Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

A Deep Learning Framework for Predicting Platinum
Drug Sensitivity in Breast Cancer from
Histopathological Images: Towards Precision
Oncology

Qian Wang
University of Science and Technology of China

Hanlin Wang
University of Science and Technology of China

Ye Feng
University of Science and Technology of China

Cui Zhang
University of Science and Technology of China

Tianzhi Luo

tzluoBustc.edu, cn

University of Science and Technology of China

Chunguang Miao
Binzhou Medical University

Article

Keywords: Breast cancer, deep learning, platinum drugs, drug sensitivity, predictive model
Posted Date: March 3rd, 2026

DOI: https://doi.org/10.21203/rs.3.rs-8468729/v1

License: © ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.

Page 1/22


https://doi.org/10.21203/rs.3.rs-8468729/v1
https://doi.org/10.21203/rs.3.rs-8468729/v1
https://doi.org/10.21203/rs.3.rs-8468729/v1
https://creativecommons.org/licenses/by/4.0/

Abstract

Breast cancer (BC) poses a significant global health challenge due to its high mortality and incidence
rates. Although the use of platinum-based drugs in adjuvant chemotherapy has somewhat improved the
complete response rate (pCR), the five-year survival rate for metastatic BC remains below 30%.
Heterogeneous tumor microenvironments and patient variability lead to divergent drug sensitivities,
underscoring the need for predictive tools to optimize treatment. Current organoid-based sensitivity
assays face limitations in stability and timeliness, undermining clinical utility. This study analyzed tumor
tissues from 63 breast cancer patients through dual approaches: organoid culture for platinum-drug
sensitivity grading and histopathological imaging for feature extraction. Texture and nuclear
characteristics from primary tumors were quantified using gray-level co-occurrence matrix (GLCM) and
OpenCV algorithms. These features were integrated with deep learning models to establish a predictive
framework for platinum-drug responsiveness directly from histopathological images. The developed
system bypasses time-consuming organoid culture, enabling rapid sensitivity prediction to guide
personalized chemotherapy. By correlating morphological patterns with drug response outcomes, this
method enhances clinical decision-making for precision oncology, potentially improving survival through
early treatment stratification. The approach addresses critical gaps in traditional methods by combining
computational pathology with artificial intelligence, offering a scalable solution for real-world BC
management.

1. INTRODUCTION

Breast cancer (BC) is one of the most common malignant tumors affecting women globally’, accounting
for approximately 31% of all tumors affecting women. This proportion is projected to increase to 40% by
2040, surpassing lung cancer as the most common malignant tumor globally. In China, BC accounts for
15.59% of all female cancer cases and 7.94% of cancer-related deaths among women. It significantly
diminishes patients' quality of life and imposes substantial economic burdens on families and
healthcare systems?. Currently, surgical removal of tumor tissue remains the primary treatment for BC,
often combined with radiotherapy to reduce the risk of local recurrence®. Additionally, chemotherapy
plays a crucial role as an adjunct therapy, with considerable advancements in its clinical application in
recent years™.

Platinum-based drugs have garnered significant attention due to their high efficacy in tumors with DNA
repair deficiencies. Studies have shown that these drugs can significantly improve the pathologic
complete response (pCR) ° in patients with BC. In a clinical trial involving 102 patients with BRCA1
mutations and triple-negative BC, the pCR rate in the cisplatin monotherapy group reached 83%,
surpassing rates achieved with other traditional treatment regimens such as CMF (cyclophosphamide-
methotrexate-fluorouracil), AT (doxorubicin-docetaxel), AC (doxorubicin-cyclophosphamide), and FAC
(fluorouracil-doxorubicin-
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cyclophosphamide)®. Platinum-based therapies also improve disease-free survival (DFS) and overall
survival (0S) in early-stage BC patients receiving neoadjuvant or adjuvant chemotherapy’ Furthermore,
the combination of carboplatin and the PARP (poly ADP-ribose polymerase) inhibitor veliparib has been
shown to significantly enhance pCR rates in BC. These findings highlight the potential of platinum-based
chemotherapeutics as promising options for adjuvant BC treatment.

