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SUMMARY
Hormone receptor-positive (HR+)/humanepidermal growth factor receptor 2-negative (HER2�) breast cancer
is the most common type of breast cancer, with continuous recurrence remaining an important clinical issue.
Current relapse predictivemodels in HR+/HER2� breast cancer patients still have limitations. The integration
of multidimensional data represents a promising alternative for predicting relapse. In this study, we leverage
our multi-omics cohort comprising 579 HR+/HER2� breast cancer patients (200 patients with complete data
across 7 modalities) and develop a machine-learning-based model, namely CIMPTGV, which integrates clin-
ical information, immunohistochemistry, metabolomics, pathomics, transcriptomics, genomics, and copy
number variations to predict recurrence risk of HR+/HER2�breast cancer. Thismodel achieves concordance
indices (C-indices) of 0.871 and 0.869 in the train and test sets, respectively. The risk population predicted by
the CIMPTGV model encompasses those identified by single-modality models. Feature analysis reveals that
synergistic and complementary effects exist in different modalities. Simultaneously, we develop a simplified
model with amean area under the curve (AUC) of 0.840, presenting a useful approach for clinical applications.
INTRODUCTION

Breast cancer has now emerged as one of the most prevalent

cancer among women.1 Hormone receptor-positive (HR+)/hu-

man epidermal growth factor receptor 2-negative (HER2�)

breast cancer constitutes thepredominant subtype, encompass-

ing 65%–70% of breast cancers.2 As a pivotal clinical concern,

the recurrence ofHR+/HER2�breast cancer is a continuous pro-

cess, characterized by an annual distant recurrence rate held

at 1%. Up to 20% of HR+/HER2� breast cancer patients experi-

enced recurrent metastases3 due to endocrine-resistant mecha-

nisms.4–6 Even after a period of 5–10 years of standard endocrine

therapy, recurrence persists steadily.7,8 Consequently, there

arises an imperative need to predict the risk of recurrence in

HR+/HER2� breast cancer patients.

Advancements in biomarker discovery, multi-omics technol-

ogy, and optimization of prognostic prediction models enable

the prediction of treatment resistance and recurrence risk.9–12

Gene expression profiling, such as the Oncotype DX assay

and MammaPrint, provides strategies to stratify patients into

low-risk and high-risk groups and helps identify thosewhomight

benefit from chemotherapy in early-stage ER+ breast cancer

patients.13,14 However, these predictive signatures exhibit limi-

tations in certain scenarios, evidenced by their modest perfor-

mance in predicting recurrence in node-positive breast cancer,
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with concordance indices (C-indices) ranging from 0.56 to

0.63.15 This limitation is attributed, in part, to the predominant

reliance on clinicopathological or transcriptomic data, which

fail to comprehensively capture the intricacies of cancer.

With advancements in sequencing technology and decreasing

costs, the multi-omics data, encompassing genome, transcrip-

tome, proteome, metabolome, and epigenome, have become

increasingly available. Moreover, the emergence of artificial in-

telligence (AI) technology has facilitated the integration of data

from various modalities. In recent years, multimodal machine

learning has been employed for treatment efficacy prediction,

postoperative stratification, and prognostic assessment,16–19

demonstrating its considerable practical utility. The integration

of multiple modalities provides a comprehensive understanding

of tumor characteristics in all directions, and machine learning

approaches can transform these data into advanced prognostic

models.20 However, the integration of diverse omics types re-

mains challenging due to issues related to data collection, cohort

establishment, and integration methodologies.21 Its application

in breast cancer remains underexplored.

In this study, leveraging our multi-omics HR+/HER2� breast

cancer cohort, we constructed a machine learning framework

and generated amultimodalmodel namedCIMPTGV. Thismodel

integrates clinical information, immunohistochemistry (IHC)

data, transcriptomics, metabolomics, genomics, copy-number
ary 18, 2025 ª 2024 The Author(s). Published by Elsevier Inc. 1
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Table 1. Clinical characteristic of patients in the cohort

Overall (N = 547)

Age (year)

Mean (SD) 52.7 (11.0)

Median [Min, Max] 52.0 [24.0, 90.0]

BMI (kg/m2)

Mean (SD) 23.6 (3.23)

Median [Min, Max] 23.4 [14.3, 47.7]

Menopause

No 243 (44.4%)

Yes 304 (55.6%)

pT

pT1 233 (42.6%)

pT2 305 (55.8%)

pT3 9 (1.6%)

pN

pN0 226 (41.3%)

pN1 173 (31.6%)

pN2 86 (15.7%)

pN3 62 (11.3%)

AJCC stage

I 139 (25.4%)

II 258 (47.2%)

III 150 (27.4%)

Vessel invasion

No 247 (45.2%)

