2–4]. Current evaluation based on ultrasonography and
fine-needle aspiration frequently yields indeterminate results, often leading to additional surgical
assessment despite a high prevalence of benign pathology [5]. These limitations highlight the need
for a rapid, tissue-sparing, and high resolution modality capable of providing reliable diagnostic
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information across both benign and malignant thyroid conditions, beyond the constraints of
existing approaches [6].

Optical coherence tomography (OCT) is a non-invasive, label-free imaging modality that
provides micrometer-scale, depth-resolved visualization of tissue microarchitecture through
interferometric detection of backscattered light [7,8]. Its real-time, three-dimensional imaging
capability with established biosafety has enabled broad clinical adoption across multiple medical
fields and has driven growing interest in thyroid and parathyroid applications [9–15]. OCT has
been shown to capture thyroid-specific architectural features and correlate with histopathology,
supporting its role as a complementary imaging tool. We previously explored OCT-based
quantitative features for thyroid tissue assessment through comparisons between thyroid carcinoma
subtypes and normal thyroid tissue [16]. However, conventional OCT primarily resolves tissue-
and architectural-level features rather than cellular or nuclear detail, which can limit its ability to
precisely differentiate among diverse thyroid pathologies based on OCT images alone [9–11].

Meanwhile, deep learning (DL) has been widely adopted across the field of medical image
analysis, driven by their ability to learn complex, high-dimensional feature representations
directly from image data [17–19]. In microscopic and high-resolution imaging modalities, DL
has demonstrated strong performance in image enhancement, and classification tasks that are
difficult to address using conventional, explicitly defined image descriptors [18,20,21]. By
capturing subtle spatial patterns and contextual relationships that may not be readily discernible by
human observers, DLs enable objective and reproducible interpretation of imaging data [22,23].
Such capabilities suggest that DL can provide an effective framework for extracting diagnostically
relevant information from OCT images, where meaningful pathological characteristics are
embedded in multi-scale architectural patterns rather than explicit cellular detail [20,24].

Building on these advances, various studies have demonstrated the feasibility of DL-based
interpretation of OCT images for pathological tissue assessment [25–29]. Foo, et al. [25]
demonstrated that DL models can classify diverse histopathologic patterns in human breast tissue
using OCT imaging, highlighting the diagnostic relevance of OCT-derived features. Butola, et al.
[26] showed that DL enables reliable classification of OCT data from a wide range of biological
samples, including structurally complex and heterogeneous tissues. Wang, et al. [27] applied DL
to OCT images of human tissues, including the thyroid, to achieve tissue-specific identification.
In addition, Tampu, et al. [29] demonstrated distinction between normal and diseased thyroid
tissue using OCT images and DL. Collectively, these studies establish the technical feasibility
of DL-assisted OCT interpretation. However, despite the inclusion of thyroid data in some
prior work [27,29], no study has systematically evaluated whether DL-based OCT can achieve
subtype-level diagnostic differentiation across the full pathological spectrum of thyroid nodules.
Such capability is essential for laying the groundwork to determine whether OCT can contribute
to pathological diagnosis in routine clinical practice.

In this study, a DL-based framework is introduced for histopathologic differentiation across
the spectrum of thyroid nodule pathology using OCT images. To evaluate the practical feasibility
of OCT in thyroid pathology, this approach was designed to achieve detailed pathological
classification encompassing five major thyroid carcinoma subtypes as well as benign and normal
thyroid tissue. While such distinctions are challenging to achieve through direct interpretation of
conventional OCT images alone, the integration of DL enabled reliable differentiation by capturing
complex, multi-scale architectural patterns embedded in the OCT signal. By demonstrating
subtype-level differentiation across a broad pathological spectrum, these findings support the
potential of OCT as a label-free imaging modality that, when enabled by DL, can facilitate
clinically relevant tissue characterization and inform future diagnostic and real-time point-of-care
applications in thyroid disease.
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2. Methods

