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Statement of Discovery

We develop and demonstrate a method for optical phenotyping using deep learning to classify
label-free microscopy images into tissue phenotypes defined by transcriptomic signatures.

ABSTRACT. Significance: Tissue phenotyping plays a critical role in biomedical research and
clinical applications by providing insight into the structural and functional character-
istics of tissues that can characterize clinical behavior and identify therapeutic
targets. However, conventional phenotyping techniques are destructive, time-inten-
sive, and expensive, posing challenges for both efficiency and widespread use.

Aim: We aim to develop an optical phenotyping approach in pancreatic cancer
specimens using label-free multiphoton microscopy combined with spatial transcrip-
tomics and deep learning.

Approach: We measure and co-register a dataset comprised of spatial transcrip-
tomics, autofluorescence, and second harmonic generation microscopy. We then
cluster tissue subregions into meaningful phenotypes using transcriptomic signa-
tures. We evaluate three different classification models to predict phenotype based
on label-free imaging data, and we assess generalizability and prediction accuracy.

Result: Our deep-learning classification model achieves over 89% accuracy in clas-
sifying six tissue types using label-free microscopy images. The one-versus-rest
area under the curve (AUC) values for all classes approach 1, confirming the robust-
ness of our model.

Conclusion: We demonstrate the feasibility of optical phenotyping in distinguishing
the structural and functional characteristics of pancreatic cancer specimens.
Integrating additional gene-expression data or complementary label-free imaging
modalities, such as fluorescence lifetime imaging microscopy, holds the potential
to further enhance its accuracy and expand its applications in clinical research and
diagnostics.
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1 Introduction

Tissue phenotyping plays a decisive role in profiling disease progression and onset, particularly
in the context of cancer.' For example, many phenotyping efforts have focused on profiling the
tumor microenvironment (TME), which plays an important role in disease progression and
metastasis.” With the recent advancements in precision medicine, tumor phenotyping is a crucial
step to identifying specific therapeutic targets for diseases that are potentially heterogeneous, for
example, in pancreatic cancer.’ Toward this end, phenotyping of ex vivo tissues, including those
based on sequencing approaches, can increase our understanding of TME features that determine
disease prognosis.* Although this provides incredible power for mapping tissue and cell geno-
type—phenotype relationships, an outstanding challenge is the lack of approaches that are com-
patible for in vivo tissue phenotyping. In addition, many such methods require significant
processing time and can be costly—the ability to identify phenotypes in a minimally invasively
fashion, and without lengthy and expensive processes, could offer opportunities to glean insight
into fundamental processes of disease onset and evolution in basic science research, as well as
lead to unique approaches for advancing precision medicine. In this paper, we primarily focus on
tissue phenotypes that are defined by gene expression as measured through RNA sequencing, or
transcriptomics, as this provides a description of underlying biological processes that dictate
tissue function.’

Label-free biomedical imaging techniques could provide an avenue for rapid, scalable, and/
or in vivo compatible “optical phenotyping” by sensing naturally occurring contrast to visualize
fundamental tissue properties, which provide powerful insight into biological processes and
pathological events.® For example, autofluorescence and fluorescence lifetime imaging can probe
endogenous markers of metabolism, immune response, and vasculature.”'° Other methods, such
as polarized light imaging, second harmonic generation, or optical coherence tomography, can
visualize microstructural features such as collagen distribution and the extracellular matrix.'!~?
Different disease phenotypes can exhibit clear alterations in these characteristics—for example,
immunologically cold and hot tumors within a specific type of cancer respond differently to
immunotherapies that rely on the presence of tumor immune infiltrate.'* Other examples include
extracellular matrix alterations that promote tumor cell invasion and migration toward
vasculature.'> As such, it follows that label-free imaging could be utilized for minimally invasive
and rapid measurement of key tissue properties to monitor biological events such as disease onset
or to identify specific tissue phenotypes. However, an outstanding challenge is that the relation-
ships between genetic pathway alterations that dictate phenotypes and the resulting downstream
functional changes can be highly non-linear, which has inhibited the ability to accurately map
underlying mechanistic pathways related to label-free contrast. An added complexity is that tis-
sue changes associated with different diseases and phenotypes can occur at multiple scales and
are not represented fully by the abundance of a given molecule'®—the spatial organization and
distribution of these molecules across different spatial scales carry significant biological infor-
mation. As such, fully realizing the potential of label-free imaging for optical phenotyping
requires the integration of more sophisticated approaches for image feature extraction.

Recent advancements in deep learning may offer a solution to mapping the nonlinear
sequence—function relationship,'” offering a unique opportunity to bridge the gap and perform
optical phenotyping of tissues. Since the explosion of artificial intelligence (Al) in biomedical
imaging, a myriad of research efforts have aimed to integrate Al methods into different appli-
cations across the field. One of the most common applications is for image classification, where
Al models such as deep neural networks (DNN5s) are trained to classify images with extremely
high accuracy.'® DNNs offer the ability to extract multiscale hierarchical spatial features in image
data, offering exceedingly high performance for image analysis tasks. Binary, multiclass, and
multilabel classification problems have all been investigated with much success; however, one
limitation to these approaches is that the classes and/or labels are generally established based on
general tissue categories, often with a significant subjective nature (e.g., diseased, normal, or
pathological grades).!” Diseases such as cancer present with significant heterogeneity within
tumor types and disease grades, and this intratumor heterogeneity contributes to drastically dif-
ferent phenotypes and clinical outcomes.”*?' These nuances are lost when grouped together
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qualitatively, severely limiting both the performance and utility of these approaches. Tissue phe-
notypes can be reliably established quantitatively based on the transcriptomic signature, and
developing technology to classify tissue into different phenotypes using label-free imaging
would be a powerful tool in biomedical research as it could enable rapid, nondestructive, min-
imally invasive, and high-precision tissue assessment.”>

To date, several important works have implemented optical imaging alongside transcrip-
tomic analyses. For example, Haase et al.”® described the use of microscopy to isolate cells and
preserve spatial information prior to single-cell sequencing. Separately, Zhang et al.** described
the use of surface-enhanced Raman spectroscopy to obtain insights into the transcriptome, pro-
teome, and metabolome at the single-cell level. Similarly, another work was recently published
that introduced “Raman2RNA,” a method to estimate single-cell expression profiles using
Raman spectroscopy and deep learning.”® However, all of these works focus on single-cell omics
analyses, and not at the tissue-level, where the surrounding microenvironment carries clinically
relevant information, and may be composed of many different cell types.

