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An intraoperative diagnosis is critical for precise cancer surgery. However, traditional intraoperative
assessments based on hematoxylin and eosin (H&E) histology, such as frozen section, are time-,
resource-, and labor-intensive, and involve specimen-consuming concerns. Here, we report a near-real-
time automated cancer diagnosis workflow for breast cancer that combines dynamic full-field optical
coherence tomography (D-FFOCT), a label-free optical imaging method, and deep learning for bedside
tumor diagnosis during surgery. To classify the benign and malignant breast tissues, we conducted a
prospective cohort trial. In the modeling group (n = 182), D-FFOCT images were captured from April
26 to June 20, 2018, encompassing 48 benign lesions, 114 invasive ductal carcinoma (IDC), 10 invasive
lobular carcinoma, 4 ductal carcinoma in situ (DCIS), and 6 rare tumors. Deep learning model was built
up and fine-tuned in 10,357 D-FFOCT patches. Subsequently, from June 22 to August 17, 2018, indepen-
dent tests (n = 42) were conducted on 10 benign lesions, 29 IDC, 1 DCIS, and 2 rare tumors. The model
yielded excellent performance, with an accuracy of 97.62%, sensitivity of 96.88% and specificity of
100%; only one IDC was misclassified. Meanwhile, the acquisition of the D-FFOCT images was non-
destructive and did not require any tissue preparation or staining procedures. In the simulated intraop-
erative margin evaluation procedure, the time required for our novel workflow (approximately 3 min)
was significantly shorter than that required for traditional procedures (approximately 30 min). These
findings indicate that the combination of D-FFOCT and deep learning algorithms can streamline intraop-

erative cancer diagnosis independently of traditional pathology laboratory procedures.
© 2024 Science China Press. Published by Elsevier B.V. and Science China Press. This is an open access
article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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1. Introduction

Approximately 19.3 million people are diagnosed with cancer
annually worldwide [1], and surgery remains the most effective
treatment option offering the potential for cure. Intraoperative
diagnosis is essential for immediate decision-making in the operat-
ing room. For example, on-table margin assessment during breast-
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conserving surgery (BCS) significantly reduces the need for reoper-
ation [2]. Currently, the most popular intraoperative diagnostic
method for cancer is frozen section analysis based on hematoxylin
and eosin (H&E) histology. However, frozen section involves tissue
transport, intricate specimen preparations and manual interpreta-
tion [3], with each step creating a potential barrier to effective and
timely surgical management.

Dynamic full-field optical coherence tomography (D-FFOCT) is
an innovative optical technology that allows light interference
imaging to capture intracellular metabolic features [4]. It can also
create internal contrast and provide high-resolution visualization
of live cells to establish a “virtual histology”. D-FFOCT has garnered
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recognition for its breakthrough in the imaging of retinal organoids
[5], intracellular dynamics, and cytoskeletal variations in HeLa cells
[6]. In our previous study [7], D-FFOCT was used to distinguish nor-
mal, benign, and cancerous breast tissues. The results demon-
strated that D-FFOCT could reveal microscopic tissue
architectural features without requiring tissue preparation or
destruction, making it a promising alternative to intraoperative
histological analysis.

However, the interpretation of either D-FFOCT images or H&E
histological images requires trained clinicians and is labor-
intensive. Currently, there is a common shortage of pathology ser-
vices worldwide [8,9]; even in some developed countries, includ-
ing the United States and Germany, there is a 30% gap in the
available supply of pathologist services relative to the estimated
demand. Thus, it is not conducive to the availability of effective
intraoperative cancer diagnosis for patients [10,11]. Preliminary
data have shown that artificial intelligence (Al) can achieve
human-level accuracy for medical image classification in various
diagnostic fields such as radiology [12], ophthalmology [13] and
pathology [14]. Herein, we aimed to develop a streamlined
approach for intraoperative cancer diagnosis by combining the
advantages of Al and D-FFOCT imaging and integrating it into the
workflow of the operating room.