2.1. OCT dataset acquisition

OCT data were acquired using a custom-built benchtop swept-source OCT system with axial and
lateral resolutions of 10 µm (in air) and 13 µm, respectively (Fig. 1(a)) [30]. The system operated
at a central wavelength of 1,290 nm with a bandwidth of 110 nm and an average output power of
40 mW, with an imaging speed of 117 frames per second. Volumetric imaging was performed
using a two-axis galvanometer scanner. During slow-axis scanning, B-scans were acquired at
6 µm intervals, satisfying Nyquist sampling requirements relative to the lateral resolution. Each
A-scan represents a depth-resolved axial reflectivity profile acquired at a single lateral position,
and a B-scan corresponds to a single cross-sectional frame in the XZ plane formed by sequentially
assembled A-scans. The resulting three-dimensional datasets covered an effective field of view
of 5.03× 5.79× 1.85 mm3 along the X, Y, and Z axes, with the axial extent defined to encompass
the depth range used for patch-based analysis.

Fig. 1. Overview of the proposed deep learning–based OCT diagnostic framework. (a)
Workflow for acquiring and preparing OCT training data with histology-matched annotation.
(b) Schematic illustration of the OCT image–based diagnostic classification model. (c)
Visualization of diagnostic predictions overlaid on OCT images.

2.2. Histopathologic annotation and training data preparation

Three-dimensional OCT datasets were acquired from formalin-fixed human thyroid tissue
specimens (n= 41), with each specimen obtained from a different patient. Corresponding en face
OCT images were subsequently reconstructed from the volumetric data. These en face images
were generated by extracting depth-resolved slices near the tissue surface, corresponding to
approximately 0-10 µm beneath the sample surface according to the system resolution. All en face
images presented in this study were reconstructed under the same condition. For histopathologic
ground truth, sister tissue sections (∼ 4 µm thickness) immediately adjacent to the OCT-imaged
blocks, corresponding to the en face imaging plane, were processed for hematoxylin and eosin
(H&E) staining. The en face OCT images were spatially matched with the corresponding
histologic sections, enabling direct correlation between OCT-based morphological features
and histopathology (Fig. 1(a)). Based on this correlation, a board-certified pathologist (J.Y.S.)
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manually annotated regions corresponding to distinct histopathologic entities on the en face OCT
images based on the 5th WHO classification [4], while also referencing the corresponding B-scan
depth information to support consistent labeling. These annotations were subsequently mapped
to the corresponding B-scan images and patch regions for use in model training. Annotation
was performed at the tissue level, reflecting histologic diagnosis rather than individual cellular
features, and was restricted to regions with unequivocal pathological correlation (Fig. 1(a)). A
total of seven pathological labels were defined for model training. These comprised five thyroid
carcinoma subtypes: papillary thyroid carcinoma (PTC; n= 11), follicular thyroid carcinoma
(FTC; n= 6), oncocytic carcinoma (OCA; n= 3), ATC (n= 9), and medullary thyroid carcinoma
(MTC; n= 12). In addition, non-carcinoma categories included benign thyroid tissue (Benign),
such as thyroid follicular nodular disease and lymphocytic thyroiditis, and normal thyroid gland
(NT). These non-carcinoma regions were extracted from areas identified on matched H&E
histology slides and subsequently correlated with the corresponding OCT images from carcinoma
specimens. Specifically, benign regions were sampled from a subset of carcinoma specimens
(n= 10), while NT regions were sampled from all specimens (n= 41) [4]. This study was
reviewed and approved by the Institutional Review Board (GCIRB2021-241, 9-2023-0090), and
the requirement for informed consent was waived. All procedures were conducted in accordance
with the Declaration of Helsinki.