Despite the demonstrated efficacy of platinum-based drugs in the neoadjuvant treatment of BC, their
sensitivity remains a challenge. Drugs like cisplatin and carboplatin exert their antitumor activity
primarily by damaging the molecular structure of tumor cell DNA 8and activate apoptotic pathways by
inducing reactive oxygen species®. However, the complex heterogeneity of BC leads to substantial
variability in patient responses to these drugs. Some patients exhibit innate resistance to platinum-based
therapies, while others develop resistance during chemotherapy. The mechanisms underlying platinum

drug resistance in BC are multifaceted. These include reduced intracellular accumulation of the drugs

due to altered transport mechanisms’'®, increased detoxification through elevated intracellular

scavengers such as glutathione, enhanced DNA repair capabilities, and disruptions in apoptotic signaling
pathways that enable cancer cells to evade cell death'12, These resistance mechanisms, combined
with delays in early BC diagnosis and suboptimal outcomes of postoperative chemotherapy, have limited
improvements in survival rates over recent decades. In the era of precision medicine, individualized
preclinical research platforms have become essential. Organoids, in particular, are proving to be valuable
tools for precision medicine and drug sensitivity screening’3'4. Organoids can maintain homology with
primary tumors over extended periods, providing advantages in high-throughput screening of drug

sensitivity'°. However, organoid-based models face several limitations, including lengthy culture times,

16,17

low success rates'®'/, and challenges in replicating critical components of the tumor microenvironment,

such as stromal cells, blood vessels, and immune system interactions'®. These limitations hinder the
development of effective platinum drug sensitivity screening methods before clinical treatment.

Histopathology has long been considered the gold standard for the clinical diagnosis and prognosis of
tumors. By combining hematoxylin and eosin (H&E) staining with immunohistochemical (IHC) analysis
of molecular markers, clinicians can achieve more precise companion diagnostics and targeted
therapies for tumors'®2%. The rapid development of digital pathology has further enabled the extraction
of clinically relevant information embedded in tumor slides through machine learning and artificial

intelligence methods, leveraging advancements in deep learning for image analysis?'. Whole slide

22,23

imaging (WSI) has been widely applied in tumor computational diagnosis“~<°, cancer type

classification?42>26 differentiation of high and low mutation tumors?’, gene mutation

28.29.30 34

, patient survival prediction®'32, DNA methylation pattern detection33, mitosis®4,
)36

identification

quantification of tumor immune infiltration®°, tumor-infiltrating lymphocytes (TIL)¢, and spatial immune
cell infiltration. Training deep learning models on the pathological features of BC using WSI offers the
potential to predict patient sensitivity to platinum-based drugs. Such approaches could improve the
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precision and effectiveness of platinum drug therapies, offering a faster alternative to the lengthy
organoid culture process—a field with limited prior exploration.

In this study, we combined deep learning algorithms-assisted pathological analysis and organoid-based
platinum drug sensitivity tests to improve the reliability and efficacy of precision medicine. We utilized
the HD-YOLO algorithm to identify tumor tissue regions in H&E-stained pathological images of BC tissue
samples. Additionally, gray-level co-occurrence matrix (GLCM) and OpenCV algorithms were used to
extract features such as tissue texture and nuclear morphology. These tissue features were then
correlated with organoid-based platinum drug sensitivity to establish a prediction platform. This platform
leverages pathological slides and deep learning techniques, paving the way for more efficient and
precise predictions of platinum drug sensitivity in patients with BC.

2. RESULTS AND DISCUSSION
2.1. Construction of a Biobank of BC Organoids

This study successfully established a biobank of living BC organoids by extracting primary tumors from
89 patients with BC, following hospital ethical approval. The tumor samples were divided into two
portions: one for organoid construction and the other for histopathological analysis using H&E and IHC
staining. Primary tumor cells were isolated from the 89 BC tissues using primary tissue dissociation
solution, mixed with matrix gel, and subsequently cultured as organoids (Fig. 1A). Among the samples,
63 BC organoids exhibited successful growth, achieving a success rate of 70.8%. To determine the
consistency of the pathological characteristics of the constructed BC organoids with clinical samples,
H&E staining was conducted on the 63 BC organoids and their corresponding primary tumor tissues. The
analysis revealed that the BC organoids displayed irregular cystic structures and glandular
morphologies, closely mirroring the tissue morphology of the original clinical samples (Fig. 2B).