Yes 300 (54.8%)

RFS

Not occurred 397 (72.6%)

Occurred 150 (27.4%)

OS

Not occurred 472 (86.3%)

Occurred 75 (13.7%)

DMFS

Not occurred 412 (74.9%)

Occurred 135 (25.1%)

Follow-up duration (month)

Median [Q1, Q3] 79.1 [72.1, 93.1]

Abbreviations: BMI, body mass index; pT, pathologic tumor stage; pN,

pathologic nodal stage; AJCC, American Joint Committee on Cancer;

RFS, relapse-free survival; OS, overall survival; DMFS, distant metas-

tasis-free survival.
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variations (CNVs), and pathomics. The CIMPTGV model demon-

strated great efficacy in predicting recurrence risk, withC-indices

of 0.871 in the train set and 0.869 in the test set. Notably, the ho-

mologous recombination deficiency (HRD) score exhibited a sig-

nificant positive correlation with the CIMPTGV risk score. Subse-

quent analysis revealed synergistic and complementary effects

between different modalities, contributing to the high C-index

of the CIMPTGV model. To promote clinical application, we

also developed a simplified version of the CIMPTGV model.

This simplified model outperforms common modality combina-
2 Cell Reports Medicine 6, 101924, February 18, 2025
tions in the clinical settings and holds promise for improving the

prediction of HR+/HER2� breast cancer recurrence, facilitating

the identification of high-risk patients and enhancing their prog-

nosis through personalized treatment strategies.

RESULTS

Cohort development and machine learning framework
construction
Ourstudy included579patientsdiagnosedwithHR+ (estrogen re-

ceptor-positive [ER+] or progesterone receptor-positive [PR+])

and HER2� unilateral invasive breast carcinoma between 2009

and 2016. Patients with distant metastasis or those who had

received pre-treatment at the time of diagnosis were excluded

(Figure S1). Among the participants, 547 patients had complete

clinical and follow-up information, with a median follow-up dura-

tion of 79.1 months (interquartile range [IQR]: 72.1–93.1 months).

During the follow-up period, 75 patients died of the disease, 150

experienced recurrence, and 135 experienced distant metastasis

(Table 1).

The cohort consists of multimodal data including clinical infor-

mation (N = 547), IHC data (N = 510), transcriptomics data (N =

565), metabolomic data (N = 380), genomic data (N = 467),

CNV data (N = 429), and pathomic data (N = 418) (Figure 1A).

To fully utilize the multimodal data, we implemented a ma-

chine learning framework to integrate features into a predictive

model. The framework consisted of four parts (Figure 1B). First,

we established the train set and test set. To maximize the utility

of our multi-omics data and improve predictive efficacy, we per-

formed stratified sampling in each model cohort, using recur-

rence status as the stratification factor to divide the train set

and test set in a 4:1 ratio. Subsequently, feature extraction

was conducted in each modality within the model. The third

part is removing features with correlations higher than 0.9 and

selecting the top 15 features with the highest univariate Cox

hazard analysis score to obtain the filtered feature set. The final

step involved model training and testing. The filtered feature set

was input into five models, including Cox’s proportional haz-

ard’s model, survival support vector machine, random survival

forest model, DeepSurv non-linear model, and gradient boost-

ing survival model. Hyperparameters were optimized using a

randomized 1,000-step 5-fold cross-validation search to maxi-

mize the average cross-validation C-index, and the model with

the highest average cross-validation C-index was selected as

the final model. The final model was tested on the aforemen-

tioned hold-out test set to evaluate its performance.

Multimodal integration improves the prediction efficacy
and benefits risk stratification
Through themachine learning framework, we developedmodels

with varying numbers of modality dimensions, ranging from a

single modality to complete 7 modalities. In both the train and

test sets, the models’ C-index progressively increased with

the number of modality dimensions increased, demonstrating

statistically significant improvements (Figures 2A and 2B).

Notably, in the train set, the CIMPTGV model, which integrated

all seven modalities, achieved the highest C-index of 0.871.

Similarly, in the test set, the CIMPTGV model also achieved a
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Figure 1. Cohort development andmachine

learning framework construction

(A) Upset plot illustrated the inclusive intersection

sizes for different combinations of modalities. The

vertical bars in the upper plot represented the

number of patients in each modality combination,

indicated by the black circles in the plot located

below. The modalities included clinical informa-

tion (N = 547), immunohistochemistry data (N =

510), transcriptomics data (N = 565), metab-

olomics data (N = 380), genomics data (N = 467),

copy-number variation data (N = 429), and

pathomics data (N = 418). The set sizes vary from

200 to 565.

(B) The machine learning flowchart consists of

steps including data partitioning, feature extrac-

tion, dimension reduction, model training, and in-

dependent validation. The train and test sets var-

ied according to the specific combinations of

modalities used.

