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Abstract—Hematoxylin and Eosin (H&E) staining remains a
standard of histopathological diagnostics due to its efficiency,
affordability, and ubiquity. However, its lack of molecular speci-
ficity often necessitates complementary immunohistochemistry
(IHC) to detect protein-level biomarkers critical for diagnosis
and treatment planning. In scenarios where IHC is impractical,
due to cost, limited tissue, or logistical constraints, computa-
tional alternatives may provide viable solutions. In this study,
we investigate the feasibility of predicting CAF-1/p60 protein
expression directly from H&E-stained slides using deep learning.
Leveraging a curated dataset of oral squamous cell carcinoma
samples with nucleus-level annotations, we classify nuclei into
three categories: (i) Tumor-CAF-1/p60-positive, (ii) Tumor-CAF-
1/p60-negative, and (iii) stromal. Our results demonstrate that
Convolutional Neural Networks (CNNs) can learn morphological
cues indicative of protein expression, achieving promising classi-
fication performance at the single-cell level. This approach may
enable more accessible molecular profiling from routine H&E
slides, reducing dependency on specialized staining procedures
in resource-constrained or time-sensitive settings.

Index Terms—Classification, Caf-1/p6, Hematoxylin and Eosin,
Computational pathology, Molecular marker inference, Nuclei
classification

I. INTRODUCTION

Hematoxylin and Eosin (H&E) staining remains the
histopathological gold standard for visualizing tissue archi-
tecture and cellular morphology [1]. Previous studies have
demonstrated the effectiveness of deep learning and feature
representation techniques for histopathology image analysis,
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particularly in the context of content-based image retrieval
(CBIR) and stain normalization strategies [2], [3]. Moreover,
graph-based models have been successfully employed to en-
hance semantic retrieval and representation across biomedical
datasets [4], motivating the integration of both local mor-
phology and global context in single-cell analysis. However,
it lacks molecular specificity, making immunohistochemistry
(IHC) indispensable for biomarker detection that is yet expen-
sive, time-consuming, and often impractical in low-resource
clinical settings [5], [6].

Recently, deep learning (DL) methods have shown that
routine H&E whole-slide images (WSIs) can predict molecular
biomarkers, such as protein expression, gene mutations, and
molecular subtypes [7]-[9]. For instance, pan-cancer weakly
supervised models trained on over 12,000 WSIs achieved AUC
up to 0.83 for PD-L1 expression prediction [10]. Moreover,
hist2RNA demonstrated strong correlation for gene-expression
prediction in breast cancer from H&E [9]. Contrastive and
cross-modality learning frameworks (e.g., HECLIP [11] and
Cross-Modality Learning [12]) further improved imputation
of transcriptomic profiles. Despite these successes, single-cell
resolution inference from H&E remains largely unexplored.

A promising target is CAF-1/p60, a chromatin assembly
factor subunit associated with aggressive oral squamous cell
carcinoma (OSCC) and poor patient prognosis [13]. Prior
studies using registered H&E-IHC images and segmentation
(e.g., StarDist) reported effective nucleus-level detection of
CAF-1/p60 [10], [14], but these approaches still rely on IHC
at inference.

We suppose that DL models can classify CAF-1/p60 positiv-
ity at the nuclear level using only H&E, bypassing IHC during



inference. To test this, we curated a nucleus-level dataset
of paired H&E-ITHC OSCC slides annotated for CAF-1/p60
positivity. Leveraging advanced segmentation tools (CellViT,
StarDist, InstantSeg, NuLite, HoVer-UNet) [15]-[20], our
pipeline focuses solely on classification based on morpholog-
ical features.

Our work makes three key contributions. First, we
assembled a nucleus-level dataset consisting of paired
H&E and THC images, meticulously annotated to identify
CAF-1/p60—positive nuclei. Second, we developed a deep-
learning classification pipeline that predicts protein expression
solely from morphological features captured in H&E-stained
images. Finally, we provide a quantitative evaluation of our
approach, demonstrating that deep-learning models can accu-
rately detect CAF-1/p60 positivity at the single-cell level.

Our framework achieves three significant advancements in
computational pathology. First, it operates at nucleus-level
granularity, enabling inference with a precision unattainable
by patch- or slide-level models, an important step forward
in single-cell histological analysis. Second, it benefits from
strong supervision, relying on IHC-derived ground truth to
train and validate predictions of molecular expression, thereby
enhancing both accuracy and trustworthiness. Finally, the
approach ensures clinical feasibility, as it is entirely compatible
with routine H&E-only workflows and requires no additional
staining during deployment, making it suitable for integration
into existing diagnostic pipelines.

The remainder of this paper is organized as follows. Section
IT describes dataset creation and model architecture. Section
IIT presents experimental results. Section IV discusses clinical
relevance and limitations. Section V concludes and explores
future work.