The cell proliferation antigen Ki67, a marker present exclusively in proliferating cells and absent in
quiescent phases of the cell cycle®’, is widely regarded as a reliable indicator of BC proliferation
activity®8. The tumor suppressor gene P63, primarily expressed in the myoepithelial cells surrounding the
acini and ducts of benign breast lesions, exhibits reduced or absent expression in BC tissues, making it a
biomarker for assessing breast tissue health3?. E-cadherin (E-ca), a calcium-dependent transmembrane
glycoprotein, is critical for epithelial cell polarization and differentiation. Dysregulation of E-ca function
contributes significantly to BC metastasis and is associated with poorer prognosis and reduced overall
survival*C. This study used IHC to detect the expression of Ki67, P63, and E-ca proteins in 63 BC
organoids and their corresponding primary tumor tissues. Notably, P63 and E-ca were downregulated to
some extent, whereas Ki67 was upregulated in BC tissues (Fig. 1C). Quantitative analysis of these
markers using ImagedJ software showed no significant differences in the expression levels of the three
proteins between primary tumor tissues and organoids (p < 0.05) (Fig. 1D). To determine whether breast
cancer organoids can recapitulate the genomic characteristics of their originating primary tumors, we
performed whole-exome sequencing (WES) analysis on both the tumors and their derived organoids. By
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comparing the WES results of the organoids with their parental tumors, we filtered out variations and
excluded polymorphisms. As expected, the organoids exhibited mutation profiles highly consistent with
their parental tumors. We analyzed known breast cancer-related mutations, including missense
mutations, splice site mutations, frameshift mutations, somatic base substitutions, and copy number
variations (CNVs). Most somatic mutations present in the parental tumor tissues were retained in the
corresponding breast cancer organoids.The most common breast cancer mutation identified was the
PIK3CA missense mutation, which was detected in 2 out of 6 breast cancer organoid lines. Additionally,
TP53, a frequently mutated gene in tumors, exhibited missense mutations, nonsense mutations, and
frameshift deletions (Frame_Shift_Del) in 3 out of 6 breast cancer organoid lines (Fig. 1E). Regarding
somatic base substitution patterns, the most prevalent type of mutation in both breast cancer tumor
samples and organoids was C > T/T > C transition mutations (Ti), while the least common type was T > G
transversion mutations (Tv) (Fig. 1F).Furthermore, we conducted CNV analyses between the breast
cancer organoid lines and their corresponding tumors. The results revealed similar patterns of DNA
gains and losses between the UTUC organoid lines and their parental tumors (Fig. 1G). These findings
demonstrate that the BC organoids effectively recapitulated and retained the histological and genetic
characteristics of their original tumor tissues.

2.2. Classification of Platinum-Based Drug Sensitivity in BC
Organoids

To explore the response of clinical organoid samples to different platinum-based drugs, this study tested
the drug sensitivity of BC organoids to carboplatin and cisplatin in 57 and 39 cases, respectively. The
cultured organoids were seeded into 96-well plates and incubated for 24 hours, followed by treatment
with 7 different concentration gradients of cisplatin or carboplatin for each patient-derived organoid.
After drug treatment and continued culture for 72 hours, cell viability was assessed for each treatment
group, and quantitative analysis was performed using dose-response curves and area under the curve
(AUC) (Fig. 2A). Specifically, two different passages of organoid lines were treated with carboplatin and
cisplatin at varying concentrations to evaluate their responses. The AUC values for early-passage and
late-passage organoids from the same organoid line demonstrated a high degree of consistency, with an
R2 of 0.9033 for carboplatin (Figure STA) and 0.928 for cisplatin (Figure S1B). The results revealed
substantial variability in drug sensitivity among organoids derived from different patients with BC.
Significant differences were observed in the response to carboplatin (Fig. 2B, 2D) and cisplatin (Fig. 2C,
2E). Dose-response curves and AUC analysis highlighted that while some organoids were resistant to
carboplatin, they exhibited partial sensitivity or full sensitivity to cisplatin (Figures S1C). Based on the
drug dose-response curves and AUC quantification results, this study further categorized the BC
organoids according to their sensitivity to carboplatin, resulting in a resistant group of 19 cases, an
intermediate group of 19 cases, and a sensitive group of 19 cases (Fig. 2F). Similarly, the BC organoids
were categorized based on their sensitivity to cisplatin, with a resistant group of 13 cases, an
intermediate group of 13 cases, and a sensitive group of 13 cases (Fig. 2G). Notably, organoids from the
same patient displayed differing sensitivities to carboplatin and cisplatin (Figure S1C), underscoring the
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heterogeneity in drug responses. These categorized groups formed the basis for constructing a
predictive model of platinum drug sensitivity using BC organoids.