In this work, we demonstrate the ability to perform optical phenotyping at the tissue level
using label-free microscopy in a set of patient specimens of pancreatic cancer. A graphical
abstract is included in Fig. 13 in the Appendix. This work is among the first to use label-free
imaging contrast to estimate omic characteristics at the tissue level. We perform autofluorescence
and second-harmonic generation (SHG) imaging through multiphoton microscopy (MPM) on
these specimens, as well as spatial transcriptomics. We co-register the dataset so that transcrip-
tomic signatures are aligned with a region of interest of the label-free imaging modalities. Using
this co-registered dataset, we first cluster tissue regions into different tissue types and phenotypes
and define these by mapping gene expression to the Human Protein Atlas. We extract image
features for each channel, including abundance and Haralick texture features. We performed
statistical analysis on label-free imaging contrast among clusters and then built several classifiers
to classify tissue using label-free images into phenotypes defined using transcriptomic signa-
tures. Our results show that the abundance of different label-free imaging channels is not suffi-
cient for differentiating tumor phenotypes. Image texture describing spatial distribution of
abundance provides higher performance, and using unsupervised feature extraction coupled with
DNN classification achieves over 90% accuracy in performing optical phenotyping. These results
show the value of hierarchical multiscale feature extraction for capturing relevant biological char-
acteristics. These promising results lay the foundation for our future work that will focus on
expanding our patient cohort, optimizing DNN architecture, investigating the generalizability
to other organs and diseases, and validating these findings in fresh tissues.

2 Methods

2.1 Sample Preparation

This study was performed on four specimens collected from four different patients who were
diagnosed with pancreatic neuroendocrine tumors (NETSs) via pathological examination. The
formalin-fixed paraffin-embedded (FFPE) specimens were obtained from the University of
Arizona Tissue Acquisition and Cellular/Molecular Analysis Shared Resource, originally col-
lected under IRB 0600000609. All specimens were tested for RNA quality by evaluating the
RIN and DV200 score. All specimens yielded a DV200 score of at least 50, and a RIN score
of at least 2.3.%%*” The specimens were sectioned at a thickness of 5 microns onto standard micro-
scope slides. Two serial sections for each specimen were used in this study: one was placed on a
specific slide for spatial transcriptomics purchased from 10X Genomics (Visium slide; shown on
the left in Fig. 1), and a second adjacent section was used for MPM. Additional clinical infor-
mation about these patient specimens is included in Table 7 in the Appendix.

2.2 Imaging Data Collection

MPM imaging was performed on a single unstained histological section with a thickness of 5
microns using a Zeiss LSM 780 NLO system with an automated 3D translation stage. A tunable
MaiTai Ti:Sa laser and GaAsP detectors were used to image in five spectral channels, four chan-
nels capturing the signal from tissue autofluorescence, and a SHG channel. The excitation and
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Fig. 1 Diagram of pancreatic cancer patient specimens (S1 to S4) used for the research study.
Tumor and normal regions are denoted with T and N, respectively. The left side of the figure shows
the specimens placed on the Visium slide for spatial transcriptomics.

Table 1 Imaging channels used for label-free microscopy. All images were acquired using
two-photon excitation; thus, the excitation wavelength is half of the listed wavelength.

Detection

Two-photon excitation wavelength Potential fluorophores/
Channel wavelength (nm) band (nm) sources of contrast
1 700 425 to 465 NADH/Collagen
2 920 475 to 600 FAD
3 830 550 to 600 Lipofuscin/lipopigments
4 800 590 to 625 Porphyrin
5 880 430 to 450 Organized collagen (SHG)

detection wavelengths are shown in Table 1 and have been used in previous studies.® Each MPM
channel is referred to in this paper by the endogenous molecule(s) believed to be the primary
source of signal when imaging with the spectral parameters in Table 1. This terminology is meant
to provide ease of reference as multiple fluorescent species can provide overlapping spectra, and
tissue fixation may alter endogenous markers. Although these fluorescence properties could be
elicited with single-photon fluorescence, we use multiphoton to also elicit SHG simultaneously.
256 x 256 pixel tile scans were collected in a grid array over each sample and combined with
post-processing to form a composite image of the full specimen as it was imaged on the Visium
slide. A 20X objective was used, providing a square pixel resolution of ~1.28 micron. Z-stacks
were acquired for each tile scan to ensure that an in-focus signal was collected over the full range
of the uneven tissue surfaces, with the number of z-stacks adjusted as necessary. Despite z-stack-
ing, some uneven brightness within the individual tile scans results in a grid-like artifact in the
image mosaics. Postprocessing that has been previously described was used to balance image
brightness between image tiles prior to quantification.?®

2.3 Spatial Sequencing

An adjacent histological section for each patient sample was cut onto the Visium slide before
being deparaffinized and stained with hematoxylin and eosin (H&E). All procedures followed
the standard 10x Genomics protocols for FFPE tissue, and the sections were then slide-scanned
using a Nikon BioPipline SLIDE system (Nikon, Tokyo, Japan). Spatial transcriptomics was
completed using the Visium Spatial Gene Expression system (10X Genomics, Pleasanton,

Biophotonics Discovery 035001-4 Jul-Sep 2025 e Vol. 2(3)



Guan et al.: Optical phenotyping usm\éla Semmieroscop and,‘éeep»iegr\njng.