II. RELATED WORK

Deep learning (DL) has made significant strides in pre-
dicting molecular biomarkers from routine H&E whole-slide
images (WSIs), typically operating at the patch or slide level.
A notable example is Cheng et al.’s pan-cancer approach,
which used weakly supervised, teacher—student multiple-
instance learning on a dataset of 12,299 WSIs. It reached
an excellentr results for PD-L1 expression prediction across
20 tumor types, validating the broad potential of H&E-based
biomarker modeling [10], [21]. In a different domain, the
hist2RNA model demonstrated strong correlation between
predicted gene-expression values and ground-truth RNA-seq
data from breast cancer WSIs, revealing the feasibility of
inferring transcriptomic information from H&E morphology
[9], [14]. Moreover, recent advances in contrastive and cross-
modality learning, such as HECLIP and related frameworks,
have improved the accuracy of transcriptome imputation from
H&E images, outperforming earlier methods [11], [12].

Despite these advances, these approaches focus on low-
resolution input and output (i.e., patches or entire slides),
which limits their granularity and hinders the ability to
derive insights at the level of individual cells. In parallel,

the field of nuclei segmentation has rapidly evolved, intro-
ducing several high-performance models, such as CellViT,
StarDist, InstantSeg, and NuLite, that enable precise, cell-
level delineation in H&E images [15]-[19]. However, these
tools primarily facilitate morphological analyses rather than
biomarker inference.

A small but growing number of studies has begun to bridge
this gap, especially by leveraging paired H&E-IHC slides.
For example, Varricchio et al. and Crispino et al. employed
StarDist-based pipelines on oral squamous cell carcinoma
(OSCC) samples to detect CAF-1/p60—positive nuclei, high-
lighting the potential of morphological cues in H&E when
supervised by IHC labels [10], [14]. Although promising, these
approaches still require IHC to generate labels for inference,
which restricts their applicability in real-world clinical set-
tings.

In contrast, our work targets single-cell resolution inference
of CAF-1/p60 expression from H&E images alone at inference
time, without relying on IHC. By curating a high-quality,
nucleus-level dataset annotated via IHC and combining it with
state-of-the-art segmentation and classification pipelines, we
propose a fully H&E-based method that achieves single-cell
molecular inference in OSCC, a novel and clinically feasible
contribution to computational pathology.

III. METHODS

We assembled our dataset using nine whole-slide images
(WSIs) and a tissue microarray (TMA) comprising 55 oral
squamous cell carcinoma (OSCC) cores archived by the
Pathology Unit at the University of Naples “Federico IL”
following procedures published in [10], [14]. All WSI and
TMA samples underwent standard Hematoxylin and Eosin
(H&E) staining and were digitized at 40x magnification
(0.25m /pixel) with a Leica Aperio AT2 scanner.

To label CAF-1/p60 expression, H&E-stained slides were
destained, rehydrated, and re-stained with an anti-CAF-1/p60
antibody using a Ventana Benchmark Ultra system. These
IHC slides were scanned under identical imaging conditions.
Positivity was determined based on DAB chromogen intensity.

We then registered H&E and IHC images to align cor-
responding tissue regions. Within each aligned tile, nuclei
were detected using optical density thresholding on the DAB
channel. Two pixel-level masks were produced per tile: one
delineating all nuclei and another classifying nuclei into three
categories, CAF-1/p60—positive, CAF-1/p60-negative tumor
cells, and stromal cells. Expert pathologists identified regions
of interest (ROIs) from which we extracted individual nu-
clei, resulting in a dataset of 46,251 samples: 3,186 CAF-
1/p60—positive, 12,312 CAF-1/p60—negative, and 30,753 stro-
mal nuclei (see Figure 1 for a representative sample).

To perform classification, we fine-tuned two CNN back-
bones, ResNet and EfficientNet, pre-trained on ImageNet.
These architectures were selected based on their demonstrated
effectiveness in capturing local morphological patterns rele-
vant to histopathology [22], [23]. Model input consisted of
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Fig. 1. Example nuclei patches extracted from H&E-THC—paired tiles in OSCC.

128x128 pixel nuclei patches, normalized using standard H&E
color deconvolution techniques.

Given the pronounced class imbalance, particularly for
the CAF-1/p60—positive class, we implemented a weighted
random sampler during training. The sampling weight assigned
to each nucleus ¢ follows:

Ntrain
A (S ey =) + (1= ) N

where Ny, is the total number of training samples,
> jec, 1 counts samples in class ¢;, and A € [0, 1] controls
oversarﬁpling intensity. Setting A = 1 results in full class-
balance sampling, while A = 0 produces uniform sampling.

During training, we used a batch size of 64 and Adam opti-
mizer with an initial learning rate of le-4, decayed by a factor
of 0.1 every 10 epochs. Early stopping on a balanced validation
loss prevented overfitting. We evaluated performance using
per-class accuracy, precision, recall, and macro-averaged F1
and AUC scores.

In addition to sampling, we also experimented with focal
loss [24], and data augmentation techniques including random
rotations, flips, and color jitter. We chose the configuration that
achieved the highest macro-F1 across five-fold cross-validation
for final comparison.