2.3. Tumor Heterogeneity and Its Pathological
Characteristics

The tumor stroma, immune cells, nutrients in the microenvironment, DNA damage, and epigenome,
among other intrinsic factors, together constitute the heterogeneity of tumors (Fig. 3A-H). These
molecular characteristics provide key information regarding tumor origin, progression, drug sensitivity,
and expected prognosis*'. Single-cell genomics (such as single-cell RNA sequencing), metabolomics,
and proteomics technologies allow for the genetic barcoding of individual cells within tissues, enabling
the dissection of the heterogeneity of each single cell in the tumor microenvironment*2. Additionally,
GLCM texture analysis plays a significant role in the diagnosis and classification of BC. At a smaller
scale, it can extract microscopic texture features of tumor cells, such as the texture of the nuclei and the
spatial relationships between cells*3. At a larger scale, it can extract macroscopic texture features of
tumor tissues, such as the edges, shapes, and internal structures of tumors. These multi-scale texture
features can reflect the structural and characteristic differences at various levels of tumor tissues,
providing more comprehensive tumor information*4, which helps to more accurately predict the
sensitivity of BC to platinum-based therapeutic agents.

The area and perimeter of BC cell nuclei are closely related to drug sensitivity**(Fig. 31). Studies indicate
that approximately 40% of patients with larger nuclear areas exhibit resistance to certain chemotherapy
drugs*® The perimeter of the nucleus, which reflects the complexity of its shape, is another critical
factor. Nuclei with longer perimeters are often linked to increased tumor aggressiveness, which can
negatively impact drug sensitivity. Notably, about 35% of patients with longer nuclear perimeters show
poor responses to targeted therapy*®. Roundness measures the extent to which a nucleus approximates
a circular shape, while eccentricity quantifies how elongated or flattened the nucleus is. The aspect ratio
provides further details about the nucleus's shape by comparing its length to its width. The nuclear-
cytoplasmic ratio reflects the proportional relationship between the nucleus and the surrounding
cytoplasm. These nuclear characteristics are strongly linked to drug sensitivity. Tumor cells with lower
roundness, higher eccentricity, larger aspect ratios, and elevated nuclear-cytoplasmic ratios often exhibit
reduced sensitivity to endocrine therapy drugs*’. Classifying BC based on nuclear characteristics can
provide a basis for predicting drug sensitivity.

2.4. Tumor cell region recognition and feature extraction
based on deep learning for pathological tissue sections

The effectiveness of cancer chemotherapy often suffers due to inappropriate drug selection, with
conventional "randomized" or "standardized" approaches failing to account for the diverse phenotypes
and genetic backgrounds of tumors. This variability leads to differing tumor sensitivities and tolerances
to chemotherapy drugs, rendering these traditional methods suboptimal for many patients. Most cancer
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cases are not suitable for this "uniform" or "standardized" chemotherapy. Therefore, developing a
clinically practical drug selection system is as crucial as discovering new drugs. Introducing
mathematical and computational systems to analyze tumor characteristics and optimize drug selection
can significantly improve treatment outcomes®®. For example, using gene expression features and drug
sensitivity data from the Cancer Cell Line Encyclopedia (CCLE) to construct a predictor based on Support
Vector Machine (SVM) and recursive feature selection tools can effectively predict drug sensitivity in

tumor patients®°.

