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Abstract

Solid tumors are characterized by complex interactions between the tumor, the immune sys-
tem and the microenvironment. These interactions and intra-tumor variations have both
diagnostic and prognostic significance and implications. However, quantifying the underly-
ing processes in patient samples requires expensive and complicated molecular experi-
ments. In contrast, H&E staining is typically performed as part of the routine standard
process, and is very cheap. Here we present HIPI (H&E Image Interpretation and Protein
Expression Inference) for predicting cell marker expression from tumor H&E images. We
process paired H&E and CyCIF images taken from serial sections of colorectal cancers to
train our model. We show that our model accurately predicts the spatial distribution of sev-
eral important cell markers, on both held-out tumor regions as well as new tumor samples
taken from different patients. Moreover, using only the tissue image morphology, HIPI is
able to colocalize the interactions between different cell types, further demonstrating its
potential clinical significance.

Author summary

We present HIPI (H&E Image Interpretation and Protein Expression Inference) for pre-
dicting cell marker expression from tumor H&E images. We process paired H&E and
CyCIF images taken from serial sections of colorectal cancers to train our model. We
show that our model accurately predicts the spatial distribution of several important cell
markers, on both held-out tumor regions as well as new tumor samples taken from differ-
ent patients. Moreover, using only the tissue image morphology, HIPI is able to colocalize
the interactions between different cell types, further demonstrating its potential clinical
significance.

1 Introduction

Analysis of histopathological images from stained tissue sections has played a key role in iden-
tifying tumor features with diagnostic and prognostic significance [1]. Stained tumor inspec-
tion enables the characterization of intra-tumor regions and of tumor interactions with the
microenvironment and the immune system. Moreover, it facilitates the detection of predictive
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biomarkers for disease progression and treatment [2]. Hematoxylin and eosin (Hé>E) staining
of tumor tissues is routinely performed as part of cancer standard care [3]. Using H&E stained
Whole Slide Images (WSIs) of a tumor, pathologists can distinguish between the nuclear and
cytoplasmic parts of cells, and identify patterns in tissue structure and in the cell distribution.
H&E staining is often complemented by immunohistochemistry (ITHC) staining of additional
tissue slices which allows the identification and quantification of cancer and immune-specific
biomarkers [4]. However, IHC staining is a more delicate, time consuming and expensive pro-
cess; and therefore, the number of IHC stains performed on each sample is limited. Further-
more, not all cellular molecular biomarkers can be detected using IHC staining.

Spatial molecular methods have been emerging in recent years as a powerful tool for mea-
suring cellular biomarkers while retaining spatial information and highlighting spatial rela-
tionships [5]. Such approaches quantify the expression of different molecular modalities
together with their spatial locations, providing a rich molecular image of the tissue that may
not always be obtained with traditional staining methods. Data acquired using spatial technol-
ogies varies in terms of the type of modality (RNAs, proteins, metabolites), spatial resolution
(sub-cellular, cellular, a few cells) and the number of measured features (a few targeted fea-
tures, genome/transcriptome-wide measurements) [6]. For instance, Spatial Transcriptomics
measures the RNA expression of all genes across thousands of spots on a tissue slice, each con-
taining around a dozen cells [7]. In a different approach, the cyclic immunofluorescence
(CyCIF) technology creates multiplexed images of targeted protein expression and enables the
detection of cells and cellular expression [8]. Nevertheless, spatial technologies have mainly
been used for exploratory cancer research, while their application for routine care is very lim-
ited due to the specialized equipment and cost required [5].

Computational pathology methods for the analysis of histopathology images have resulted
in significant interest and progress recently [9, 10]. Artificial intelligence models have been
trained to facilitate various tasks that previously required manual labor and expert annotation,
as well as novel tasks that were not manually possible. For example, models have been devel-
oped to predict prognostic and diagnostic labels from sample WSIs such as cancer staging,
grading, classification, sub-typing, survival prediction, treatment response, biomarker detec-
tion, etc. [11, 12]. Another class of models, referred to as virtual staining, are trained to trans-
form one type of stained tissue WSI into a different type of stain of the same tissue, reducing
the need to actually stain multiple tissues [13, 14]. More recent models allow for the transfor-
mation of histopathology images into spatial molecular maps, such as RNA expression mea-
sured using spatial transcriptomics [15-19]. However, training these models is difficult, as
datasets of paired images and spatial molecular data from the same tissue are scarce. Therefore,
these models were evaluated only on slices coming from the same tissue used for training but
were mostly unsuccessful generalizing to new tissue samples [15-17]. A very recent article pro-
posed a virtual staining model to map H&E into virtual CyCIF stains [20], but only evaluated
on slides coming from the same tissue.