The proposed model performs diagnostic classification using patch-based OCT B-scan inputs
(Fig. 1(b)). Only B-scan images containing regions annotated by a pathologist were included
in the training and testing datasets to ensure label accuracy. Because annotated regions varied
in size across samples, B-scan images were cropped into fixed-size lateral patches based on
typical thyroid follicular dimensions [31,32]. Patches with a width of 64 pixels, corresponding
to approximately 380 µm along the A-scan direction, were used as inputs to the model, and
randomly sampled from within annotated regions of each B-scan during training. Annotated
regions smaller than the predefined patch size were excluded from training to avoid partial or
ambiguous representation of pathological features. Along the depth axis, the patch size was
selected to encompass the full range of diagnostically relevant signal by covering approximately
1.85 mm, corresponding to 550 pixels, to capture the typical penetration depth observed in thyroid
OCT imaging [11,33,34].

Model generalization was evaluated using five-fold cross-validation. In each fold, data derived
from specific specimens within each subtype were held out exclusively for testing, ensuring
complete separation between training and test sets at the case level. Accordingly, the test set in
each fold consisted of one specimen (i.e., one patient) per subtype (n= 1), while the remaining
specimens were used for training. All images derived from the same specimen were confined
to either the training or test set to prevent overlap between the two. To assess generalization
across cases (i.e., specimens), different specimens from the same subtype were selected as the test
specimens across folds. For subtypes with fewer cases than the number of folds, some specimens
were inevitably used as test cases more than once; however, the combinations of test cases across
all subtypes were configured to differ between folds. During training, a comparable number of
B-scans was sampled across pathological categories to minimize class imbalance-related bias.
The test set comprised all available data from the held-out cases and therefore varied in size
across folds. The total number of frames used in each fold is summarized in Table 1.

2.3. Deep learning model and training strategy

A DL-based classification model was developed with reference to the EfficientNetV2 architecture,
which offers a favorable balance between computational efficiency and classification performance
[35,36]. An overview of the network architecture is summarized in Fig. 2. EfficientNetV2
employs a combination of Fused-Mobile Inverted Bottleneck Convolution (MBConv) blocks
for early-stage feature extraction and MBConv blocks for deeper layers, enabling efficient
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Table 1. Summary of OCT B-scan frame counts used in the five-fold cross-validation

fold 1 fold 2 fold 3 fold 4 fold 5

train test train test train test train test train test

PTC 3440 42 3440 962 4916 588 3840 574 4886 977

FTC 3440 1186 3440 773 4916 440 3840 615 4886 317

OCA 3440 1792 3440 1792 4916 316 3840 1392 4886 346

ATC 3440 257 3440 1470 4916 1161 3840 2422 4886 2443

MTC 3440 1250 3440 767 4916 727 3840 1449 4886 572

Benign 3440 386 3440 809 4916 1581 3840 477 4886 253

NT 3440 814 3440 886 4916 658 3840 1004 4886 459

representation learning across multiple spatial scales (Fig. 2) [36]. Squeeze-and-Excitation
modules are integrated within the MBConv blocks to adaptively recalibrate channel-wise feature
responses, enhancing representational capacity with minimal computational overhead [36].
Because OCT B-scan images exhibit spatially anisotropic resolution along the axial and lateral
directions, stride sizes within the convolutional layers were optimized to balance feature map
dimensions. In particular, selected network blocks employed larger strides along the axial
direction to progressively aggregate depth-wise information while maintaining stable lateral
feature resolution (Fig. 2). Features extracted by the EfficientNetV2 backbone were subsequently
integrated using adaptive average pooling, followed by two fully connected layers to produce
probability estimates for seven pathological labels. Softmax activation was applied to each output
node to yield probabilities ranging from 0 to 1, and the final diagnostic prediction was determined
by selecting the label with the highest probability.