This study employs the YOLO-V5 algorithm, a lightweight convolutional neural network (CNN) model, to
design and implement a deep learning-based approach for identifying tumor regions in BC pathological
tissue images and predicting sensitivity to platinum-based drugs. The YOLO-V5 model comprises four
key components: input, backbone, neck, and head (Fig. 4A). This model offers a fast detection speed,
high accuracy, and flexibility. The input module preprocesses pathological images before analysis, while
the backbone network extracts detailed image features using the BottleNeckCSP structure, integrating
CSPNet architecture, convolutional layers, and residual modules. The neck module fuses multi-scale
features using the Spatial Pyramid Pooling (SPP) structure, and the head module produces the final
detection results, including tumor classifications and object locations.

First, the pathological images of BC tissues were divided into three groups: training set (60%), test set
(30%), and validation set (10%). Expert pathologists manually annotated the images in the training and
test sets, marking tumor regions in red and non-tumor regions in green. These annotations were used to
train and optimize the recognition model, with the best-performing version saved for evaluation on the
validation set. The test results were subsequently verified by professional pathologists to ensure
accuracy (Fig. 4B). Based on the identified tumor regions, pathological feature information (including
texture features, contrast, roughness, heterogeneity, homogeneity, and entropy) and nuclear
morphological features (including nuclear perimeter, area, roundness, and eccentricity) were extracted
using GLCM and OpenCV (Fig. 4C). Statistical revealed a negative correlation between the nuclear area
of tumor cells in the carboplatin group and drug sensitivity (Fig. 4D, S2A). This may be attributed to the
heightened proliferative activity of tumor cells with larger nuclear areas, which reduces drug sensitivity.
Conversely, the texture feature of pathological tissue, specifically contrast, showed a positive correlation
with drug sensitivity. This suggests that the contrast feature captures changes in tumor cells and their
microenvironment, emphasizing the critical role of the tumor microenvironment in determining tumor
prognosis. For the cisplatin group, a negative correlation was observed between cell roundness and
organoid drug sensitivity (Fig. 4E, S2B). Increased irregularity in cell shapes may reflect altered gene
expression patterns and signaling pathways, which impact drug efficacy. Conversely, the aspect ratio
was positively correlated with organoid drug sensitivity, implying that highly proliferative cells may
deploy intracellular mechanisms to resist cytotoxic effects, leading to poorer outcomes. The texture
feature angular second moment (ASM) was found to reflect tissue roughness, with higher roughness
observed in cisplatin-resistant pathological tissues compared to sensitive tissues. This increased
roughness is likely due to enhanced cellular heterogeneity, which adversely affects treatment outcomes.
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In summary, the model constructed in this study demonstrates a strong correlation between pathological
texture features, nuclear morphological characteristics, and drug sensitivity in BC organoids. These
findings provide a theoretical foundation for developing a predictive platform for drug sensitivity in
clinical settings.

2.5. Drug response prediction model based on drug
sensitivity of BC organoids

Based on the histopathological images of 63 clinical samples from patients with BC and the
corresponding drug sensitivity of organoids through deep learning, this study further constructed a
model to directly predict sensitivity to platinum-based drugs (Fig. 5A). The model's performance was
evaluated by comparing the predicted sensitivity of each tissue to platinum-based drugs with the actual
sensitivity in the test dataset samples. The drug sensitivity data was divided into three parts: training set
(60%), test set (30%), and validation set (10%). Predicted outcomes of 0, 0.5, and 1 corresponded to
sensitive, intermediate, and resistant drug sensitivity groups, respectively (Fig. 5B). To further improve
the model's predictive accuracy, various optimization methods were employed. Specifically, the
multilayer perceptron algorithm, widely used in deep learning, was selected, along with the Adam
optimizer. The Adam optimizer combines the advantages of adaptive learning rates and momentum,
allowing for automatic adjustment of the learning rate during training, accelerating the model's
convergence speed while avoiding local optima. The ReLU function was used as the model's activation
function, achieving advantages such as simple computation and fast convergence, effectively avoiding
the gradient vanishing problem. To prevent overfitting, early stopping was applied, halting training when
no further improvements in model performance were observed. These optimization techniques
collectively enhanced the model's capability to predict drug sensitivity in patients with BC.