In the current study, we established an intraoperative diagnos-
tic workflow to examine breast samples obtained from breast sur-
gery and to classify tumors on D-FFOCT images using the Swin
Transformer [15], a state-of-the-art computer vision deep-
learning model. We assessed the accuracy of benign and malignant
tumor classification and simulated the evaluation of BCS margins.
The significance of this study lies in its potential to offer an accu-
rate, rapid and nondestructive alternative to current intraoperative
practices.

2. Materials and methods
2.1. Participants

All study procedures were approved by the Ethics Committee of
Peking University People’s Hospital (2016PHB210-001). Patients
scheduled to undergo breast surgery (lumpectomy for benign
lesions or BCS/mastectomy for breast cancer) were eligible. All
patients provided written informed consent for the scientific use
of their specimens and data. The enrollment of 129 patients com-
menced on April 26, 2018 and ended on August 17, 2018.

2.2. Dataset and labeling

In this study, the patient enrollment timeline (with June 20,
2018 as the dividing point) led to the creation of two sets: A train-
ing/validation (modeling) set and an independent testing set.
Breast specimens were obtained from resected breasts. Tissue visu-
alization using D-FFOCT was performed using a commercial D-
FFOCT imager (Light-CT; LLTech, Paris, France), following the pro-
cedures outlined in our previous report [7]. Because D-FFOCT cap-
tures en face images under a flat piece of glass, we defined a large
image as a slide of the D-FFOCT. The ratio of the slides in the train-
ing/validation set to those in the testing set was approximately 4:1.
We employed a 5-fold cross-validation approach to eliminate
potential sample imbalances by dividing the training/validation
set into five segments (Fig. S1a online). This allowed sequential
training on four folds and fine-tuning on the remaining fold.

In cases involving multifocal lesions, one slide was obtained for
each target lesion. Taking benign tissues from mastectomy resec-
tion specimens of patients with breast cancer was allowed. These
situations resulted in the collection of multiple slides per patient.

1749

Science Bulletin 69 (2024) 1748-1756

In the training/validation set, in situations where tumors measured
> 2 cm, we partitioned the specimen into 2-4 areas for imaging,
creating multiple slides in the same case. A total of 182 D-FFOCT
slides were captured from 95 patients, spanning the period from
April 26 to June 20, 2018. In the testing set, one slide was captured
for each lesion, and 42 D-FFOCT slides were captured from 34
patients, covering the period from June 22 to August 17, 2018.
After D-FFOCT imaging, all undamaged specimens without any
destruction were transported to the pathology department for rou-
tine formalin-fixed, paraffin-embedded histopathological analysis.

The labeling process for D-FFOCT images consisted of two parts:
slide-level and patch-level labeling. Slide-level labeling refers to
the labeling of the entire slide, whereas patch-level labeling refers
to the labeling of the patches measuring 1150 x 1150 pixels gen-
erated from the original slides. Tumors were manually segmented
in the D-FFOCT images using the QuPath software [16]. Patholo-
gists with expertise in breast histology provided labels for each
D-FFOCT slide based on the corresponding pathological diagnosis
of the specimen and features observed on the D-FFOCT slide. Patch
labels were assigned based on the presence of malignant pixels
within the patches.