Model training employed a composite loss function consisting of cross-entropy loss and center
loss, the latter introduced to promote compact intra-class feature distributions and enhanced
inter-class separability in the learned feature space [37]. A weighting factor of 0.01 was applied
to the center loss term when computing the total training loss. Optimization was performed
using the AdamW optimizer [38]. The learning rate was initialized at 0.01 and reduced by a
factor of 0.5 when the training loss plateaued. To enhance model generalization through data
variability, random horizontal flipping was applied as an additional augmentation to the randomly
cropped patch inputs during training. Prior to being fed into the network, all input data were also
normalized using mean and standard deviation. The model was trained from scratch without
using pretrained weights, as OCT images are substantially different from natural-image data.
Models were trained for a total of 200 epochs with a batch size of 128, corresponding to an overall
training time of approximately 4 hours. All implementations were carried out using PyTorch
version 1.13.1 on a GPU server equipped with four NVIDIA RTX 4090 GPUs and CUDA 12.1.
Patch-based inference on individual B-scan images required 0.03 seconds per frame.

2.4. Evaluation of diagnostic classification performance

Diagnostic classification performance was first evaluated using a binary formulation distinguishing
carcinoma from non-carcinoma. Carcinoma cases included PTC, FTC, OCA, ATC, and
MTCs, whereas non-carcinoma comprised Benign and NT. Binary classification performance
was quantitatively evaluated using receiver operating characteristic (ROC) analysis, which
characterizes the trade-off between sensitivity and specificity across varying decision thresholds.
The area under the ROC curve (AUC) was used as a summary measure of overall discriminative
performance. In addition, standard classification metrics were computed, including accuracy,
precision, sensitivity, specificity, and F1 score [39].
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Fig. 2. Architecture of the proposed OCT-based diagnostic classification model. The
model is based on the EfficientNetV2 architecture and takes patch-based grayscale OCT
B-scan images as input. The number of repeated blocks in each stage is indicated at the
top of the corresponding module, while the output channel size (c), kernel size (k), and
stride (s) are specified for each block. Detailed structures of the Fused-MBConv, MBConv,
and Squeeze-and-Excitation modules are illustrated at the bottom. In both Fused-MBConv
and MBConv blocks, the numeric suffix denotes the channel expansion ratio within the
block. Extracted feature maps are compressed via adaptive average pooling, reducing the
spatial dimensions to one while preserving the channel dimension. The pooled features are
then passed through two fully connected layers to generate outputs corresponding to seven
pathological labels. Softmax activation is applied to produce probability values between 0
and 1 for each label, and the final diagnostic classification is determined by selecting the
label with the highest predicted probability.

Following binary evaluation, diagnostic performance was further assessed using the same
trained model under a multi-class formulation encompassing the full spectrum of thyroid nodule
pathology. All seven pathological labels were retained, and the model was evaluated for its ability
to perform subtype-level diagnostic classification across these categories. Overall classification
performance was assessed using a confusion matrix, which summarizes prediction outcomes
across all classes and enables evaluation of class-wise accuracy and misclassification patterns. In
addition, feature representations learned by the model were examined using t-distributed stochastic
neighbor embedding (t-SNE) [40]. The t-SNE visualization was applied to high-dimensional
feature maps extracted from the network to assess whether samples from different pathological
categories formed separable clusters in the learned feature space, providing qualitative insight
into the discriminative structure of the model representations. This analysis was conducted using
standard parameter settings (perplexity = 45, Euclidean distance).

All quantitative performance evaluations were systematically conducted using five-fold cross-
validation to assess the consistency and generalizability of the model performance. Given the
limited number of cases, all quantitative metrics were assessed by averaging results across all
folds to reduce potential case-specific bias. The final metrics were computed by aggregating
patch-level predictions across all folds. Performance metrics were reported as the mean ±

standard deviation across all folds.