California, United States). Individual libraries were processed using 10X Genomics’ Space
Ranger count pipeline. The length of the R2 sequences was limited to the first 50 bps. Space
Ranger v2.1.0 count pipeline was used to manually align the fiducial frames of the Visium slide
H&E images to gene expression data. For easier export, the Visium Space Ranger software
down-samples the original high-resolution H&E image such that its longest dimension is
2000 pixels, resulting in the other dimension being resized based on the image’s original aspect
ratio. The exported data frame of gene expression counts contains the Visium barcode coordi-
nates from the original, full-resolution, H&E images. Each barcode region covered a circular area
with a diameter of 55 microns and is spaced by 100 microns in a Cartesian grid. Due to the
uniform down-sampling of the original image, a single scaling factor is provided by the software
to match the original barcode coordinates to the dimensions of the exported, down-sampled, and
H&E image, to which the MPM images are registered. This scale factor ranged between 0.040
and 0.044.

2.4 Data Processing

All image registration was performed using the open-source TrakEM2 ImageJ plugin.>*° First,
multichannel MPM images were registered to one another to eliminate image drift between
acquisitions, which could arise from variations in spectral properties of the system’s optics,
physical movement of the tissue sample, and/or drift of the scanning mechanisms [Fig. 2(a)].
Following inter-channel registration, MPM images were then manually co-registered to the H&E
reference image from the Visium dataset. The down-sampled H&E reference image matched
to the Visium gene expression data was used as the final registration target due to the original
slide-scanned images being prohibitively large to process (on the order of 50,000 pixels in each
dimension). Because the down-sampled H&E images are limited to 2000 pixels in the largest
dimension, they were first scaled to dimensions roughly matching that of the MPM images. In the
case of registering the MPM images to the Visium data, the down-sampled H&E image was
scaled by a factor of three, changing its largest dimension to 6000 pixels. With each MPM image
having native dimensions of roughly 5500 X 5500 pixels, any differences in scale were further
accounted for during the registration process.

For all subsequent registration steps, registration landmarks were manually placed on image
regions that contained clear tissue landmarks, such as glands or cell clusters with unique mor-
phology, as shown in Fig. 2(b). Landmarks were selected roughly uniformly over the full spatial
area of each image, and at least 80 landmarks were selected for each round. Multiple rounds of
manual landmark placement and registration were necessary to register MPM images to the
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Fig. 2 (a) Diagram of the registration process to align the label-free image ROls and transcriptomic
signatures. (b) Large-scale morphological features were manually selected to register between
H&E and MPM images. (c) Visual results of the two-stage registration process.
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Fig. 3 Schematic diagram of the study. (a) Using two adjacent patient sections, a co-registered
dataset composed of spatial transcriptomics, autofluorescence, and SHG images was gener-
ated. (b) This dataset was then used to perform statistical analysis of imaging features between
clusters defined by transcriptomic signatures and to develop a deep learning model for optical
phenotyping.

reference H&E image due to differences in scale and distortion of the tissue during the process of
mounting it onto the Visium slide and H&E staining. An initial round of rigid registration
through translation, rotation, and isotropic scaling was done to match image dimensions and
roughly overlay landmarked regions. An affine transformation was then used with newly placed
landmarks, repeating as necessary to align image contents [Fig. 2(c)] to minimize mean-squared
error. Following registration, tiles were visually compared between MPM and H&E to confirm
accuracy. The registered MPM images were then exported in their original 16-bit image format.
The final result is the multichannel MPM image being registered to a scaled version of the H&E
image that defines the gene expression vector coordinates. The coordinates can be scaled by a
factor of 3 (due to the rescaling during registration) to locate the center of the field of view for a
region of interest corresponding to a given gene expression vector (Fig. 3).

2.5 Statistical Analysis and Clustering

Gene expression data were imported into a Python environment as a data frame containing the
unique molecular identifier counts for each human mRNA target and the pixel coordinates for the
center of each barcode region. The pixel coordinates (defined in the space of the down-sampled
H&E image) were then scaled by a factor of 3 to match the space of the registered MPM image.
Regions of interest (ROIs) of each MPM image corresponding to the barcode pixel coordinates
were extracted. ROIs of 70 x 70 pixels were extracted to slightly oversample the barcode active
region of 55 microns. A threshold was applied to the MPM ROIs to remove background (<2000)
and saturated pixels (>65,535) from any subsequent analysis. Abundance was measured by
taking the mean value of each ROI corresponding to each channel. Channels 1, 2, 3, and 5 were
normalized by dividing by the fourth channel to account for sample-to-sample fluctuations in
light source intensity, working distance, and other systematic effects.

Tissue phenotypes were established using k-means clustering of the transcriptomic signa-
tures. Clustering of the spatial transcriptomic data was completed using the Loupe browser.
K-means clustering was applied with k£ = 6, and all four patient samples were pooled together.
The selection of k = 6 was chosen by assessing the Silhouette score and evaluating the spatial
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heterogeneity of cluster assignment, as shown in Sec. 3.1. Cell clusters were assigned tissue types
and phenotypes by mapping gene expression profiles to the Human Protein Atlas and assessing
the top 50 differentially expressed genes for each cluster, as discussed in Sec. 3.1. Comparisons
of MPM channels were performed for each cluster within a specific specimen, as well as for all
tumor clusters separately. Data distributions are visualized using violin plots. The Shapiro—Wilk
test was used to evaluate normality. All distributions were found to be significantly nonnormal,
and therefore, statistical significance was evaluated using the Kruskal-Wallis test followed by
post-hoc Mann—Whitney U-test with multiple testing comparison using the Bonferroni correc-
tion method by multiplying the p-value by 60. For these comparisons, each ROI/barcode region
is treated as a separate independent sample, which is in alignment with statistical analysis
approaches in multi-omic studies using spatial transcriptomics.’!

2.6 Image Classification

Three different classification approaches were developed to test the ability to perform optical
phenotyping (Fig. 4). We investigated these three different paradigms to understand what features
within the image are most informative for predicting the tissue phenotype.