2.3. Network architecture

To select an efficient neural network architecture, we compared
the average area under the curve (AUC) in five validation folds
measured by receiver operating characteristic (ROC) analysis and
average training time between two commonly used convolutional
neural network architectures and a tiny version of the Swin Trans-
former (Swin-T) architecture. The Swin-T model showed a rela-
tively higher accuracy with the least training time (Table S1
online) and was therefore selected as our default backbone. As
shown in Fig. S1b (online), Swin-T features a hierarchical trans-
former structure that utilizes window self-attention (WSA) and
pixel-shifted WSA (SWSA). It comprises four stages, with each
stage composed of repeated units, progressively reducing the reso-
lution of the input feature maps while expanding the receptive
field. Initially, Swin-T divides the input feature map into multiple
fixed-size small windows using a patch partition layer, thus
restricting the computation of self-attention within these small
local windows and significantly reducing computational complex-
ity. Subsequently, the partitioned patches are converted into a ser-
ies of feature vectors through a linear layer. As the network layer
deepens, Swin-T reduces the resolution of feature mapping by
merging adjacent feature blocks while simultaneously increasing
the dimensionality (number of feature channels) of each block.
This hierarchical approach generates feature representations of dif-
ferent scales at various levels, effectively capturing the multi-scale
information of images. Next, Swin-T uses shifted window parti-
tioning in successive blocks, allowing pixels or feature points
across window boundaries to interact in subsequent layers,
thereby enhancing the model’s ability to capture global informa-
tion across local regions. Finally, the output feature vector is sent
to a global average pooling, layer normalization, and full connec-
tion layer to predict the final classification result. The model was
pretrained on image classification datasets (ImageNet-1 K and
ImageNet-22 K), and then the learned weights were transferred
to fine-tune the D-FFOCT classification task. The optimizer was
“AdamW” with the following parameters: learning rate = 1x107,
weight decay = 5x1072, and momentum = 0.9. The cross-entropy
function was selected as the loss function.

All software code for this study was written in Python using the
PyTorch module (1.12.1). Model training and validation were per-
formed on a Linux workstation with 32 GB RAM, 4 TB disk space, an
Intel CPU, and a GeForce GTX3090 GPU (Nvidia, California, USA).
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2.4. Model fine-tuning and patch-slide mapping

The training loss, validation loss and patch-level accuracy for
each fold in the five-fold cross-validation are shown in Fig. S2 (on-
line). During the testing phase, each patch in the testing set was
processed individually using the model obtained after the iteration
of each fold. The average of the five output values was considered
the final output for each patch during testing.

Given that slide-level labels are histology-correlated and repre-
sent the ground truth, it is essential to align the patch prediction
results with the slide levels to accurately determine the prediction
performance. To capture semantically rich patch-level feature rep-
resentations and map them to the slide level, we selected the top
and bottom 10 probability patches from each D-FFOCT slide. Sub-
sequently, we extracted features based on statistical measures
such as mean, maximum, minimum, sum, median, standard vari-
ance, variance, skewness, and kurtosis from all patches, the top
10 patches, and the bottom 10 patches. This resulted in the extrac-
tion of a 25-dimensional feature vector from each slide. The nor-
malized 25-dimensional feature vectors were then inputted into
a support vector machine classifier to distinguish between malig-
nancy and benignancy in the D-FFOCT slide.

2.5. Model interpretation and visualization

The class activation map (CAM) [17] and t-SNE [18] use feature
visualization to explore the working mechanism and judgment
basis of deep learning networks and are widely used in the field
of deep learning interpretability. In this study, we built activation
maps using Score-CAM [19] and Guided Score-CAM, and also used
t-SNE to visually analyze the performance of the proposed Swin-T
model. The heatmap of the Score-CAM visualization algorithm was
the result of downsampling 32 times from the last norm layer of
the deep-learning model. Therefore, bicubic interpolation was used
to scale the image to its original size.

2.6. Simulated breast conserving surgery margin evaluation

In the training/validation and testing processes, the size of the
D-FFOCT slides was generally much larger for experimental pur-
poses. To illustrate the potential of D-FFOCT for margin status
assessment, we selected four margins along the specimen edges
from the periphery of each slide in the testing set. Each margin
consisted of two patches. A total of 336 patches and 168 margins
were obtained. The margins were labeled as negative or positive
by an experienced pathologist based on the corresponding
histopathological diagnosis and features observed on the D-
FFOCT slide. The prediction outcomes of the selected patches were
subsequently aggregated to the margin level using a machine
learning model with the same approach as the initial testing
dataset.