This methodology ensures robust nucleus-level classifica-
tion, handling data imbalance carefully to preserve minority
signal detection while avoiding bias and overfitting.
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IV. EXPERIMENTAL RESULTS

We evaluated our classification models by computing
macro-averaged and per-class Precision, Recall, and F1-score,
and we additionally assessed the Area Under the ROC Curve
(AUC) specifically for the CAF-1/p60—positive class to better
characterize its detection capabilities. Training was performed

with the Adam optimizer (initial learning rate 1 x 10~3, weight
decay 1 x 10™%), using an exponential learning rate scheduler
(v = 0.9), and employing a weighted random sampler with
A = 0.8 (see Equation 1).

Table I summarizes the performance achieved by five archi-
tectures: ResNetl18, ResNet34, ResNet50, EfficientNet-V2-S,
and EfficientNet-V2-M. All architectures reached similar
macro Fl-scores, around 0.70-0.71, demonstrating overall
robustness across the dataset. However, substantial variabil-
ity emerged when examining the CAF-1/p60—positive class,
which remains the rarest and most challenging to detect.

EfficientNet-V2-S and ResNet50 achieved the highest pre-
cision (0.62) for CAF-1/p60 positivity, indicating strong speci-
ficity. However, their recall scores (0.53 and 0.51, respectively)
remained modest, resulting in mid-0.50s F1-scores, a pattern
suggesting a conservative threshold favoring precision over
sensitivity. In contrast, EfficientNet-V2-M prioritized recall
(0.61) over precision (0.53), offering a different balance and
achieving a similarly moderate F1 (0.57). These results un-
derscore the difficulty of detecting rare biomarkers based on
subtle morphological patterns and highlight how architectural
choices can influence the precision—recall trade-off.

In comparison, the stromal class demonstrated outstanding
performance across all tested models, consistently achieving
Fl-scores of 0.87-0.88. This likely reflects the clear and
abundant morphological cues available in stromal nuclei. The
CAF-1/p60-negative class exhibited stable yet moderate per-
formance (F1 0.65-0.67), likely due to its heterogeneity and
partial overlap with both positive and stromal nuclei.

As shown in Figure 2, all models achieve comparable
macro-level performance (F'1 ~ (.70), but exhibit a marked
drop when specifically evaluated on CAF-1/p60-positive nu-
clei, underscoring the difficulty of this rare-class predic-
tion. Figure 3 further elucidates this trade-off: architectures
like EfficientNet-V2-S cluster towards higher precision, while



EfficientNet-V2-M shifts towards higher recall—highlighting
the importance of selecting the appropriate backbone depend-
ing on whether minimizing false positives or false negatives
is prioritized, a commonly observed phenomenon in other
histopathology studies.

We also evaluated discrimination power using AUC:
EfficientNet-V2-S and V2-M achieved AUCs of 0.74 and 0.75,
respectively. These results indicate acceptable classification
performance considering the low prevalence and challenging
visual similarity of the target class. The use of EfficientNet
architectures aligns with recent findings that they combine
high discriminative ability with computational efficiency in
histopathology tasks.

Overall, our results provide critical insights into nucleus-
level classification performance. First, CNN architectures,
particularly EfficientNet-V2 variants—demonstrate adaptable
trade-offs between precision and recall depending on the
specific task requirements. Second, accurately identifying rare
biomarkers such as CAF-1/p60 at the single-cell level remains
challenging, primarily due to class imbalance and overlap-
ping morphological features. Third, the consistently strong
performance observed across CAF-1/p60-negative and stromal
nuclei attests to the robustness of our segmentation and patch-
extraction pipeline.
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Fig. 2. Comparison of Macro-F1 and CAF-1/p60+ F1 scores across different
CNN architectures.

V. CONCLUSION

This study demonstrates the feasibility of -classifying
CAF-1/p60-positive nuclei using only H&E-stained images,
thereby eliminating reliance on immunohistochemistry (IHC)
in specific diagnostic scenarios. Leveraging our custom-built
nucleus-level dataset and a suite of convolutional neural
networks (CNNs), we show that molecular markers can be
inferred from purely morphological cues with encouraging
performance metrics.

Our experimental results suggest that computational pathol-
ogy workflows can be simplified, reducing dependency on
costly and time-consuming THC protocols, without compro-
mising diagnostic accuracy for key molecular markers. This
has important implications for high-throughput clinical set-
tings and low-resource environments.

Looking ahead, we plan to pursue several enhancements
aimed at increasing both model performance and clinical
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Fig. 3. Precision vs. Recall for CAF-1/p60+ nuclei classification, highlighting
the trade-off for each model.

applicability. First, we will investigate graph neural networks
(GNNs) to capture spatial and contextual relationships among
nuclei, which may improve classification of ambiguous mor-
phology. Second, we intend to develop an end-to-end deep
learning framework that integrates nuclei instance segmenta-
tion with joint CAF-1/p60 classification to streamline the infer-
ence pipeline and reduce cumulative error. Finally, expanding
the dataset with additional WSIs and diverse OSCC cases
will strengthen generalizability and robustness. Together, these
efforts aim to advance towards scalable, H&E-only diagnostic
tools capable of reliable molecular inference, supporting more
accessible, cost-effective, and automated pathology workflows.
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