Abbreviations: IHC, immunohistochemistry; CNV,

copy-number variation; CV, cross-validation.
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high C-index of 0.869, outperforming all other models assessed.

Furthermore, the CIMPTGV model exhibited superior predictive

efficacy compared to traditional modality combinations, such as

CIT (clinical information, immunohistochemistry information,

and transcriptomics), CT (clinical information and transcriptom-

ics), and CI (clinical information and immunohistochemistry in-

formation) models, which have been applied in HR+/HER2�
breast cancer.22–24

By applying the CIMPTGV model, we generated recurrence

risk prediction scores for both the train and test sets. By setting

the upper quartile of the predicted risk score of the train set as

the cutoff value, we stratified patients into high-risk and low-

risk groups. It was noticed that the CIMPTGV model effectively

distinguished relapse-free survival (RFS), overall survival (OS),

and distant metastasis-free survival (DMFS), in both the train

and test sets (Figure 2C).

To further validate the stability of the CIMPTGV model,

we randomly divided the populationwith the full modality into train

and test sets 100 times. We then retrained and retested the

CIMPTGV model, recording the average cross-validation

C-indices of the train set and the C-indices of the test set. The re-

sults showed that the C-indices for both the train and test sets

mostly ranged from 0.8 to 0.9, with differences less than 0.05 (Fig-

ure S2A). This indicates that the current training method is stable

and that the CIMPTGVmodel is not a result of randomness. Addi-

tionally, by iterating through the model’s hyperparameters, we

observed that increasing the number of estimators initially

improved both training and testing performance, reaching an

optimal point. However, further increases in the number of estima-

tors resulted in overfitting. The number of estimators we selected

through cross-validation hyperparameter tuning was 10, which is
Cell Reports M
actually the optimal point, indicating that

there was no overfitting in the current hy-

perparameter setting (Figure S2B).

Furthermore, we compared the

CIMPTGVmodel with commercial assays
such asOncotypeDX andMammaPrint.We selected an overlap-

ping patient cohort from the CIMPTGV cohort and the patients

applicable to Oncotype DX (or MammaPrint). For the Oncotype

DX, we used RNA expression of genes as a substitute for

node-negative patients or postmenopausal patients with lymph

node metastasis (n = 133). For the MammaPrint score,

we included clinically high-risk elderly patients (n = 94) and input

the 70 genes into Cox’s proportional hazards model, using its

predicted risk score as theMammaPrint substitute score. The re-

sults revealed that the CIMPTGV model outperformed both the

MammaPrint Cox score (C-index: CIMPTGV 0.812, 95% confi-

dence interval: 0.758–0.866 vs. MammaPrint Cox score 0.688,

95% confidence intervals: 0.659–0.716) and the Oncotype RNA

score (C-index: CIMPTGV 0.866, 95% confidence intervals:

0.830–0.900 vs. Oncotype RNA score 0.568, 95% confidence in-

tervals: 0.477–0.627) (Figure S2C). Additionally, the CIMPTGV

model significantly distinguished patients in the high-risk group

for recurrence or death. This model adeptly identified 74.2%

(23/31) of the patients who experienced recurrence and pre-

dicted an 85.8% (145/169) probability of the low-risk group re-

maining relapse-free during the follow-up period, emphasizing

its robust predictive capability (Figure S2D and Table S1).

To further compare the predictive efficacy of the CIMPTGV

model with other single-modality models, we evaluated the per-

formance of each model using univariate Cox regression (Fig-

ure 2D).We found that the CIMPTGVmodel exhibited the highest

and most statistically significant hazard ratio score. Multivariate

Cox regression analysis further revealed the independent pre-

dictive efficacy of the CIMPTGV model (Figure S2E). Subgroup

analysis indicated that the CIMPTGV model effectively distin-

guished high-risk recurrence populations across different stages
edicine 6, 101924, February 18, 2025 3
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Figure 2. Multimodal integration improves

the prediction efficacy and benefits risk

stratification

(A and B) The C-indices of models combining

different modalities were presented for both the

train set (A, left) and the test set (B, left). Different

model types with different numbers of modalities

were distinguished by color. Comparisons of

C-indices between models with different numbers

ofmodalities (right) were shown. The interior boxes

represented the 25th, 50th, and 75th percentiles.

The bars indicated the C-indices of each model,

and the lower and upper points of the error bars in

the test set represented the 95% confidence in-

tervals, derived from 1,000-fold bootstrapping.

Dots indicated individual C-index, and the colors

differentiated between model types (*p < 0.05;

**p < 0.01; ***p < 0.001, p values were obtained

from a Mann-Whitney U-test).