2.7. Statistical analysis

Using pathological diagnoses and clinician-designated labels as
the gold standard, the primary endpoint was the overall binary
diagnostic accuracy of the deep-learning model at the slide and
patch levels. The sensitivity and specificity were also calculated.
The AUC of the ROC curve at the patch level was assessed. Diagnos-
tic performance was also evaluated using the simulated margin
dataset. Fisher's exact test was used to compare the diagnostic
accuracy in different subgroups. All the hypotheses tested were
2-sided, and a P value of less than 0.05 was considered significant.
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3. Results
3.1. Participants and the dataset

A total of 224 D-FFOCT slides of fresh breast tissues from 129
patients were included in this study, and 13,497 patches were gen-
erated. The median number of patches contained in one D-FFOCT
slide was 60 (4-251). In total, 182 slides consisting of 10,357
patches were included in the training/validation set and 42 slides
consisting of 3140 patches were included in the testing set
(Fig. Sla online). Malignant patches accounted for 52.76%
(7121/13,497) of all patches. The distribution of malignant patches
in both sets was well balanced.

The baseline characteristics of the slides and patches are pre-
sented in Table 1. The numbers of slides per fold are shown in
Fig. S1a (online). In addition to the common breast cancer histolog-
ical types, there were eight slides from rare breast tumor types in
our dataset, including three mucinous carcinomas, one tubular car-
cinoma, three papillary carcinomas and one metaplastic carci-
noma. Among these, one mucinous carcinoma and one papillary
carcinoma were included in the testing set. In terms of molecular
subtypes, our dataset consisted of four common molecular sub-
types of breast cancer, and their distribution was balanced
between the training/validation and the testing sets.

3.2. Model performance on the validation set and independent testing
set

The diagnostic results of the cross-validation experiment are
presented in Table 2. We found a mean AUC of 0.900 for the binary
prediction of patches (Fig. 1a). Fold 5 yielded the best performance,

Table 1
Characteristics of the included D-FFOCT slides.
Characteristics Total Train and Testing
number  validation set set
Slides included 224 182 42
Breast cancer slides 166 134 32
Histological type - - -
IDC 143 114 29
ILC 10 10 0
DCIS 5 4 1
Rare tumors 8 6 2
Molecular subtypes of invasive - - -
breast cancer slides
Luminal A 45 33 12
Luminal B 79 69 10
HER-2 enriched 13 7 6
TNBC 19 18 1
Uncertain 5 3 2
Benign lesions or normal breast 58 48 10
slides
Patches included 13,497 10,357 3140
Patches including breast cancer 7121 5214 1907
Benign patches 6376 5143 1233

DCIS: ductal carcinoma in situ; IDC: invasive ductal carcinoma; ILC: invasive lobular
carcinoma; TNBC: triple negative breast cancer.

Table 2

Prediction performance at patch level among different folds.
Validation set No. of patches Accuracy Sensitivity Specificity
Fold 1 1352 0.855 0.849 0.860
Fold 2 2322 0.782 0.876 0.689
Fold 3 3014 0.785 0.762 0.804
Fold 4 2635 0.833 0.799 0.882
Fold 5 1034 0.867 0.852 0.880
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Fig. 1. The performance of the deep learning model on the validation set and testing set. (a) Receiver operating characteristic curves between malignant and non-malignant
breast patches in different folds of the validation sets and testing set. (b) Diagnostic results of the deep learning model at slide level in the testing set. AUC: area under the

receiver operating characteristic curve.

with an accuracy of 0.867 and AUC of 0.940 (95% confidence inter-
val (CI): 0.921-0.958).

To verify the performance of our deep learning model, we
deployed five models on an independent testing set and used the
average output as the final prediction result. In the testing set
including 3140 patches, the diagnostic performance of our model
at the patch level was relatively good for determining the nature
of breast tissue, with an AUC of 0.926 (95% CI: 0.907-0.943)
(Fig. 1a) and a sensitivity/specificity of 0.861 (1641/1907) / 0.846
(1043/1233).