For the first two models, we utilized classical machine learning with handcrafted features
and a support vector machine. Our first model used only the average brightness of each chan-
nel, which is representative of the abundance of different contrast sources, yielding a total of
five features. Our second model was trained with the original abundance features as well as
features extracted using Haralick texture feature extraction,*” which quantifies the spatial rela-
tionship between adjacent pixel values, yielding a total of 70 features. Evaluating the spatial
distribution of brightness is a measure of how the local microenvironment may be altered in
the organization of different contrast sources, which is representative of the tumor micro-
environment. For our third model, we utilized a convolutional neural network to perform

Model Comnl_

Model 1 Model 2 Model 3

GLCM

Feature Channel Brightness Channel Brightness Deep Neural Network
Extraction + Texture Features Convolutional Kernels

Biological  ryorophore Abundance Fluorophore Abundance Hierarchical and Multi-
Contrast and Spatial Distribution scale Spatial Patterns

Feature One
Feature One

Feature Two Feature Two

Classification

Model Support Vector Machine Support Vector Machine Deep Neural Network

Fig. 4 Overview of classification models evaluated in this study for optical phenotyping. Three
models were assessed with increasing complexity. First, we tested support vector machine
classifiers with the average brightness of each channel used as input, followed by average
brightness and image texture. Then, we trained a deep learning model based on the VGG16
architecture.
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unsupervised feature extraction. Here, the feature complexity increased further at the cost of
explainability. However, this model can extract information at multiple spatial scales and
incorporates nonlinearities, which are likely necessary for modeling the complex sequence-
function relationship in tissue.

For the first two models, the feature dataset was first standardized by centering at zero and
scaling to unit variance for each channel. The support vector classifiers were trained with 80%
of the dataset, and the remaining 20% was used for testing. Five-fold cross-validation with opti-
mized weights was used for assessment for both scenarios, and all assessment metrics were aver-
aged over all five folds.

For our third model, a customized convolutional neural network was designed to achieve
high-accuracy multiclass image classification. Here, we applied transfer learning using a pre-
trained VGG16,** an effective approach when limited labeled data is available, as it leverages
features learned by the pretrained model. Figure 5(a) shows the customized VGG16 model archi-
tecture. The first four layers of the model were frozen to retain general feature representations
extracted from the ImageNet dataset, whereas layers beyond the first maxpooling layer remained
trainable to learn features specific to our MPM dataset. The batch size was set to 16. In addition, a
dropout layer was incorporated to mitigate potential overfitting, and an early stopping monitor on
the validation loss with patience of 6 epochs, along with a learning rate scheduler, was applied as
part of the model’s callbacks to optimize training.

Before the data were fed into the model, the four co-registered whole-slide MPM images
were first converted into three-channel RGB images to ensure compatibility with the network
model, as shown in Fig. 5(b). In this conversion, the red channel represented the NADH-
dominant signal, the green channel corresponded to the lipofuscin-dominant signal, and the blue
channel was assigned to the SHG signal. Based on gene expression data from each region of
interest, tables were generated containing the coordinates of each region’s center along with their
corresponding cluster labels. These colored MPM whole slide images (WSIs) were then seg-
mented into individual tiles using these tables. To effectively cover the entire barcode region,
the ideal tile size for the MPM image was set to 70 X 70 X 3, as shown in Fig. 5(b). However, to
match the model’s required input dimensions, each tile was resized to 224 X 224 x 3, incorpo-
rating additional surrounding areas of each barcode region. This re-sizing resulted in ~50%
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Fig. 5 (a) Diagram of the customized pre-trained VGG16 architecture. The numbers next to the
arrows represent the output shape of the preceding layer. The layers enclosed by the dashed line
were frozen to preserve the pre-trained weights from the VGG16 model, originally trained on the
ImageNet dataset. (b) The data preprocessing flowchart shows the RGB layering, tile extraction,
and resizing procedures for the input tile images.
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overlapping with adjacent regions of interest. As neighboring areas generally share similar gene
expression data due to high spatial correlation, this overlap did not introduce significant ambi-
guity to the model.

All images were then organized into separate folders, with 80% allocated for training,
10% for validation, and the remaining 10% reserved for testing to assess the model’s gen-
eralization. In addition, subfolders were created to categorize images into different clusters.
The “image dataset from directory” function from the utils library was used to efficiently load
and preprocess the input images from the custom folder structure. All methods were imple-
mented using Python, including sckit-learn, the TensorFlow deep learning framework, and the
Keras library on a PC equipped with an NVIDIA GeForce A4500 GPU. For all three clas-
sifiers, the receiver operator characteristic curves (ROCs) were generated for each class by
evaluating the ability to classify each group in a “one versus rest” paradigm. Confusion matri-
ces were also generated to evaluate misclassification for each group in a true multiclass clas-
sification paradigm. Classification reports were generated that detail the precision, recall, and
F1 score, as is standard for evaluating classification models. Together, these metrics provided
a comprehensive assessment of the model’s performance. For this model, we utilized 10-fold
cross-validation to ensure all metrics reflected testing on the entire dataset. Visualization of the
model’s classification performance was also visually evaluated by back-projecting incorrect
classifications onto the location of the ROI on the original MPM images. All data and code,
including required libraries, used for analysis can be found in the link provided in the Code
and Data Availability Statement.

3 Results

3.1 Clustering and Definition of Phenotypes

Clusters were visualized by projecting each cluster onto the respective barcode region and super-
imposing this on an H&E brightfield image to visualize the clusters and their spatial relationship
(Fig. 6). Table 2 shows the results of K-means clustering with k = 6 using the full transcriptomic
data. Figure 7 shows the top 50 up- and down-regulated genes for each cluster. Of the six clusters,
clusters 4 and 5 show the most similarity in gene expression, which is not surprising given that
both are represented adjacent to one another in sample 2. Table 3 lists key up-regulated genes for
each cluster that are used for establishing tissue type and tumor phenotypes. Pathology reports

X S2 . Cluster 1

Cluster 2
. Cluster 3
. Cluster 4

[ Cluster 5

. [HClusters

R o4

Fig. 6 K-means clustering with k = 6 performed for spatial transcriptomic data with all four
patients pooled together. The clusters are superimposed on H&E images with each cluster posi-
tioned in the respective spatial barcode region and color coded depending on the cluster.