The test results demonstrated that using texture features alone provided moderate predictive accuracy
for drug sensitivity in BC organoids. The area under the receiver operating characteristic (ROC) curve
(AUC) reached 0.86 for carboplatin (Figs. 5C) and 0.64 for cisplatin (Figs. 5E), indicating that the
predictive accuracy using texture features alone was relatively limited. Similarly, nuclear features alone
offered valuable predictive information, yielding AUC values above 0.6 for both carboplatin and cisplatin.
However, relying solely on nuclear features also proved inadequate in capturing the comprehensive
tumor characteristics (Figs. 5C and 5E). Texture features representing the macroscopic structure and
heterogeneity of tumors, and nuclear features reflecting the microscopic properties of tumor cells, were
integrated into the model. This combination resulted in a notable improvement in the prediction of
cisplatin sensitivity, although it caused a slight reduction in predictive accuracy for carboplatin. Further
refinement of the model involved selecting features most relevant to drug sensitivity groupings. This
approach significantly improved predictions for both drugs, achieving the highest AUC values: 0.95 for
carboplatin (Figs. 5D) and 0.93 for cisplatin (Figs. 5F). These findings underscore the complementarity
of texture and nuclear features in predicting drug sensitivity.

3. MATERIALS AND METHODS
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3.1. Main Experimental Materials

Carboplatin and cisplatin were purchased from MCE (New Jersey, USA). The CellTiter-Glo cell viability
assay kit was purchased from Promega (Wisconsin, USA). DMEM/F-12 basal medium was purchased
from Thermo (Massachusetts, USA). Tissue lysis buffer, red blood cell lysis buffer, matrix gel, and
organoid culture medium were provided by Luohua Biotechnology (Hefei, China). Ki67 monoclonal
antibody, P63 monoclonal antibody, E-cadherin monoclonal antibody, and HRP-conjugated rabbit and
mouse secondary antibodies were purchased from Dako (Copenhagen, Denmark).

3.2. Human Tissue Specimens

This study was reviewed and approved by the Ethics Committees of the First Affiliated Hospital of
University of Science and Technology of China and the First People’s Hospital of Bengbu. All participants
provided informed consent and voluntarily participated in the study by signing informed consent forms,
ensuring compliance with ethical standards and safeguarding participants' rights. Human BC samples
were obtained from the hospital and confirmed by two independent pathologists using H&E staining and
IHC staining. Each tumor specimen was divided into two portions: one for histopathological analysis and
the other for organoid culture processing.

3.3. Isolation and Culture of Tumor Organoids

BC tissue was washed with DMEM/F12 under sterile conditions, and all dead cells and non-epithelial
tissues (such as muscle, fat, or capillaries) were removed as much as possible using sterile tweezers.
The tissue was cut into pieces approximately the size of a rice grain in a culture dish and transferred to a
15 mL centrifuge tube. The tissue fragments were resuspended in pre-warmed primary tissue
dissociation solution and digested in a temperature-controlled mixer at 37°C and 200 rpm for 15-20
minutes. To terminate the digestion process, 200 pL of fetal bovine serum was gently mixed into the
tissue suspension. The suspension was then filtered through a 70 um cell strainer, and the filtrate was
collected. The filtrate was centrifuged at 300 g for 3 minutes, after which the supernatant was discarded,
retaining the pellet. The pellet was treated with Red Blood Cell Lysis Solution to remove red blood cells,
followed by three washes with DMEM/F12 medium. One milliliter of organoid culture medium was added
to the pellet for resuspension, and the cell count was performed. A total of 2 x 105 primary BC cells were
mixed with matrix gel at a volume ratio of 1:4. The mixture was evenly seeded in a 24-well plate, creating
3—-4 matrix gel beads per well, with each bead containing 10 pL. The plate was inverted and incubated at
37°C for 40 minutes to allow the matrix gel to solidify. After solidification, 400 pL of organoid culture
medium was added to each well, and the cultures were maintained in a 37°C, 5% CO, incubator.