2.5. Visualization of diagnostic classification results

To facilitate intuitive interpretation of diagnostic classification outcomes, model predictions were
visualized with spatial correspondence to the OCT images (Fig. 1(c)). Patch-based classification
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results were first mapped onto the corresponding OCT B-scan images by assigning a distinct color
to each pathological label. The color intensity at each patch location was scaled according to the
predicted probability of the label with the highest confidence. The same visualization strategy
was subsequently applied to the full three-dimensional OCT datasets. Patch-level predictions
were combined and rendered as color-coded en face images to provide an overview of diagnostic
patterns across the imaged tissue volume. To achieve smoother spatial continuity in the en
face visualization, patch extraction was performed with a 50% overlap relative to the patch
size (effective step size of 32 pixels). This overlap was introduced to provide a denser spatial
representation based on the selected patch size, while maintaining a reasonable computational
cost. For regions with overlapping predictions, probability values were averaged prior to
visualization. Along the slow-axis scanning direction, classification results were averaged over
the number of frames corresponding to the effective patch step size used for B-scan classification
(25 frames for 50% overlapping patches), enabling the rendered en face results to be displayed as
approximately square tiled units with matched spatial dimensions. When the full field of view
was not exactly divisible by the effective step size, minor adjustments were applied at the image
boundaries by slightly adjusting the size of the final tile. While model training was restricted
to pathologist-annotated regions with definitive histopathologic correlation, visualization was
performed on the entire OCT volume without prior masking. This allowed assessment of model
behavior across the full field of view and provided comprehensive qualitative insight into the
spatial distribution of diagnostic predictions.

3. Results

3.1. Binary classification between carcinoma and non-carcinoma

Binary diagnostic performance for distinguishing carcinoma from non-carcinoma was evaluated
using the trained model. All performance assessments were conducted exclusively on test sets
that were fully separated from the training data at the case level.

The confusion matrix summarizing binary classification results is shown in Fig. 3(a). Across
all folds, the model achieved a high overall accuracy of 98.37%, indicating robust distinction
between carcinoma and non-carcinoma. Misclassifications were rare and evenly distributed
between carcinoma and non-carcinoma, suggesting that the model did not exhibit systematic
bias toward either diagnostic category. ROC analysis further demonstrated strong diagnostic
performance, with an AUC of 0.997 (Fig. 3(b) and Table 2). This near-unity AUC reflects
excellent separability across a wide range of decision thresholds, suggesting that the model
reliably distinguishes malignant from non-malignant tissue with minimal trade-off between
sensitivity and specificity. This indicates that high diagnostic performance can be maintained
without requiring fine-tuning of the operating threshold.

Table 2. Summary of five-fold cross-validation results
for binary carcinoma versus non-carcinoma

classification

Binary classification

Accuracy [%] 98.37± 0.87

AUC 0.997± 0.003

Precision [%] 99.38± 0.30

Sensitivity [%] 98.57± 0.97

Specificity [%] 97.74± 1.35

F1 score [%] 98.97± 0.50
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Fig. 3. Binary diagnostic classification performance for carcinoma versus non-carcinoma.
(a) Confusion matrix summarizing binary classification results across all folds. The x-
axis represents the predicted labels, and the y-axis represents the true labels. Prediction
outcomes are normalized and displayed using a colormap ranging from 0 to 1. The numbers
shown in parentheses below each normalized value indicate the corresponding number of
patches before normalization. (b) Receiver operating characteristic (ROC) curve evaluating
binary classification performance. (c) Quantitative results of five-fold cross-validation,
demonstrating consistent performance across folds.

Quantitative evaluation using standard binary classification metrics consistently supported
these findings, confirming effective separation between the two categories (Table 2). Importantly,
comparable performance was observed across all folds in the five-fold cross-validation analysis,
indicating stable generalization rather than fold-specific optimization (Fig. 3(c), Table 2, and
Supplement 1 Table S1).

Accurate differentiation between carcinoma and non-carcinoma is central to pathological
evaluation and clinical decision-making. In combination with the real-time, non-invasive
capability of OCT, the strong binary classification performance observed in this study underscores
its potential utility for immediate pathological assessment in preoperative and intraoperative
settings.