The results of the independent testing set at the slide level,
which contained 42 slides, are shown in Fig. 1b. The deep learning
model correctly classified 97.62% (41/42) of the D-FFOCT slides in
the testing set with a sensitivity and specificity of 96.88% and
100%, respectively. Specifically, as shown in the confusion matrix,
the model misdiagnosed one case as a false negative. The misclas-
sified case was a slide of invasive ductal carcinoma (IDC). Conse-
quently, we calculated the prediction accuracy for different
tumor types as follows: 96.55% (28/29) for IDC and 100% for ductal
carcinoma in situ (DCIS), mucinous carcinoma, and papillary carci-
noma (Fig. 2a). No statistically significant differences in accuracy
were observed for the four molecular subtypes of breast cancer
(Luminal A, Luminal B, triple negative, and HER-2 enriched). For
the misclassified slide, malignancy was observed in a small
upper-right corner area (Fig. S3a online) by experienced patholo-
gists, comprising 8 out of 114 patches. The overall diagnostic accu-
racy for these 114 patches was 89.47% (102/114), with the deep
learning model accurately identifying four of the eight malignant
patches (Fig. S3b online). For the 106 benign patches, the diagnos-
tic specificity was 92.45% (98/106).

We used three visualization algorithms to investigate the inter-
pretability of our deep learning model and to help doctors locate
suspected tumor areas. Fig. 2b-d shows typical Score-CAM heat-
maps of D-FFOCT images of IDC (Fig. 2b) and two other rare types
of breast cancer (mucinous carcinoma (Fig. 2¢) and papillary carci-
noma (Fig. 2d)). We observed that despite the variations in tissue
structures among different tumor types, distinctive patterns of
highly metabolically active cells and deformed collagen distribu-
tion could be identified on D-FFOCT slides, similar to the features
in the pathological slides. The deep learning model also prioritizes
regions where these active cells (cancer cells) tend to cluster,
which is consistent with the corresponding pathological slides.
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This demonstrates that our deep learning model learned clinically
relevant features for evaluating tumor diagnosis, irrespective of the
tumor type.

Furthermore, Fig. S4 (online) shows the visual results of other
typical patches using the activation maximization images gener-
ated through Score-CAM and Guided Score-CAM. For the malignant
patches (Fig. S4a-c online), the regions with high scores (red and
yellow regions) were mainly clustered cancer cells, and their
contribution to the classifier gradually decreased with increasing
distance from the center of the cancer cell. This demonstrates that
the neural networks made malignant classification decisions based
mainly on the morphology of cancer cells, which is consistent with
expert experience. For the benign patches shown in Fig. 4d-f
(online), the neural networks made classification decisions based
on the collagen fibers (yellow arrows) and adipocytes (red arrows)
rather than the breast duct (black arrows) and breast lobules
(white arrows). Fig. S5 (online) shows the t-SNE plot of the testing
set. Swin-T effectively clustered malignant and non-malignant
patches in the two-dimensional feature space of t-SNE, indicating
that our deep learning network learned the diagnostic
characteristics.

3.3. Simulated intraoperative margin evaluation during cancer surgery

Our simulated margin evaluation yielded an accuracy of 95.24%,
with 160 out of the 168 margins correctly diagnosed. Fig. 3 shows a
typical case of margin assessment within a malignant slide. The
predictive results can be used to discern the orientation of the
“residual tumor”. The imaging procedure for each set of four-
margin evaluations required approximately 2 min.

3.4. Novel workflow of utilizing D-FFOCT and the deep learning model

Based on the above results, we propose an intraoperative cancer
diagnosis workflow that integrates D-FFOCT with a deep learning
model (Fig. 4). D-FFOCT provides high-resolution imaging at a
near-histological level to visualize tissue. We trained and validated
the model using 10,357 D-FFOCT images and proved the efficacy of
the algorithm on an independent testing dataset of 3140 images.
The accuracy at the slide level was 97.62%. In our preliminary
results of the simulated intraoperative margin diagnosis during
surgery, we achieved an initial accuracy rate of 95.24%, with an
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Fig. 2. D-FFOCT reveals typical histopathological features of different types of breast tumors, and different subgroups exhibit high accuracy. (a) Subgroup accuracy for
different ages, tumor sizes, histological types, histological grades and breast molecular subtypes. Accuracy among different subgroups was statistically insignificant (Fisher’s
exact test). (b-d) show D-FFOCT images, Score-CAM heatmaps, overlay images and corresponding H&E images of IDC (b), mucinous carcinoma (c), and papillary carcinoma
(d), respectively. Scale bar = 100 um. DCIS: ductal carcinoma in situ; IDC: invasive ductal carcinoma; TNBC: triple negative breast cancer.
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(b)