3.4. H&E and IHC Staining of Tissues and Organoids

Tumor tissues or organoids embedded in 5 mm paraffin were processed for H&E and IHC staining. All
sections underwent deparaffinization and rehydration. For H&E staining, sections were stained with
hematoxylin and eosin. For IHC, sections were subjected to antigen retrieval using sodium EDTA and
blocked with 20% goat serum for 30 minutes to reduce background. The primary antibody was applied
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and incubated overnight at 4°C. After washing, sections were incubated with an HRP-conjugated
secondary antibody for 30 minutes, followed by color development using 3,3'-diaminobenzidine (DAB),
which produced a brown stain at antigen-antibody interaction sites. Images were captured using a
microscope and camera. For quantification, five randomly selected areas from each section were
photographed at 20x magnification. An experienced pathologist evaluated the positive staining scores or
densities of stained cells.

3.5. Drug Screening and Cell Viability Assay

Organoids were resuspended in matrix gel and seeded as suspensions in a 96-well plate, with each well
containing 5 pL of matrix gel and approximately 500 cells. After one day of cell culture, the medium was
replaced with fresh medium containing varying concentrations of carboplatin or cisplatin. The organoids
were then cultured for an additional three days. Following drug treatment, cell viability was assessed
using the CellTiter-Glo cell viability assay kit. The dose-response curve was generated using GraphPad
Prism 9.0 and fitted with a three-parameter logistic regression model, employing a variable slope and
constraints set at 100% and 0% viability. The AUC was calculated from the raw experimental data and
normalized by dividing the AUC by the total maximum area under the curve, corresponding to 0%-100%
survival within the tested drug concentration range.

3.6. Drug Sensitivity Prediction Model

Organoids derived from 63 clinical BC tissues were categorized into three groups based on drug
sensitivity test results: resistant group (top 33% AUC), sensitive group (bottom 33% AUC), and
intermediate group (middle 34% AUC). These groups were used as the training dataset. The pathological
tissue differential features between sensitive and non-sensitive groups (including resistant and
intermediate groups) were used as input to construct the drug sensitivity prediction model. A multilayer
perceptron (MLP) algorithm was used as a classifier, and model testing was conducted to select the
best predictive feature set for optimal predictive performance. Finally, the predictive performance of the
model was visualized through the receiver operating characteristic (ROC) curve. All procedures were
executed using default parameters.

3.7. Quantification and Statistical Analysis

All summarized data are presented as mean + standard deviation, or as representative images derived
from at least three independent experiments. Statistical analyses were performed in R (v 4.0.2), Python
(v 3.9.7), and GraphPad Prism (version 9.0). The sample size (n) values used for statistical analysis are
indicated in the relevant figures and supplementary figures. Individual data points are represented
graphically or can be found in the source data. Differences between two groups were tested using
Student's two-tailed unpaired t-test or one-way ANOVA. When using t-tests, we assumed that the
variances between different groups were normally distributed and homogeneously distributed. The
significance level for all tests was set at p < 0.05.

4. CONCLUSION
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This study successfully constructed an advanced model to predict the sensitivity of BC to platinum-
based chemotherapy, aiming to provide a scientific basis for personalized treatment by directly
predicting patients' sensitivity to platinum-based chemotherapy using clinical histopathological images
of clinical BC samples. Initially, We established BC organoids from the clinical tissues of 61 patients with
BC and categorized them into sensitive, intermediate, and resistant groups based on their sensitivity to
carboplatin and cisplatin. Texture features (using GLCM) and nuclear features (using OpenCV algorithm)
were obtained from histopathological images of the different groups. These features were integrated
with deep learning algorithms to analyze the correlation between pathological characteristics and
sensitivity to platinum drugs. The resulting model demonstrated the ability to predict drug sensitivity
based on clinical histopathological images of BC samples (Fig. 6), providing strong support and
guidance for personalized treatment of BC.