3.2. Multi-class classification across diverse thyroid nodule pathologies

After confirming robust performance in binary distinction between carcinoma and non-carcinoma,
the proposed framework was further evaluated for subtype-level diagnostic classification across
diverse thyroid nodule pathologies. This analysis encompassed all seven pathological categories,
including five carcinoma subtypes together with Benign and NT, to assess the model’s ability to
perform comprehensive pathological differentiation.

The confusion matrix summarizing multi-class classification results is shown in Fig. 4(a).
Across all folds, the model achieved a high overall accuracy of 93.66± 1.00%, demonstrating
reliable differentiation across the full pathological spectrum. Comparable performance was
consistently observed across individual folds (Supplement 1 Table S2). Misclassification was
infrequent across most categories, indicating stable diagnostic performance at the subtype
level. Consistent performance was observed across five-fold cross-validation, as reflected
by stable classification accuracy and limited inter-fold variability, supporting robust model
generalization. To further clarify the classification performance for each subtype, subtype-versus-
others evaluations were additionally performed for the multi-class task using the same binary
classification metrics applied in the carcinoma versus non-carcinoma analysis (Table 3). These
results demonstrated consistently strong diagnostic discrimination across all subtypes. Notably, a
modest tendency of misclassification was observed involving FTC and Benign labels. FTC cases
were occasionally misclassified as OCA or NT, which may reflect the architectural similarity
of follicular-patterned FTC to oncocytic or normal thyroid tissue in OCT images, particularly
in normo-follicular growth patterns where follicular units remain relatively preserved [3,4].

https://doi.org/10.6084/m9.figshare.31941756
https://doi.org/10.6084/m9.figshare.31941756
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Likewise, Benign lesions showed a tendency to be misclassified as NT, potentially attributable to
overlapping OCT features such as preserved follicular architecture that resemble normal thyroid
parenchyma.

Fig. 4. Diagnostic classification across the broad spectrum of thyroid nodule pathology.
(a) Confusion matrix summarizing multi-class classification results across all pathological
labels, computed using predictions pooled from all folds. Values are normalized to represent
the proportion of predictions for each class. The numbers shown in parentheses below each
normalized value indicate the corresponding number of patches before normalization. (b)
t-SNE visualization of feature representations learned by the model. The plot is generated
from feature maps extracted prior to adaptive pooling, with each color indicating a distinct
pathological category as labeled on the right. The spatial separation of feature clusters
reflects discriminative representation learning across pathological entities. (c) Representative
visualization of diagnostic classification results. The two left panels show annotation-overlaid
en face OCT images from ATC and MTC cases. Corresponding B-scans at locations indicated
by white dotted lines are displayed on the right, with annotation labels and model-predicted
results shown above each image. Classification results are color-coded by pathological
category, with color intensity indicating predicted probability. All scale bars are 1 mm.

Table 3. Quantitative classification performance for each subtype versus other classes

PTC FTC OCA ATC MTC Benign NT

Accuracy [%] 99.11 97.76 98.76 97.84 99.04 97.56 97.09

Precision [%] 96.88 88.64 97.45 96.06 96.63 91.89 83.63

Sensitivity [%] 94.02 90.00 95.49 95.00 97.00 85.29 94.03

Specificity [%] 99.67 98.66 99.46 98.75 99.40 99.07 97.50

F1 score [%] 95.43 89.32 96.46 95.53 96.82 88.47 88.53

To further examine whether the model learned discriminative representations across patho-
logical categories, feature embeddings extracted from the network were visualized using t-SNE
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(Fig. 4(b)), based on a representative cross-validation fold (fold 1). Feature maps obtained
prior to adaptive average pooling were projected into a two-dimensional space. The resulting
visualization demonstrated clear separation among pathological categories, suggesting that the
model effectively captured subtype-specific OCT features in its learned representation space.
This separation suggests that the observed classification performance is supported by consistently
encoded, pathology-relevant features embedded within the imaging data of each subtype across
diverse cases.