Fig. 3. Simulated margin assessment of a malignant slide. In the D-FFOCT slide (a), four margins (eight patches) indicated by rectangles were chosen for analysis. The red
rectangles signify positive margins, while the green rectangles are negative margins. All four margins were correctly diagnosed and were consistent with the cancer area
suggested by the H&E histology image (b). The lower-right corner of the D-FFOCT slide was filled with malignant yellow cells, corresponding to H&E histology. Scale
bar = 1 mm.
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Fig. 4. Intraoperative diagnosis workflows for both conventional H&E-based histology and D-FFOCT plus deep learning are shown in parallel. Our pipeline could provide a
diagnosis in approximately 3 min. Moreover, compared with traditional pathology, our novel workflow substantially decreased the labor requirements for the surgical
procedure while preserving the entire tissue sample for postoperative examinations.
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imaging time of 2 min and total processing time of approximately
3 min, decreasing the time to diagnosis by a factor of 10 compared
to conventional intraoperative histology. Fig. 4 illustrates the labor
required for the two diagnostic processes. For traditional frozen
section, the involvement of specimen transportation, preparations,
and image interpretation is very labor-intensive. In contrast, our
workflow is remarkably labor-cost-effective. Furthermore, no tis-
sue destruction was observed during optical imaging and analysis.
In conclusion, our workflow provides a transparent means for
delivering a rapid and accurate intraoperative diagnosis when
pathological resources and surgical tissues are limited.

4. Discussion and conclusion

In this paper, we reported a near-real-time, non-specimen-
destructive, and automated workflow for breast cancer diagnosis.
On an independent testing set, we achieved an accuracy of
97.62%. Furthermore, when simulating margin diagnosis, the entire
process required only 3 min, which is significantly shorter than
that of traditional procedures. These findings indicate that the
combination of D-FFOCT imaging with a deep learning algorithm
has the potential to simplify intraoperative cancer diagnosis, thus
reducing reliance on traditional pathology laboratory procedures.

In an era in which molecular pathology plays a pivotal role in
guiding tumor diagnosis, prognosis, and therapeutic decisions
[20], the preservation of specimen integrity is of paramount impor-
tance, particularly for small cancers and tiny biopsy samples. Tra-
ditional intraoperative histological analysis involves substantial
specimen destruction during tissue trimming and slide prepara-
tion, potentially compromising the accuracy of tumor diagnosis,
staging, or subsequent genetic tests. Therefore, nondestructive
imaging techniques present a substantial advantage in modern
and future medical practice.

In recent years, various digital optical techniques have been
explored for intraoperative guidance without tissue destruction,
including optical coherence elastography [21], which is a method
for assessing tissue elasticity and structure by measuring the
reflection or scattering of light; Raman Spectroscopy [22], which
measures the vibrational frequencies of molecules in tissues that
can be excited by a laser; and multiphoton microscopy [23], etc.
However, none of these techniques have been widely adopted for
clinical use due to time-consuming scans and limited spatial
resolution.

Full-field optical coherence tomography (FFOCT) provides a
high axial and transverse resolution of approximately 1 pum [24].
This resolution is close to that of traditional pathological assess-
ments using microscopy. Thus FFOCT has been extensively studied
in various medical fields [24-27]. D-FFOCT, developed from FFOCT,
allows for the capture of interferogram videos in which cellular
contours are defined and metabolic indices are quantifiable
[4,28]. Despite the remarkable attributes that make it a suitable
technique for cancer diagnosis, D-FFOCT has limited clinical appli-
cation. Three years ago, our team pioneered the exploration of its
diagnostic potential for breast cancer [7]. Currently, we are taking
a step further by integrating Al analysis to enhance diagnostic
accuracy and speed.