Biophotonics Discovery 035001-9 Jul-Sep 2025 e Vol. 2(3)



Guan et al.: Optical phenotyping is g label-fré& micres and"deep-learning

Table 2 Results of K-mean clustering with k = 6 using transcrip-
tomic signatures. Numbers represent the total number of barcode
regions assigned to each cluster across all samples.

Total  Sample 1 Sample 2  Sample 3  Sample 4

Cluster 1 5748 3122 0 2452 174
Cluster 2 2851 0 0 0 2851
Cluster 3 2510 542 0 172 1796
Cluster 4 1789 204 1396 18 171
Cluster 5 1787 0 1787 0 0
Cluster 6 993 993 0 0 0
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Fig. 7 Gene expression heatmaps of the (a) top 50 over-expressed and (b) top 50 under-
expressed genes for each cluster. Heatmap colors are denoted as the z-score comparing the
expression levels of each gene for each cluster among the entire dataset.
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Table 3 Interpreted description of each cluster and top differentially expressed genes (DEGs) for
each used to establish phenotypes. The second row shows the label used to refer to each cluster
following Sec. 3.1.

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6
Description Pancreatic  Classical NET, Stroma Tumor with Cluster 4 Tumor enriched
exocrine, pancreatic immune, glial, with added with neuronal,
acinar cells alpha cell and neuronal  stromal entero-endocrine
lineage markers enrichment markers
Label Exocrine T1 Stroma T2 (Core) T2 (Rim) T3
REG1A IRX1 JCHAIN  UCHL1 PCSK2 NEFL
REG1B IRX2 IGHA1 SKAP1 ENPP2 NEFM
CLPS GCG IGKC ITGA7 NSG2 AMPH
Top DEGs for CELA2B GHRL HLA-DRA NRG1 ECEL1
defining tumor  op) 34 CHGA COL3A1 GLIPR2 NRXN1
phenotypes and
tissue types PRSS3 CHGB COL1A2 HLA-C AKAP12
PRSS1 ENO2 COL1A1 IFI6 PCSK1
PNLIPRP1 SHH MYL9 ICAM2 HAP1
PNLIP SYP DCN FGA/FGB DLK1

were also evaluated for expression of specific hormones, including glucagon and gastrin, as well
as Ki-67 proliferative index.

Cluster 1 is characterized by an enrichment in genes associated with acinar cells and the
exocrine pancreas, including REGIA/B, CLPS and CELA2B/3A and PNLIP. This gene signature
aligns with the expectation from pathological examination of the tissue.

Cluster 2 shows an enrichment in genes that are most classically associated with neuroendo-
crine tumors (e.g., CHGA, CHGB, SYP). Significantly upregulated genes in this cluster include
IRX1, IRX2, and GCG, which are markers of the pancreatic alpha cell lineage. This is also con-
sistent with the pathology report, showing positive tumor expression of glucagon. Interestingly,
alterations of CHGA and CHGB at the protein level have been associated with different pheno-
types in pancreatic neuroendocrine tumors; in this case, relating to aggressiveness.** Tumor cells
in this cluster also express the neuroendocrine tumor markers SYP and SHH, a key developmental
morphogen with a potential role in NET development.®® Therefore, cluster 2 is defined as a
classical neuroendocrine tumor.

Cluster 3 exhibits upregulated expression of stromal and immune-related genes. This
includes an enrichment of plasma cell markers such as JCHAIN, IGHAI, and IGKC, immune
cell markers including HLA-DRA and COL3A1, as well as markers of extracellular matrix and
fibroblasts including COLIA2, COLIA1, MYL9 (myofibrobalsts and smooth muscle), and DCN
(endothelial cells). These markers align with the H&E image and pathological examination of the
tissues. Thus, this cluster is defined broadly as stromal tissue.

Clusters 4 and 5 occur within a single patient tumor and have similar transcriptomic profiles.
However, clustering the dataset with n = 5 clusters did not merge the two clusters, suggesting
important differences between the two from the transcriptomic standpoint. Both clusters exhibit
downregulated PRSSI expression, which is associated with hereditary pancreatitis,*® as well as
NRGI, GLIPR2, and HLA-C, which are immune response-related markers, suggesting that the
tumor may exhibit unique immune or inflammatory characteristics. Other shared features include
expression of NRGI and GLIPR2, markers of glial cells, as well as FGA and FGB, which are
related to the blood clotting response. Important differences between clusters 4 and 5 are the
expression of ENPP?2 in cluster 5 (a stromal marker) in addition to a seemingly lower expression
of genes in cluster 4 universally. This may suggest that cluster 4 represents some loss of gene
expression, perhaps due to necrosis. As such, we define clusters 4 and 5 as a tumor with immune
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features, with 5 being denoted “rim” and 4 being noted “core,” where some necrosis may be
present. Clinically, this was the only specimen that was reported focally positive for gastrin
expression, which is often related to a specific subtype of pancreatic NET.*” Furthermore, the
tumor specimen relating to clusters 4 and 5 yielded a clinical Ki-67 index of up to 8.2%, which
was double the corresponding index of the specimens associated with clusters 2 and 6 (both of
which were measured around 4%).

Finally, cluster 6 exhibits enrichment of enteroendocrine markers (PCSK1, HAP1, DLSI), as
well as neuronal markers, including the expression of NEFL, NEFM, and NCAMI. Distinct
differences are observed between clusters 6 and 2, and notably, this cluster is associated with
a tumor that was reported as glucagon negative. In addition, there are a number of prognostic
markers such as over-expression of SY7/7 and under-expression of SHH, which in other pan-
creatic cancers at the protein level have been associated with more favorable prognosis.™ As
such, we define cluster 6 as a tumor with enteroendocrine and neural features. Referencing clini-
cal data, the patient in which this specimen was observed was the only patient who possessed
lymph node metastases—which is highly correlated with poor survival.** For the remainder of
this paper, we will refer to the different clusters by their label shown in Table 3 to assist with
interpretation.