Here we propose an artificial intelligence model called H&E Image Interpretation and Pro-
tein Expression Inference (HIPI) to predict multiplexed CyCIF protein expression levels from
whole slide H&E images. We align H&E and CyCIF data taken from adjacent tissue slices of
colorectal cancer in order to train our model and predict multiple cellular markers. To cope
with data scarcity, we base our model on recent advancements in Self-Supervised Learning
(SSL) that train on large amounts of unlabeled data to extract meaningful image representa-
tions [21-23]. We further use an augmentation scheme during training to address staining
intensities and other artifacts specific for H&E images.

We show that HIPI accurately predicts protein expression levels on both held-out colorectal
cancer tissue regions and on new tumor samples taken from different patients not used during
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training. Our method is able to detect the occurrence and co-occurrence of important molecu-
lar markers based only on image morphology from routinely taken H&E WSIs. For instance,
the interaction between PD1 and PDL1 markers predicted by our model can be therapeutically
targeted in colorectal cancer patients and thus is clinically significant [24]. Moreover, our
model enables the generation, or inference, of spatial maps for multiple markers. This infer-
ence of vector valued markers would be too expensive to generate with traditional IHC stains.

2 Materials and methods
2.1 Predicting CyCIF protein expression levels from H&E images

We developed H&E Image Interpretation and Protein Expression Inference (HIPI), a deep
learning model for predicting CyCIF protein expression levels from whole slide H&E images
(Fig 1A and S1 Appendix). HIPI predicts the expression levels of multiple proteins from a sin-
gle H&E image, operating on image tiles. Each tile is fed into a feature extraction Vision Trans-
former model pretrained on many histological images with self supervision [23]. The resulting
feature vector of size d = 384 per tile is used as the input for a four-layer fully connected regres-
sion head that outputs the expression values of various proteins. The protein expression of
each tile is then reordered (de-tiled) to give tissue-wide protein expression maps.

We trained HIPI on a subset of tiles from 22 pairs of CyCIF and H&E Whole Slide Images
(WSIs) taken from adjacent serial slices of an adenocarcinoma patient obtained from the
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Fig 1. H&E Image Interpretation and Protein Expression Inference—overview of the data and method: (A) A schematic overivew of HIPI. An H&E
slide is processed in tiles through a Deep-Learning prediction model generating multiplexed spatial expression level of 16 proteins. (B) An overview of
the data and preprocessing steps. Pairs of H&E and CyCIF images taken from adjacent tissue slices are aligned and processed to generate image tiles
with corresponding expression levels. (C) Alignment of adjacent H&E and CyCIF images using global linear transformation followed by local non-
linear registration. The inset is a zoom-in on a tile to demonstrate the effect of the local refined alignment. (D) Deriving tile level expression from
CyCIF cell data. Cell locations and expression were taken from [25]. The expression is then aggregated at the tile level. The figure illustrates expression
of Ki67 marker on slice 25 (yellow—high expression). (E) Train (* red), validation (** green) and test (*** blue) data splits for sample CRC1 illustrated
on a single slice. (F) Seven additional CRC samples from different patients.

https://doi.org/10.1371/journal.pchi.1012501.9001
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literature (Fig 1B) [25]. This is the sample referred to as CRCO1 in [25] as well as in this work.
We used 16 measurements that were used by [25] as cellular markers: cytokeratin, Ki-67, CD3,
CD20, CD45R0, CD4 CD8a, CD68 CD163, FOXP3, PD1, PDL1, CD31, a-SMA, desmin, and
CD45. The training of HIPI required matching images of H&E with images of the aforemen-
tioned CyCIF protein levels. Direct mapping of cells between adjacent tissue slices is challeng-
ing due to both biological and technical variation. Therefore, we used a two-step registration
process of adjacent CyCIF and H&E image pairs. First we performed a global alignment of the
entire CyCIF image onto the H&E image using an affine transformation. Second, the align-
ment was fine-tuned using non-linear tile level local alignment (Fig 1C and S1 Appendix). The
model was then trained on tile-level protein expression for tiles of size 256 x 256 pixels, each
corresponding to roughly a 128um x 128um tissue tile. The tile level protein expression is cal-
culated by aggregating all corresponding cell calls from the CyCIF data (Fig 1D and S1
Appendix).