The rise of Al offers potential solutions by aiding image inter-
pretation and reducing time costs. The Food and Drug Administra-
tion has approved more than 500 Al- and machine-learning-
enabled medical devices, particularly in radiology [29]. Al holds
great promise in medical diagnostics owing to its consistent per-
formance [30]. The application of Al in standard pathology is an
expanding field of research with successful examples in primary
cancer detection [31,32], cancer subtyping [33], and lymph node
diagnosis [34]. In this study, we used Swin-T, a robust computer
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vision backbone for medical image classification [35,36], to diag-
nose D-FFOCT. The model demonstrated excellent performance
on the testing set, indicating its ability to learn relevant histomor-
phological, cytological, and nuclear features for image classifica-
tion, including those traditionally used by pathologists [37].
Despite being developed and validated primarily for breast tissue,
deep-learning-based image analysis can potentially transfer our
research to various other tumor types, as the features detected in
our model appear to be conserved characteristics in oncology diag-
nosis [38].

In our study, we included 13,497 patches from 224 slides and
confirmed the feasibility of using Al-augmented D-FFOCT for
breast tissue classification. Our study yielded excellent perfor-
mance, with an accuracy of 97.62%. Importantly, this high level
of accuracy was consistently maintained across various tumor
types, including IDC, DCIS, and rare tumors. Furthermore, the accu-
racy of our method remained consistent across different molecular
types, including Luminal, triple negative, and HER-2 enriched
breast subtypes. In the margin simulation process in which two
patches from one margin were used as the predictive set, the accu-
racy remained consistently high at 95.24%. However, it is worth
noting that the assessment of rare tumor types was based on a lim-
ited sample pool. Further investigation and validation are required
to ensure the reliability of our method for these less common
tumor types. Additionally, the margin issue should be thoroughly
investigated in prospective clinical trials to confirm its real-world
applicability and effectiveness.

A similar study was reported by Scholler et al. [39], where the
training/validation set contained 47 patients (37 for training and
10 for validation), and they manually selected regions of interest
(ROIs) to build the model. The model achieved an accuracy of
94% for self-verification, with two false positives and one false neg-
ative. The manual ROI selection strategy, representing 10%-20% of
all specimens, made it challenging to interpret the model, and the
extremely small sample size limited model robustness. Although
no independent tests were conducted, their preliminary attempt
to combine D-FFOCT and Al showed potential in the field of cancer
diagnosis.

Our D-FFOCT testing set yielded no false-positive results; how-
ever, one case of IDC was misdiagnosed as a false-negative result.
Malignancy was observed in a small upper-right corner area by
experienced pathologists, comprising 8 out of 114 patches. The
overall diagnostic accuracy for these 114 patches was 89.47%
(102/114), with the deep learning model accurately identifying
four out of the eight malignant patches. Notably, the misclassified
slide had an extremely low proportion of positive patches com-
pared with other malignant slides. However, current machine
learning algorithm mapping results from the patch to slide level
resembles a black box. We do not know whether the non-tumor
portions in the malignant slides affect the final diagnosis. Address-
ing this issue will involve incorporating more samples with mini-
mal tumor content and employing interpretable models to
aggregate results at the patch level.

In addition to the demonstrated capabilities, our study can be
further improved in several aspects. First, more advanced deep-
learning models may help to further enhance predictive perfor-
mance; for example, multi-modal information fusion may improve
the ability to identify challenging samples, and weakly-supervised
learning [40] can help reduce the labeling workload. In addition,
owing to the sample size limitations of rare tumors or uncommon
molecular subtypes, we did not differentiate tumor types in the D-
FFOCT images. Expanding the number of these specimens would
aid in refining networks to classify more tumor subtypes.

In conclusion, we developed a novel workflow using deep learn-
ing algorithms for intraoperative tumor diagnosis based on D-
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FFOCT images. This approach reduces the workload of clinicians
and offers a fast, reproducible, nondestructive, and accurate tissue
assessment. Similar approaches that integrate D-FFOCT and deep
learning may find application in detecting residual tumors and
providing microscopic information during surgery.
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