3.1.1 Statistical analysis of image features

Figure 8 shows the correlation between imaging channels before and after normalization. Prior to
normalization by the porphyrin channel, interchannel correlation was high, over 0.65 on average.
The SHG is lower in general, which is expected given that the optical process is not a fluores-
cence process. After correlation, the correlation is significantly reduced, being below 0.3 on
average for all pairs of channels.

Figure 9 shows the violin plot comparing the normalized average normalized brightness of
each channel for ROIs assigned to different clusters. Significance is denoted above each cluster
as *** for p < 0.001 for all pair-wise comparisons except the pairs denoted with a line showing
“n.s.” for not significant. Several observations can be made. First, each cluster exhibits a unique
distribution across the four channels. For example, although channel 1 distribution is similar for
the first three clusters (exocrine, T1, and stroma), the distributions differ significantly in channels
2 and 3. This suggests that the multichannel information is important for successfully differen-
tiating tissue types. Among all clusters, the two clusters from T2—the rim and the core—show
the most similar distributions, which is supported by the lack of statistical significance in two of
the channels. There are subtle differences between the two, for example, a proportion of the T2
core cluster is contained in a lower tail of the distribution (indicating lower brightness, potentially
related to necrosis). Given that both clusters are closely related transcriptomically, the similarity
of the imaging characteristics is not surprising. This also indicates that the two clusters may be
difficult to differentiate during classification. Considering this data overall, although most
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Fig. 8 Inter-channel correlation of MPM imaging channels (a) before and (b) after normalization
by channel 4.
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Fig. 9 Violin plots comparing average brightness for ROls assigned to different tumor clusters for
normalized (a) channel 1, (b) channel 2, (c) channel 3, and (d) channel 5. Significance is denoted
*** for p < 0.001 for all pair-wise comparisons. Bars denoting no significant difference are used to
show pairs that are not significantly different.

clusters have clear differences in the distributions among one another (supported by the strong
statistical significance), there are still significant overlaps in the image brightness distributions.
The consequence of this is that there likely will be significant challenges in classifying clusters
based on this information alone, motivating the need for more advanced image features such as
texture and other spatially derived features.

3.2 Image Classification

The classification results for each of the three models are shown in Tables 4-6, which present
the recall, precision, and F'1 score for each class and classifier, respectively, averaged over all

Table 4 Precision, recall, and F1 score for support vector classifier
trained on abundance, averaged across all fivefolds.

Class Precision Recall F1 score (one vglggs rest)
Exocrine 0.71 0.42 0.53 0.77
N 0.53 0.76 0.62 0.82
Stroma 0.10 0.00 0.00 0.67
T2 core 0.09 0.03 0.04 0.77
T2 rim 0.35 0.90 0.50 0.88
T3 0.21 0.62 0.31 0.86
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Table 5 Precision, recall, and F1 score for the support vector clas-
sifier trained on abundance and image texture features, averaged
across all five folds.

Class Precision Recall F1 score (one véiﬁs rest)
Exocrine 0.78 0.74 0.76 0.91
T 0.57 0.45 0.51 0.92
Stroma 0.36 0.39 0.37 0.76
T2 core 0.37 0.21 0.26 0.81
T2 rim 0.52 0.67 0.58 0.93
T3 0.22 0.41 0.28 0.86

Table 6 Precision, recall, and F1 score for the deep neural net-
work model averaged across all 10-folds.

Class Precision Recall F1 score (one végﬁs rest)
Exocrine 0.92 0.94 0.93 0.99
T1 0.98 0.99 0.98 1.00
Stroma 0.89 0.82 0.85 0.98
T2 core 0.79 0.71 0.74 0.97
T2 rim 0.84 0.86 0.84 0.99
T3 0.85 0.91 0.88 1.00

five folds. Included in these tables is the AUC for the one-versus-rest classifiers shown later. For
the two support vector classifiers, the overall performance is marginal. The classifier trained on
abundance only (Table 4) is unable to classify the classes corresponding to Stroma and T2 Core
in a true multiclass paradigm—this most likely is due to a lack of sufficient features in the model,
as only five channels are present, whereas six classes exist. The total weighted average precision
of the classifier was 43.8% =+ 0.83%.

For the support vector classifier trained on image texture and abundance (Table 5), there is
moderate improvement. The average weighted classification accuracy increases to 54.4% =+ 0.54%
overall, and performance on a class-by-class basis increases nearly universally, with the exception
of a slight decrease in performance for T1. Classes corresponding to T2 core and T3 remain the
most challenging to classify accurately.

In stark contrast to the support vector classifiers with handcrafted features, using deep learn-
ing for feature extraction and classification, shown in Table 6, yields significant improvements,
with an overall weighted classification accuracy of 89.4% =+ 1.5%. The misclassification of T2
core is the primary factor affecting overall prediction accuracy, which also performed poorly for
the two prior classifiers but improved significantly in this scenario.