We trained the model using 75% of the tiles coming from the same three quadrants of the
22 tissue WSIs while the tiles in the bottom left quadrant of each slide were left out as test data
(Fig 1E). Out of the bottom left quadrant tiles, the right half was used for validation and assess-
ment of the model during training while the left half was left out for assessment of the final
model as test data. With this partition, we make sure that tiles used for training and testing
come from different areas of the tissue, avoiding memorization and eliminating spatial effects
on the results. This is in contrast to previous models that either evaluated on adjacent slices
from the same tissue or randomly split regions of the same tissue into training and test sets
[15-17, 20]. Overall, the training set had 1,351,680 tiles, the validation set had 388,783 tiles and
the test set had 379,142 tiles. During training we used an image augmentation scheme designed
specifically for pathology images to account for artifacts such as image quality and staining
intensity and enable better generalization [26].

3 Results
3.1 HIPI predicts CyCIF from H&E

We trained HIPI to predict CyCIF protein expression from H&E image tiles from CRCO01 and
used the model to predict protein markers on all image tiles (Section 2.1). Overall, we observe
that our model’s predictions are highly correlated to the measured expression with median
Pearson correlation of 0.66, 0.61, 0.64 for the training, validation and test tiles, respectively,
across all slice pairs and proteins (Fig 2 and S1 Fig). Moreover, on most markers we do not see
significant differences in prediction performance between tiles used for training and the tiles
left out for testing. Between the different slice pairs, we see similar levels of prediction correla-
tion for a given protein. For some markers, e.g. Keratin, Ki67 or CD45, the model shows high
concordance with the measurements with median correlations of 0.86, 0.73 and 0.67 respec-
tively between the tiles of the different slice pairs (Fig 2). Furthermore, the model is especially
successful at capturing regions with high marker expression. To show this, we calculated the
top-X% accuracy defined as the overlap percentage between the highest X% of tiles measured
for a certain marker and the highest X% of tiles predicted for the same marker. For instance,
the top-20% accuracy obtained by the model in slice 96 for Keratin, Ki67 and CD45 is 72%,
60% and 65% respectively (Fig 4 and S1 Table).

On the other hand, some markers, such as PD1 or PDL1, are more difficult to correctly
infer from the H&E image although the model’s predictions are still positively correlated to the
measured expression. The median correlation for PD1 is 0.4 with no difference between train
and test sets, while for PDLI we see a slight degradation in correlation between train and test
sets. The measured values of these markers have grid like artifacts as a result of the acquisition
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Fig 2. Selected results on sample CRCO1 slice 96 for five markers: Keratin, Ki67, CD45, PD1, PDLL1. (A) tile level CyCIF expression (z-score). (B)
Prediction of our model for each tile (z-score). (C) Pearson correlation between measured and predicted values of the selected markers. We calculate
the correlations for the train/validations/test tiles of each slice of sample CRCO01 separately (slice 96 is marked with a star). (D) Pearson correlation
between measured and predicted values across all slices and all markers on the test set.

https://doi.org/10.1371/journal.pchi.1012501.g002

cycles and image stitching of the CyCIF protocol [8]. This phenomenon contributes to the
lower correlation between the measured and predicted values. However, we still see that the
model has good performance capturing highly expressed tiles (S4 Fig and S1 Table). The top-
20% accuracy for PD1 and PDLI in slice 96 was 38% and 50% respectively.

3.2 HIPI generalizes to new colorectal samples

Next, we evaluated HIPI on tiles from 7 additional CRC samples that were not used for train-
ing and originated from different patients spanning different histologic and molecular sub-
types (named CRC 2, 3, 12, 13, 14, 15 and 17 in [25], Fig 1F). These samples were selected
based on the physical proximity of their H&E and CyCIF slices. We preprocessed the new sam-
ples similar to the training samples (Section 2.1). This out of distribution test dataset from the
7 new tumors yielded 794k tiles.

We see that HIPI predictions are mostly positively correlated with the marker measure-
ments (Fig 3 and S2 Fig). Naturally, the predictive performance is lower in these out of distri-
bution samples in comparison to the slides of patient CRCO1 (S2 and S3 Figs). The median
correlation between measured and predicted values across all the new slices and all markers is
0.4 in comparison to 0.64 in the test set of CRCO1 (Fig 3D). Similar to the training slides from
CRCO1, we see considerable differences in predictive performance between markers. For
example, the predictions of Ki67 and CD45 are highly correlated with the true CyCIF values
across the new samples achieving levels similar to the test sets of CRC01. HIPI correctly pre-
dicts the top-20% tiles with highest Ki67 expression with 46-77% accuracy, similar to CRCO1
samples (S4 Fig and S1 Table). Whereas for CD45 we observe 38-57% highly expressed tile
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https://doi.org/10.1371/journal.pcbi.1012501.g003

top-20% accuracy, slightly lower than CRCO01 samples. Consistent with our observations on
the training samples, PD1 and PDL1 have lower levels of overall correlations. However, these
levels of correlations are similar to the range of correlations observed for CRCO1 test sets (S3
Fig). In addition, we see that HIPI predicts the highly expressed tiles with 29-44% and 20-50%
accuracy for PD1 and PDLI respectively (S4 Fig and S1 Table).