3.3. Visual representation of diagnostic classification results

Figure 4(c) presents representative visual examples of the diagnostic classification results. After
model training and performance evaluation based on pathologist-annotated data, the trained
model was applied across the full spatial extent of each three-dimensional OCT volume to
generate diagnostic predictions beyond region-level annotations.

In Fig. 4(c), the two left en face images correspond to annotated ATC and MTC cases,
respectively. The B-scan locations indicated by white dotted lines in each en face image are
shown on the right, where the corresponding classification results are visualized. In each panel,
the upper color bar represents the annotation-based pathological labels, whereas the lower color
bar displays the model-predicted results. Predicted labels are encoded by category-specific colors,
with color intensity scaled according to the associated prediction probability.

Within annotated regions, the model predictions were consistent with the corresponding
pathological labels in both cases. Importantly, in regions without annotation, the model generated
predictions that were concordant with the underlying OCT structural features, suggesting that the
classification results capture diagnostically relevant patterns beyond the explicitly annotated areas.
These examples illustrate the potential of the proposed approach to provide spatially resolved
diagnostic insight across the entire imaged tissue volume.

3.4. Diagnostic classification across entire en face OCT images

The proposed DL-based framework was further applied throughout each three-dimensional OCT
volume to examine diagnostic classification performance at the whole-en face image level. As
illustrated in Fig. 4(c), patch-based classification results were mapped using category-specific
colors and overlaid onto the corresponding en face OCT images, enabling spatially resolved
visualization of pathological predictions across the full imaging field.

Figure 5 presents representative results from PTC (Fig. 5(a)) and FTC (Fig. 5(b)) cases. For
each case, the en face OCT image, the corresponding histologic section, the annotation-overlaid en
face OCT image, and the color-mapped classification result are shown in sequence (Supplement 1
Fig. S1). In the PTC case, the model accurately identified regions exhibiting characteristic
papillary architectural features, demonstrating strong concordance with the annotated pathological
regions. Importantly, in areas without annotation, the predicted distribution remained consistent
with OCT-observed structural patterns, providing a coherent separation between normal thyroid
parenchyma and carcinoma.

In the FTC case, despite the presence of follicular architecture that partially resembles NT,
the model successfully differentiated FTC from NT regions. The diagnostic predictions closely
matched the annotated regions and extended logically into adjacent unannotated areas, reflecting
pathology-consistent classification rather than fragmented or random labeling. Consistent
qualitative performance was also observed across additional representative cases spanning
multiple pathological categories (Supplement 1 Fig. S2).

Collectively, these results demonstrate that the proposed approach enables spatially continuous
diagnostic interpretation across entire en face OCT images. Although the present analysis was
conducted using ex vivo, formalin-fixed thyroid specimens acquired from a single center, the
strong alignment between predicted results and histologic annotation, together with consistent

https://doi.org/10.6084/m9.figshare.31941756
https://doi.org/10.6084/m9.figshare.31941756
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Fig. 5. Diagnostic classification applied to three-dimensional OCT volumes. (a) PTC case.
(b) FTC case. For each case, results are presented in the following order: en face OCT image,
corresponding histologic section, annotation-overlaid en face OCT image, and diagnostic
prediction map. All scale bars are 1 mm.

classification patterns in non-annotated regions, suggests that the model captures pathology-
related patterns when applied to whole-volume OCT data. These findings support the feasibility
of this approach for comprehensive pathological assessment, while further validation in broader
and clinically relevant datasets is needed.

4. Discussion and conclusion

Thyroid nodular disease presents diagnostic challenges due to overlapping morphological features
among biologically distinct entities [1]. Conventional pathological workflows, which rely on
invasive sampling and time-consuming histopathologic tissue process, offer limited support for
rapid and detailed diagnostic stratification [6]. In this context, OCT has attracted interest as
a non-invasive, label-free, and real-time imaging modality for thyroid tissue assessment [7,8];
however, its use for detailed pathological differentiation has remained limited, as it primarily
reflects tissue-level architecture [9–11]. In this study, we address this limitation by proposing a
DL-based framework that enables diagnostic prediction across the broad spectrum of thyroid
nodule pathology using OCT images.