Next, we conducted an in-depth analysis of the complex relationship between texture features in
histopathological images and tumors, as well as the close association between nuclear features and BC.
GLCM texture features were shown to effectively capture tumor heterogeneity, serving as potential
biomarkers for BC classification and prognostic prediction. These findings underline their potential
clinical significance. Similarly, nuclear features extracted with the OpenCV algorithm were demonstrated
to be closely linked to BC prognosis and had a significant impact on the drug sensitivity of BC organoids.
The study emphasized meticulous data collection and processing to ensure the quality and diversity of
the histopathological images used. Mature algorithms were utilized to extract both GLCM texture
features and nuclear features, which were then seamlessly integrated into the predictive model. The
deep learning framework adopted for this study combined Convolutional Neural Networks (CNN) and
Multi-Layer Perceptrons (MLP), leveraging optimization algorithms and various strategies to enhance the
model's performance and generalizability. In the experimental and result analysis, a control group was
established, and suitable experimental indicators and evaluation methods were selected to rigorously
assess the model. Comparative analyses were conducted to evaluate the impact of different features on
prediction results and benchmark the framework against existing methods. These analyses confirmed
the effectiveness and superiority of the proposed deep learning framework, which integrates texture and
nuclear features, in predicting BC patients' sensitivity to platinum-based drugs, highlighting the
significant potential of this approach for clinical applications.

In conclusion, the deep learning framework constructed in this study provides new ideas and methods
for the personalized treatment of BC, demonstrating significant clinical application potential. However,
this study also has some limitations, such as a relatively small sample size and lack of multi-center
validation. Future research could further expand the sample size and conduct multi-center validation to
improve the reliability and generalizability of the model. Additionally, we can explore more feature
extraction methods and deep learning algorithms to continuously optimize the model, providing more
accurate and efficient predictive tools for the treatment of BC and advancing personalized medicine.
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Figure 1

Construction of the BC organoid sample library. (A) Organoid construction process. (B) H&E staining of
tumor tissue and organoids. (C) IHC staining of tumor tissue and organoids. (D) The protein expression
levels of the three cellular markers E-cadherin, Ki-67, and P63 in tissue and organoid samples are
presented. Scale bar: 50 micrometers. (E) Recurrent mutations identified in the parental tumor and
corresponding organoid lines by WES. Displayed are the top 20 mutated genes observed in the data. (F)

Page 17/22



Percentage of the six types of SNVs, averaged across all samples. Proportions of exonic variants across
the samples. The six types of SNVs are represented. (G) Concordance of mutations detected in the
parental tumor and corresponding organoid line.
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Figure 2

Responses of breast cancer organoids to chemotherapy drugs in vitro. (A) Experimental design for the
sensitivity testing of clinical chemotherapy drugs on breast cancer organoids. (B) and (C) Summary of
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the drug sensitivity responses of 63 breast cancer organoids to carboplatin and cisplatin, presented in
the form of dose-response curves, with AUC calculated from the original dose-response data and
displayed using violin plots. (D) and (E) These panels analyze the impact of different concentration
gradient chemotherapy drugs on organoid viability based on organoid survival status, with red squares
representing organoid death. Scale bar: 100 micrometers. (F) and (G) Classification of breast cancer
organoids into three groups based on drug sensitivity test results: sensitive group, intermediate group,
and resistant group, (F) carboplatin, (G) cisplatin.
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Figure 3

Tumor heterogeneity. (A) Stroma. (B) Immune cells. (C) Nutrients in the microenvironment. (D) Intrinsic
factors such as DNA damage and epigenome acting together. (E) and (F) Heterogeneity of primary
tumors. (G) Tumor metastasis. (H) Heterogeneity of primary tumors and inter-tumor heterogeneity
across populations due to metastasis. (I) Differences in pathological characteristics between tumor cells
and non-tumor cells. Scale bar: 100 micrometers.
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Figure 4

Prediction of sensitivity to platinum-based drugs in breast cancer based on organizational morphology.
(A) Schematic diagram of the YOLO-v5 model structure. (B) Deep learning-based tumor region
identification framework. (C) Overview of the MLP model prediction process. (D) Correlation between
nuclear area and texture features of BC tissue and sensitivity to carboplatin. (E) Correlation between
nuclear area and texture features of BC tissue and sensitivity to cisplatin.
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Figure 5

Drug sensitivity prediction model for breast cancer organoids. (A) Tumor region feature extraction
framework. (B) MLP model. (C) and (D) ROC curve of the MLP model based on carboplatin drug
sensitivity. (E) and (F) ROC curve of the MLP model based on cisplatin drug sensitivity.
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Prediction model for the sensitivity of BC patients to platinum-based drug treatment.
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