3.3 HIPI captures cell types and marker co-occurrence

Different cell types express different surface markers depending on the tissue morphology and
other proximal cell types. The response of immune cells in the tumor boundary can have sig-
nificantly influence disease progression and treatment response. Moreover, interactions
between cells expressing certain markers such as PD1 and PDL1 can be therapeutically tar-
geted and thus is clinically significant. It is thus important to determine the co-localization of
different cell types and surface markers. Here, we analyze how tile level protein expression val-
ues capture cell surface marker expression and identify the co-localization of different cell
types. Furthermore, we examine how HIPI predictions on H&E image tiles recapitulate the
measured spatial relationship. We note that while our analysis is at the tile level and not in sin-
gle cell resolution, it is sufficient to observe co-occurrence (e.g. PD1 and PDL1) of marker
expression at the same tile to infer cell interaction.

We binarized the normalized protein expression values to obtain marker calls for each tile.
To that end, we fit a two component Gaussian Mixture Model on the values of each protein
and slide separately, similar to [25]. We see that the tile level marker calls capture the abun-
dance and distribution of cell level CyCIF calls (Fig 4A in comparison to Figures 7abcdk of
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Fig 4. Selected cell marker occurrence in CRC01-96. (A) Occurrence and co-occurrence of CD45, CD4/FOXP3/CD8a, PDL1, PD1/PDL1 and CD68/

PDL1/CD8a/PD1 in measured tile level data. (B) Predicted occurrence by HIPI. (C) Confusion matrices classifying different marker co-occurrence.
Matrices are normalized column-wise by the total number of predictions for each class. Therefore, the inline numbers give the fraction of tiles predicted

by the model to be in a certain class which truly belong to that class.

https://doi.org/10.1371/journal.pchi.1012501.g004

[25]). This shows that the tile level calls can also potentially recover the interaction or co-locali-
zation of different cell types within a tile.

Next, we evaluated the performance of HIPI in calling marker distribution and co-occur-
rence (Fig 4B). We see that HIPI predictions provide smoother marker calls in comparison to
the measured tile level calls. For instance, we do not see the grid-like artifacts observed in the
measurements of some markers such as PDL1. The model tends to be conservative and give
high precision in calling the true marker occurrences, where the precision is defined as the
number of true positive calls divided by the total number of predicted positive calls. That is,
tiles called by the model to be marker positive are likely to be true marker positive (Fig 4C). In
particular, we see that marker co-occurrences are called with high precision. For example, the
precision recovering CD4+/FOXP3+/CD8a+, PD1+/PDL1+ and CD68+/PDL1+/CD8a+/PD1
+ markers is 0.56, 0.61 and 0.48 respectively, even better than the precision recovering the
individual markers. We further observe that the model predictions underscore the immuno-

suppressive interaction between PD1+ and PDL1+. We see that tiles of PD1+:PDL1+ interac-
tions are enriched for CD45+ (3.0 * 10™'® one-sided paired t-test p-value) and depleted for CK
+ (1.1 * 107" one-sided paired t-test p-value) in comparison to non-interacting tiles (S5 Fig).
Moreover, the model highlights these trends even better than the tile level measurements for

individual slices improving the statistical significance.
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Fig 5. Cell markers occurrence in CRC15. See Fig 4 for panel description.
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We further evaluated HIPI on marker prediction and co-occurrence on the external test
CRC samples that were not used for training (Section 3.2). We see that the model is able to pre-
dict CD45 and PDL1 with 0.76 precision, removing unwanted artifacts in the measured data.
Similarly, we are able to predict the PD1+/PDL1+ and CD4+/FOXP3+/CD8a+ interactions
with 0.69 and 0.5 precision respectively (Fig 5). Since cell markers overlap, the model some-
times predicts a partial marker set. For example, out of the tiles HIPI predicted to be CD4
+/FOXP3+, 21% were measured to be CD4+/FOXP3+/CD8a+. In addition, we see that HIPI
captures the decrease of Keratin expression (0.03 one-sided paired t-test p-value) and the
increase in CD45 expression (0.01 one-sided paired t-test p-value) in PD1+:PDLI+ interacting
tiles in the new samples (S5 Fig). In contrast, the measured tile level calls do not show similar
trends which further illustrates the advantage of out model.