Visualizations of ROC curves and confusion matrices for all classes are shown for each
classifier in Fig. 10. Figures 10(a)-10(c) present the one-versus-rest ROC curves for all classes,
highlighting the varying classification performance across different categories. As observed in
the plot and tables, the AUC values are consistently higher than the F'1 scores across all classes,
as AUC evaluates the model’s ability to distinguish between classes across a range of decision
thresholds. Even if a suboptimal decision threshold results in classification errors and lower F'1
scores, the model may still exhibit strong discriminative capability over the entire probability
distribution. The ROC curve from the deep neural network model exhibits a sharp ascent toward

Biophotonics Discovery 035001-14 Jul-Sep 2025 e Vol. 2(3)



1.0
G — (d)
"’
/ — e -0.8
® 0.8 / ~
- / e
© /
.4 @ 2
[ / © -06 =
> 0.6 e — Q2
= o s
8 g 9
o e . Z -04 g
P 7 — Exocrine =
E Tl
= P —— Stroma 02
yd —— T2 Core
—— T2Rim
— T3 0.0
0.0
0.0 0.2 0.4 0.6 0.8 1.0
1.0
(b) (e)
-0.8
Q
g @ g
14 @ -06 =
(] S T Qa
2 © 3
= Q o
S
2 S -04 o
o =
S
= 0.2
[
0.0
"0.0
1.0
Cp ;0
4
’/
’ -038
/,
0.8 4 L
[ 4 0 >
k] Vit % -06 2
& o6 e 3 2
[ 7’ ©
2 i [} 2
= e =] -0a O
[7] ’ .: o
O 0.4 1 ’
o e
7’
g L 0.2
S 4
02 /7
4
,/
, 0.0
4
0.0 - - : -
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Predicted Class

Fig. 10 Classification model results. ROC curves to assess one-versus-rest classification perfor-
mance for (a) support vector machine with abundance features, (b) support vector machine with
abundance and texture, and (c) deep neural network. Confusion matrices for multiclass classifi-
cation for (d) support vector machine with abundance features, (e) support vector machine with
abundance and texture, and (f) deep neural network.

the top-left corner, particularly for the T1 and T3 classes. This behavior reflects a strong balance
between sensitivity and specificity, effectively minimizing false positives while maintaining a
high true positive rate. For the simpler models using handcrafted features, the AUC is relatively
high for a subset of classes (e.g., T2 Rim and T3) but relatively low for other classes (stroma,
T2 core).

The issue of misclassification is most clearly illustrated in the confusion matrices
[Figs. 10(d)-10(f)]. For the two support vector classifiers, the models consistently misclassify
T1 and stroma, as well as T2 rim and core. The latter is not surprising given the earlier obser-
vations of the similarities between those two clusters both transcriptomically and optically. For
the deep learning model, the ability to differentiate all classes is drastically improved; however,
misclassification between exocrine and stroma persists, along with a notable number of misclas-
sifications between the T2 core and rim. The latter two classes were also commonly misclassified
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in the support vector approach. This aligns well with our discussion of gene expression and
phenotype clustering as these two classes share similar transcriptomic profiles and are both
highly represented in a single tissue specimen. The misclassification of stroma and exocrine
is likely due to the fact that the ROIs contain a multitude of cell types and therefore are not
“pure.” Some may contain both exocrine and stromal cells, resulting in some reduction in image
classification performance.

Figure 11 presents a back-projection of all misclassified ROIs onto MPM WSI using the
deep learning model from the test dataset across the 10-fold models, providing a detailed visu-
alization of recurring misclassification patterns. By mapping these instances, we can identify
spatial and structural trends contributing to classification errors, revealing potential model biases
and overlapping feature distributions among classes. As illustrated in the legend patch on the
third MPM WSI [Fig. 11(c)], the inner circle color of each spot represents the predicted class,
whereas the outer circle indicates the true class. Across the four WSIs, the majority of mixed-
color groups correspond to blue-black (exocrine and stroma) and cyan—orange (T2 rim and core),
aligning with our previous analysis.

Notably, the second MPM WSI represents an all-tumor slide, containing both T2 core and
T2 rim classes. In Fig. 11(b), most misclassified images cluster within the T2 core region, with

True Class (Outer) - Predicted Class (Inner)
I Exocrine
T
B Stroma
T2 Core
T2 Rim
. T3

Fig. 11 Back projection of all misclassified ROIs from the test dataset across the 10-fold models
onto the four whole-slide images corresponding to our patient specimens - (a) S1, (b) S2, (c) S3, (d)
S4 - provides a comprehensive visualization of recurrent misclassification patterns. The color of
the center of the circle represents the predicted class, whereas the color of the rim represents the
true class.
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errors predominantly occurring at the interface between two clusters. This misclassification may
partially stem from the expanded input image size, where adjacent tiles share overlapping
regions, potentially introducing bias, particularly at class boundaries. However, given the limited
dataset, the benefits of this expansion outweigh the loss introduced by overlapping biases.
Furthermore, T1 [Fig. 11(d), lower right region] and T3 [Fig. 11(a), upper right region] exhibit
an exceptionally high true positive rate, with nearly no false predictions. There are also some
misclassified instances that lie outside the WSI region, indicating imperfections in data prepro-
cessing that may introduce additional bias.

These observations suggest potential improvements to enhance model performance.
Refining the data preprocessing pipeline by implementing a more precise tile screening method
would help accurately exclude dark images and irrelevant tiles, reducing unnecessary biases. In
addition, once more data become available, limiting the overlap between adjacent tiles could
minimize misclassification at class boundaries. Another possible refinement involves developing
specialized sub-models for exocrine versus stroma and T2 core versus rim, which may improve
classification accuracy for these challenging class pairs. By addressing these factors, the model’s
robustness and predictive performance can be further improved.

Figure 12 presents complementary plots to Fig. 11, showing all the correct predictions back-
projected onto the four WSIs. These two figures map all the prediction results back onto the
MPM WSIs, showing consistency with the spatial transcriptomics profiles. Ultimately, the strong

(a) (b)

(c) (d)

True Class (Outer) - Predicted Class (Inner)
I Exocrine

Fig. 12 Back projection of all correctly predicted ROls from the test dataset across the 10-fold
models onto the four whole-slide images corresponding to our patient specimens - (a) S1, (b)
S2, (c) S8, (d) S4.
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performance on the ROC curves, coupled with the high overall accuracy (89.4%) on the test
dataset, further validates our deep learning model’s predictive capability and reinforces the
potential of integrating label-free microscopy and spatial transcriptomics as a powerful tool for
optical phenotyping.