Binary evaluation demonstrated that the proposed framework reliably distinguished carcinoma
from non-carcinoma, achieving an accuracy of 98.37%. This result highlights the potential of
OCT-based analysis to support a clinically fundamental distinction that underlies pathological
interpretation and downstream clinical decision-making. Extending beyond binary classification,
the model achieved an overall accuracy of 93.66% across the full spectrum of thyroid nodule
pathology, including carcinoma subtypes that are difficult to differentiate based on qualitative OCT
image interpretation. Compared with prior OCT studies largely limited to normal-versus-diseased
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differentiation [27,29], these results demonstrate the feasibility of subtype-level pathological
differentiation, supporting broader applicability in practical diagnostic workflows.

Model predictions were visualized in direct correspondence with the OCT images to facilitate
intuitive interpretation. The visualizations demonstrated strong agreement with annotated regions
and pathology-consistent predictions even in non-annotated areas. By contextualizing tissue
heterogeneity within the structural framework of OCT imaging, these outputs support holistic
pathological interpretation.

Importantly, the proposed framework was designed to operate at the B-scan level, reflecting the
raw data stream generated during OCT acquisition. This approach enables diagnostic inference
prior to full three-dimensional reconstruction, supporting the potential for real-time pathological
assessment. In the current implementation, inference for a single B-scan required approximately
0.03 seconds without patch overlay. While this inference throughput does not yet fully match the
acquisition rate of typical high-speed OCT systems, it is sufficiently fast to indicate that real-time
deployment is achievable.

Despite the overall strong performance, occasional misclassifications were observed, particu-
larly in cases that are also challenging from a pathological standpoint. For example, ATC with
extensive inflammatory infiltration, or disrupted architectural organization may present OCT
features that overlap with benign lymphocytic thyroiditis regions; follicular patterned tumor such
as FTC or OCA with benign thyroid lesion of thyroid follicular nodular disease or relatively
homogeneous normal tissue. These overlaps reflect the inherent complexity of interpreting
subtle architectural variations in tissue-level OCT images, which can complicate both human
and algorithmic interpretation. In addition, because benign regions in the dataset were derived
from carcinoma specimens rather than benign-only cases, this dataset composition may have
introduced a potential source of bias in pathological interpretation. Future improvements could
be achieved by refining model architectures and expanding complementary data through the
inclusion of larger and more diverse cohorts.

The present analysis was based on ex vivo, formalin-fixed thyroid specimens acquired from a
single center, which may influence tissue optical properties and limit direct generalization to in
vivo or multi-institutional settings [41]. In addition, the scope of the dataset and its pathological
distribution may not fully capture the breadth of real-world diagnostic variability. Accordingly,
further evaluation using fresh tissue imaging and larger, multi-center cohorts will be important to
assess robustness and support broader clinical translation. Furthermore, although efforts were
made to maximize the correlation between en face OCT images and the matched histologic
sections during the labeling process, some degree of uncertainty in the spatial matching could still
remain. This also highlights the need for further refinement in ground truth preparation to support
more accurate training data. Future studies should also incorporate more rigorous specimen- or
patient-level performance evaluation, enabled by larger cohorts and more comprehensive per-case
data, to further support clinical applicability.

In conclusion, this study demonstrates that DL-based analysis of OCT images enables subtype-
level diagnostic classification across a broad spectrum of thyroid nodule pathology. By combining
non-invasive, real-time OCT imaging with data-driven interpretation and intuitive visualization,
this approach highlights the potential of OCT to support thyroid-specific pathological assessment,
including intraoperative tissue evaluation. We believe that these findings lay a foundation for the
future translation of this approach into thyroid-focused diagnostic and point-of-care applications.
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