3.4 Comparison to baseline models

In addition to HIPI, we also trained two baseline models to evaluate the use of a pathology spe-
cific self supervised pretrained feature extractor. The first baseline model, is a simple model
that uses only the mean image intensities as the image features together with a linear layer as a
prediction head. That is, the baseline model does not use the tissue morphology but only the
color intensities in tiles. The second model uses a ResNet50 feature extractor pretrained on
ImageNetlk [27] and the same MLP architecture as HIPI for prediction (S1 Appendix). We
used the same training tiles from samples of CRC01 and evaluated the performance on the left
out tiles and the tiles of the other CRC samples (Section 2.1).

We observe that our model which uses a pretrained SSL feature extractor, consistently gives
higher correlation to the measured tile protein expression than both baseline model that uses
only color intensities and the baseline model that uses a ResNet50 feature extractor (S1 Fig).
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Each model shows similar correlation metrics between tiles from the training, validation and
test sets of CRCO1. Some markers are relatively easy to identify with relatively high correlation
even with the simple average color model (S1 Fig). For example, the average color baseline
model gives a median correlation of 0.7 on Keratin levels whereas the ResNet50 model gives a
median correlation of 0.74 and the HIPI model gives a median correlation of 0.86. On the
other hand, there are proteins that are relatively difficult to predict based only on an H&E
image tile. For instance, prediction of CD31 expression has median correlations of 0.2 and
0.32 using the baseline models and a 0.45 median correlation using the HIPI model. For some
proteins the HIPI model shows a significant advantage. For example, the baseline models gives
median correlations of of 0.18 and 0.47 predicting CD45 while the HIPI model gives a 0.65
median correlation (S1 Fig). Surprisingly, on some markers, such as Ki67 and PDL1, the sim-
ple model based on average color outperforms the more complex model that uses a ResNet.

To evaluate the ability to generalize to new samples, we evaluate the baseline models perfor-
mance on the tiles of the additional CRC samples [25]. We see that our HIPI model is able to
generalize to new samples correctly predicting tile level expression of several proteins (S2 and
S3 Figs). HIPI gives higher correlations to measured values on all markers and samples than
both baseline models. While some proteins can be predicted on the new samples at similar lev-
els of correlation as the training samples (e.g. Keratin, Desmin Ki67, CD45), other proteins are
more difficult to predict (e.g. CD3, CD20, CD68). Still, we see that our model is able to better
predict tile protein expression than the baseline models. This shows that the image tissue struc-
ture indeed provides valuable information and that using a pathology-designated feature
extractor is important for obtaining meaningful representations for prediction of marker
expression (52 and S3 Figs).

Discussion

We describe HIPI, a method for predicting protein markers measured with CyCIF from H&E
images. We specifically described our results on colorectal cancer samples. We design a pipe-
line for aligning and processing paired CyCIF and H&E images of adjacent tumor slices. We
then train a model, based on a dedicated pre-trained H&E image encoder, for predicting
CyCIF protein expression from small image tiles. We evaluate our model on unseen image
regions from samples used for training as well as new samples never used in training. This is in
contrast to previous methods for generating spatial molecular measurements from H&Es,
which only evaluate on samples or regions coming from the same samples or regions used for
training their models; as a result, much less can be said about such methods’ generalization
abilities. On most measured proteins, our model is able to recover the expression levels on
both internal and external evaluation samples. This shows that tissue morphology captured in
the H&E image provides important information pertaining to the types of cells observed, the
markers they express, and the extent of this expression. Al inference of protein expression
from H&E can be used as a first stage assessment and that actual molecular assay of IHC stain-
ing can follow to obtain high confidence for the suggested findings.

Unlike CyCIF or other technologies, HIPI predicts marker expression at low resolution
image tile level. This lower resolution tile level measurement is an aggregate of all cells in the
frame. As a result, the expression of different cells may cancel one another and may hinder the
ability to observe rare cell types. In addition, with tile level view we lose information that
might be important in order to understand cell-cell interactions. On the other hand, using tile
level measurements allows our method to cope with small misalignments between the adjacent
tissue slices used for training. Moreover, tile level measurements reduce the variation observed
in cell level data or the exact calls of cell positions.
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Our method can be improved and generalized in several ways. First, while we used CyCIF,
there are other spatial technologies that yield molecular measurements at different resolutions
[28]. Although methods have been proposed to generate spatial transcriptomics measurements
from H&E images, they do not generalize to out of distribution samples [17]. Second, although
we used our model to train and infer on colorectal cancer samples, we could train and general-
ize to other cancer types. In fact, the cancer type, as well as other clinical information can be
incorporated into the model to discern inter-sample variability. Third, it might be useful to
improve our spatial resolution to allow single cell resolution instead of tile level resolution.
This requires better cell segmentation from both the H&E and the CyCIF images and calling
the cell level CyCIF protein expressions. Moreover, it requires aligning not only the images but
also the cells between two (slightly) different tissue slices.