4 Discussion

The primary goal of this work was to develop a method for optical phenotyping of tissues using
label-free microscopy. The results of this work demonstrate several important findings. First,
label-free optical imaging contrast, in this case related to autofluorescence and second harmonic
generation, carries significant biologically relevant information that can be used for optical phe-
notyping. The evaluation of different feature extraction methods and classification approaches
supports our hypothesis that multiscale hierarchical features are necessary to more comprehen-
sively capture the tissue microenvironment and enable optical phenotyping.

Despite our promising findings, there are limitations that must be acknowledged and
addressed in future work. First, this work is carried out using ex vivo FFPE specimens, and the
fixation process is known to alter tissue autofluorescence. This limits our ability to draw specific
conclusions about what fluorescence species are varying in abundance as there is significant
disagreement in the literature regarding what fluorescence species are preserved.***! In addition,
although the approach of using label-free imaging for in vivo optical phenotyping is theoretically
possible, all findings obtained using fixed tissues will need to be validated and tested in fresh/in
vivo tissues given the differences in optical properties between the two. Likely, the features
learned by the DNN using fresh tissues will differ significantly from FFPE, indicating that a
different model would need to be developed. Another outstanding question is to understand
which label-free contrast mechanisms are most effective for phenotyping and/or estimating other
transcriptomic features. We utilize MPM in this study primarily to elicit the SHG signal, but it
may be possible to achieve similar performance using simpler systems (e.g., single-photon auto-
fluorescence) or measuring different optical properties.

Similarly, our dataset was limited to only four specimens due to both the cost and availability
of specimens that yielded sufficient RNA quality. Although the number of barcode regions num-
bered close to 15,000 total, the small sample size in terms of independent patients required us to
segment the dataset, treating each of the barcode regions as independent. Although this is
common in multi-omic studies, a more rigorous approach with a larger dataset and more patient
specimens is required to fully evaluate the statistical properties and generalizability of our clas-
sification models.

Another important discussion is the clustering approach to define our phenotypes. The
approach presented in this study involved a completely unbiased and unsupervised method
to reduce any subjective interpretation and selection of phenotypes. Although powerful for
maintaining reproducibility and rigor, the approach has some inherent limitations. The math-
ematical assignment of clusters using k-means clustering does not necessarily integrate specific
biological information such as spatial correlation of the signatures, and weighting of different
genes that may have greater significance. This may lead to some tissues being clustered incor-
rectly due to numerical noise. Indeed, the clustering of our specimens seemed to suggest there
was a small degree of this; for example, cluster 4 appearing in the normal tissue region of speci-
men S1 (see Fig. 6). It is also important to recognize that there are many more than 6 cell types
present overall. The spatial sampling for transcriptomics used in this study was limited to spac-
ing the sampling points by 100 microns; thus, within each cluster, there could be a variety of cell
populations contributing to the overall transcriptomic signature, which will result in a wider
distribution within each cluster. Single-cell sequencing would limit this effect but would also
lose the surrounding microenvironment information given by the larger field of view of our
approach. One of the most significant outcomes of this work is that our results suggest that
the local environment is critical to effectively performing optical phenotyping. Furthermore,
our phenotyping is focused on tissue-level properties, not cell-level properties; therefore, sin-
gle-cell sequencing is likely not appropriate for measuring these effects. Recently, the techno-
logical platforms for spatial transcriptomics have been advanced to enable higher resolution
spatial sequencing over what was used in this study. Integrating these next-generation
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technologies would be a valuable way to assess phenotypes with higher precision without losing
local environmental characteristics.

Finally, integrating a deep learning approach requires future work investigating the explain-
ability of the model to determine specifically what features are used for performing high-accu-
racy classification and to evaluate whether these features are generalizable to other tissues and
patients. In addition, an interesting avenue of future inquiry is to investigate how the transcrip-
tomic signatures could be analyzed to assess higher-level biological processes such as pathway
regulation. This information could be used to inform and validate what image features offer the
most predictive value. Along these lines, other label-free imaging modalities such as polarization
and fluorescence lifetime imaging could be integrated into this architecture and evaluated for
their ability to perform optical phenotyping. Ultimately, the framework we present in this paper
has wide potential for addressing a number of intriguing scientific questions and lays the foun-
dation for accelerating discoveries in the field of biophotonics.

5 Conclusion

Phenotyping is a powerful tool in diagnostics and for developing precision therapeutics, but most
phenotyping methods are costly, time-intensive, and not compatible with in vivo use. In this
study, we introduce a new approach for “optical phenotyping” using label-free microscopy
images, deep learning, and tissue phenotypes as defined by spatial transcriptomics. Our results
show significant promise for optical phenotyping. The presented method is able to achieve over
89% accuracy in a complex multiclass classification problem. Although promising, a number of
outstanding challenges are to be addressed in future work; namely, expanding the patient cohort,
addressing nonbiological heterogeneity that may influence phenotype assignment, as well as
eventual testing in fresh tissues.

6 Appendix: Supplemental Materials

This appendix includes additional clinical information for each patient specimen extracted from
pathology reports, shown in Table 7. In addition, a graphical abstract of the work is shown
in Fig. 13.

Table 7 Available metadata for each patient specimen used in this study. Specimens used for
analysis were formalin-fixed paraffin-embedded histological sections.

S1 S2 S3 S4
Diagnosis Grade 2 well- Grade 2 well- Grade 1 well- Grade 2 well-
differentiated differentiated differentiated differentiated
pancreatic NET pancreatic NET pancreatic NET pancreatic NET
Tumor site Pancreatic tail Pancreatic body Pancreatic head Pancreatic tail
Lymph node Metastases located All benign All benign All benign
involvement on three lymph nodes
Tissue on Tumor and adjacent Tumor only Normal only Tumor and adjacent
histological normal normal
section
Chromogranin + + + N.A.
Synaptophysin + + + N.A.
Gastrin N.A. Focal + — —
Glucagon — Rare + + +
Ki-67 Up to 4.4% Up to 8.2% <1% Up to 4%
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Fig. 13 Graphical abstract of the work reported in this paper.
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