Supporting information

S1 Appendix. Supplementary methods and analyses. More details on the method and imple-
mentation, together with additional figures.
(PDF)

S1 Fig. Correlation between measured and predicted tile level expression for 22 samples
from patient CRCO1 [25].
(TIF)

S2 Fig. Correlation between measured and predicted tile level expression for patients CRC
2, 3,12, 13, 14, 15 and 17 with different models. [25].
(TIF)

S3 Fig. Correlation between measured and predicted tile level expression for test tiles of
CRCO01 and patients CRC 2, 3, 12, 13, 14, 15 and 17 with different models. [25].
(TIF)

$4 Fig. HIPI top X% accuracy.
(TIF)

S5 Fig. The proportion of Keratin+ and CD45+ tiles out of PDL1+:PD1+ interacting and
non-interacting tiles.
(TIF)

S§1 Table. Top-20% accuracy.
(PDF)

Author Contributions

Conceptualization: Ron Zeira, Leon Anavy, Zohar Yakhini, Daniel Freedman.
Data curation: Ron Zeira.

Formal analysis: Ron Zeira.

Funding acquisition: Ehud Rivlin, Daniel Freedman.

Investigation: Ron Zeira.

Methodology: Ron Zeira, Leon Anavy, Zohar Yakhini, Daniel Freedman.
Project administration: Ehud Rivlin, Daniel Freedman.

Resources: Daniel Freedman.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012501  September 30, 2024 10/12


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012501.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012501.s002
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012501.s003
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012501.s004
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012501.s005
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012501.s006
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012501.s007
https://doi.org/10.1371/journal.pcbi.1012501

PLOS COMPUTATIONAL BIOLOGY HIPI: Spatially resolved multiplexed protein expression inferred from H&E WSls

Software: Ron Zeira.

Supervision: Ehud Rivlin, Daniel Freedman.

Validation: Ron Zeira.

Visualization: Ron Zeira.

Writing - original draft: Ron Zeira, Leon Anavy, Zohar Yakhini, Daniel Freedman.

Writing - review & editing: Ron Zeira, Leon Anavy, Zohar Yakhini, Daniel Freedman.

References

1. Niazi MKK, Parwani AV, Gurcan MN. Digital pathology and artificial intelligence. The lancet oncology.
2019; 20(5):e253—-e261. https://doi.org/10.1016/S1470-2045(19)30154-8 PMID: 31044723

2. LuMY, ChenTY, Williamson DF, Zhao M, Shady M, Lipkova J, et al. Al-based pathology predicts ori-
gins for cancers of unknown primary. Nature. 2021; 594(7861):106—110. https://doi.org/10.1038/
s41586-021-03512-4 PMID: 33953404

3. Titford M. The long history of hematoxylin. Biotechnic & Histochemistry. 2005; 80(2):73-78. https://doi.
0rg/10.1080/10520290500138372

4. ZahaDC. Significance of immunohistochemistry in breast cancer. World journal of clinical oncology.
2014; 5(3):382. https://doi.org/10.5306/wjco.v5.i3.382 PMID: 25114853

5. Lewis SM, Asselin-Labat ML, Nguyen Q, Berthelet J, Tan X, Wimmer VC, et al. Spatial omics and multi-
plexed imaging to explore cancer biology. Nature methods. 2021; 18(9):997—-1012. https://doi.org/10.
1038/s41592-021-01203-6 PMID: 34341583

6. Palla G, Spitzer H, Klein M, Fischer D, Schaar AC, Kuemmerle LB, et al. Squidpy: a scalable framework
for spatial omics analysis. Nature methods. 2022; 19(2):171-178. https://doi.org/10.1038/s41592-021-
01358-2 PMID: 35102346

7. LarssonL, Frisén J, Lundeberg J. Spatially resolved transcriptomics adds a new dimension to geno-
mics. Nature methods. 2021; 18(1):15—18. https://doi.org/10.1038/s41592-020-01038-7 PMID:
33408402

8. LinJR,lzarB, Wang S, Yapp C, Mei S, Shah PM, et al. Highly multiplexed immunofluorescence imag-
ing of human tissues and tumors using t-CyCIF and conventional optical microscopes. eLife. 2018; 7:
e€31657. https://doi.org/10.7554/eLife.31657 PMID: 29993362

9. Song AH, Jaume G, Williamson DF, Lu MY, Vaidya A, Miller TR, et al. Artificial intelligence for digital
and computational pathology. Nature Reviews Bioengineering. 2023; 1(12):930-949. https://doi.org/10.
1038/s44222-023-00096-8

10. Echle A, Rindtorff NT, Brinker TJ, Luedde T, Pearson AT, Kather JN. Deep learning in cancer pathol-
ogy: a new generation of clinical biomarkers. British journal of cancer. 2021; 124(4):686—-696. https://
doi.org/10.1038/s41416-020-01122-x PMID: 33204028

11. ChenRJ, Lu MY, Wiliamson DF, Chen TY, Lipkova J, Noor Z, et al. Pan-cancer integrative histology-
genomic analysis via multimodal deep learning. Cancer Cell. 2022; 40(8):865—878. https://doi.org/10.
1016/j.ccell.2022.07.004 PMID: 35944502

12. Shamai G, Livne A, Poldnia A, Sabo E, Cretu A, Bar-Sela G, et al. Deep learning-based image analysis
predicts PD-L1 status from H&E-stained histopathology images in breast cancer. Nature Communica-
tions. 2022; 13(1):6753. https://doi.org/10.1038/s41467-022-34275-9 PMID: 36347854

13. BaiB, YangX, LiY, Zhang, Pillar N, Ozcan A. Deep learning-enabled virtual histological staining of
biological samples. Light: Science & Applications. 2023; 12(1). https://doi.org/10.1038/s41377-023-
01104-7 PMID: 36864032

14. McNeil C, Wong PF, Sridhar N, Wang Y, Santori C, Wu CH, et al. An End-to-End Platform for Digital
Pathology Using Hyperspectral Autofluorescence Microscopy and Deep Learning-Based Virtual Histol-
ogy. Modern Pathology. 2024; 37(2). https://doi.org/10.1016/j.modpat.2023.100377 PMID: 37926422

15. He B, Bergenstrahle L, Stenbeck L, Abid A, Andersson A, Borg A, et al. Integrating spatial gene expres-
sion and breast tumour morphology via deep learning. Nature biomedical engineering. 2020; 4(8):827—
834. https://doi.org/10.1038/s41551-020-0578-x PMID: 32572199

16. Monjo T, Koido M, Nagasawa S, Suzuki Y, Kamatani Y. Efficient prediction of a spatial transcriptomics
profile better characterizes breast cancer tissue sections without costly experimentation. Scientific
Reports. 2022; 12(1):4133. https://doi.org/10.1038/s41598-022-07685-4 PMID: 35260632

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012501  September 30, 2024 11/12


https://doi.org/10.1016/S1470-2045(19)30154-8
http://www.ncbi.nlm.nih.gov/pubmed/31044723
https://doi.org/10.1038/s41586-021-03512-4
https://doi.org/10.1038/s41586-021-03512-4
http://www.ncbi.nlm.nih.gov/pubmed/33953404
https://doi.org/10.1080/10520290500138372
https://doi.org/10.1080/10520290500138372
https://doi.org/10.5306/wjco.v5.i3.382
http://www.ncbi.nlm.nih.gov/pubmed/25114853
https://doi.org/10.1038/s41592-021-01203-6
https://doi.org/10.1038/s41592-021-01203-6
http://www.ncbi.nlm.nih.gov/pubmed/34341583
https://doi.org/10.1038/s41592-021-01358-2
https://doi.org/10.1038/s41592-021-01358-2
http://www.ncbi.nlm.nih.gov/pubmed/35102346
https://doi.org/10.1038/s41592-020-01038-7
http://www.ncbi.nlm.nih.gov/pubmed/33408402
https://doi.org/10.7554/eLife.31657
http://www.ncbi.nlm.nih.gov/pubmed/29993362
https://doi.org/10.1038/s44222-023-00096-8
https://doi.org/10.1038/s44222-023-00096-8
https://doi.org/10.1038/s41416-020-01122-x
https://doi.org/10.1038/s41416-020-01122-x
http://www.ncbi.nlm.nih.gov/pubmed/33204028
https://doi.org/10.1016/j.ccell.2022.07.004
https://doi.org/10.1016/j.ccell.2022.07.004
http://www.ncbi.nlm.nih.gov/pubmed/35944502
https://doi.org/10.1038/s41467-022-34275-9
http://www.ncbi.nlm.nih.gov/pubmed/36347854
https://doi.org/10.1038/s41377-023-01104-7
https://doi.org/10.1038/s41377-023-01104-7
http://www.ncbi.nlm.nih.gov/pubmed/36864032
https://doi.org/10.1016/j.modpat.2023.100377
http://www.ncbi.nlm.nih.gov/pubmed/37926422
https://doi.org/10.1038/s41551-020-0578-x
http://www.ncbi.nlm.nih.gov/pubmed/32572199
https://doi.org/10.1038/s41598-022-07685-4
http://www.ncbi.nlm.nih.gov/pubmed/35260632
https://doi.org/10.1371/journal.pcbi.1012501

PLOS COMPUTATIONAL BIOLOGY HIPI: Spatially resolved multiplexed protein expression inferred from H&E WSls

17. Bergenstrahle L, He B, Bergenstrahle J, Abalo X, Mirzazadeh R, Thrane K, et al. Super-resolved spatial
transcriptomics by deep data fusion. Nature biotechnology. 2022; 40(4):476—479. https://doi.org/10.
1038/s41587-021-01075-3 PMID: 34845373

18. Levy-durgenson A, Tekpli X, Kristensen VN, Yakhini Z. Spatial transcriptomics inferred from pathology
whole-slide images links tumor heterogeneity to survival in breast and lung cancer. Scientific Reports.
2020; 10(1):18802. https://doi.org/10.1038/s41598-020-75708-z PMID: 33139755

19. Xie R, PangK, Chung SW, Perciani CT, MacParland SA, Wang B, et al. Spatially Resolved Gene
Expression Prediction from H&E Histology Images via Bi-modal Contrastive Learning; 2023.

20. BurlingameE, Ternes L, Lin JR, Chen YA, Kim EN, Gray JW, et al. 3D multiplexed tissue imaging
reconstruction and optimized region of interest (ROI) selection through deep learning model of channels
embedding. Front Bioinform. 2023; 3:1275402. https://doi.org/10.3389/fbinf.2023.1275402 PMID:
37928169

21. Caron M, Touvron H, Misra |, Jégou H, Mairal J, Bojanowski P, et al. Emerging properties in self-super-
vised vision transformers. In: Proceedings of the IEEE/CVF international conference on computer
vision; 2021. p. 9650-9660.

22. ChenRJ,ChenC,LiY, ChenTY, Trister AD, Krishnan RG, et al. Scaling Vision Transformers to Giga-
pixel Images via Hierarchical Self-Supervised Learning. In: Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR); 2022. p. 16144-16155.

23. KangM, SongH, Park S, Yoo D, Pereira S. Benchmarking Self-Supervised Learning on Diverse Pathol-
ogy Datasets; 20283.

24. AndréT, Cohen R, Salem ME. Immune Checkpoint Blockade Therapy in Patients With Colorectal Can-
cer Harboring Microsatellite Instability/Mismatch Repair Deficiency in 2022. Am Soc Clin Oncol Educ
Book. 2022; 42:1-9. PMID: 35471834

25. LinJR, WangS, Coy S, Chen YA, Yapp C, Tyler M, et al. Multiplexed 3D atlas of state transitions and
immune interaction in colorectal cancer. Cell. 2023; 186(2):363-381. https://doi.org/10.1016/j.cell.
2022.12.028 PMID: 36669472

26. ShenY, LuoY, Shen D, Ke J. RandStainNA: Learning Stain-Agnostic Features from Histology Slides by
Bridging Stain Augmentation and Normalization. In: Lecture Notes in Computer Science. Springer Nature
Switzerland; 2022. p. 212-221. Available from: https://doi.org/10.1007%2F978-3-031-16434-7_21.

27. HeK, Zhang X, Ren S, Sun J. Deep Residual Learning for Image Recognition; 2015.

28. Bressan D, Battistoni G, Hannon GJ. The dawn of spatial omics. Science. 2023; 381(6657):eabq4964.
https://doi.org/10.1126/science.abq4964 PMID: 37535749

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012501  September 30, 2024 12/12


https://doi.org/10.1038/s41587-021-01075-3
https://doi.org/10.1038/s41587-021-01075-3
http://www.ncbi.nlm.nih.gov/pubmed/34845373
https://doi.org/10.1038/s41598-020-75708-z
http://www.ncbi.nlm.nih.gov/pubmed/33139755
https://doi.org/10.3389/fbinf.2023.1275402
http://www.ncbi.nlm.nih.gov/pubmed/37928169
http://www.ncbi.nlm.nih.gov/pubmed/35471834
https://doi.org/10.1016/j.cell.2022.12.028
https://doi.org/10.1016/j.cell.2022.12.028
http://www.ncbi.nlm.nih.gov/pubmed/36669472
https://doi.org/10.1007%2F978-3-031-16434-7_21
https://doi.org/10.1126/science.abq4964
http://www.ncbi.nlm.nih.gov/pubmed/37535749
https://doi.org/10.1371/journal.pcbi.1012501