(C) Kaplan-Meier survival analyses were con-

ducted to compare RFS, OS, and DMFS between

the high-risk and low-risk groups stratified by the

CIMPTGV model in both the train and test sets.

The p value was obtained from the log rank test.

(D) Hazard ratio with 95% confidence intervals for

each model in the test set calculated by using a

univariate Cox regression analysis.

Abbreviations: IHC, immunohistochemistry; CNV,

copy-number variation;Patho,pathomics;C-index,

concordance index; RFS, relapse-free survival; OS,

overall survival; DMFS, distant metastasis-free

survival.
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and different clinical or IHC characteristics in breast cancer pa-

tients (Figure S2F). These findings highlight the robust capability

of the CIMPTGV model to predict survival prognosis, demon-

strating its capability to independently predict RFS beyond clin-

ical variables.

Orthogonal data exist in multiple modalities, thus
improving predictive efficacy
Modalities with orthogonal information enhance predictive effi-

cacy, whereasmodalities withmutual information do not achieve

the same improvement.20 To evaluate thepredictive associations

of different dimensions within the CIMPTGV model, we trained

single-modality models on the train set of the CIMPTGV model

using features from individual dimensions and evaluated these

single-modalitymodels using the test set of theCIMPTGVmodel.

We analyzed the correlation of predictive scores from each sin-

gle-modality model (Figure 3A). Our analysis revealed a low cor-

relation in predictive scores between single-modality models,

with most modalities showing the absolute values of Pearson

correlation coefficients no more than 0.3. By setting the median

predicted risk score of the train set as the cutoff value for both

the train and test sets, significant disparities were observed in

the predicted risk populations among different single-modality

models (Figure 3B), highlighting the existence of orthogonal infor-
4 Cell Reports Medicine 6, 101924, February 18, 2025
mation between different modalities. Be-

sides, correlation analysis between fea-

tures from different modalities (n = 7)
within the CIMPTGV model revealed weak associations. The

average feature expression analysis also confirmed the low in-

ter-modality correlation, indicating the orthogonality between

modalities (Figure S3). This finding emphasizes that a singular

dimension is insufficient to comprehensively illustrate the biolog-

ical characteristics of patients, contributing to the suboptimal

predictive efficacy of single-modality models. In contrast, multi-

modality models effectively predict patient prognosis by inte-

grating data from different modalities. The integrated orthogonal

data augment information beyond any other single-modal-

ity data.

A heatmap of predictive scores further validated our findings,

demonstrating that the CIMPTGV risk population encompassed

the high-risk population identified by other single-modality

models, with the CIMPTGV risk population exhibiting a higher

recurrence ratio in the test set (Figure 3C). For the extremely

low-risk population identified by the CIMPTGV model, almost

all other single-modality dimensions also indicated low risk.

Additionally, as the number of single-modality dimensions with

higher predicted risk scores increases, the predicted risk score

in the CIMPTGV model also increases, indicating that the

CIMPTGV model effectively leverages the orthogonal informa-

tion from other single-modality dimensions to enhance its pre-

dictive performance.
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Figure 3. Orthogonal data exist in multiple

modalities, thus improving predictive effi-

cacy

(A) Pearson correlation coefficients of the predic-

tion scores of each single-modality model in the

test set.

(B) A Venn diagram comparing the high-risk pa-

tients identified by each single-modality model in

the test set. For each single-modality model, in-

dividual predictive scores were generated, and

patients with predictive scores above the cutoff

score were selected as risk populations. The

number of common risk populations between

different models was indicated in the figure.

(C) Heatmap showing the scaled predicted risk

score from the CIMPTGV model and other single-

modality models in the test set, with RFS status

annotated above.

Abbreviations: IHC, immunohistochemistry; CNV,

copy-number variation; RFS, relapse-free survival.
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Manifestation of features of each modality in the
CIMPTGV model
To comprehensively illustrate the characteristics of the high-risk

and low-risk groups, we delineated the features incorporated in

the CIMPTGV model (Figure 4A). As annotated, the high-risk

group predicted by the CIMPTGV model in the whole cohort,

including both the train and test sets, encompassed nearly all

patients with recurrence. Consistently, patients in the high-risk

group exhibited higher tumor stages, lymph node stages, and

Ki-67 proliferation indices (Figure 4B). Among other dimensions,

metabolomics and transcriptomics data exhibited the most

notable distinctions between the high-risk and low-risk groups.

Several nucleic acid metabolites, including pseudouridine, N4-

Acetylcytidine, and 50-methylthioadenosine, were significantly

enriched in the high-risk group (Figure S4A). Conversely, some

lipids, such as eicosadienoic acid, resolvin D1, and linoleic

acid, were downregulated in the high-risk group (Figure S4B).

Similarly, in the transcriptomic dimension, multiple pathways

were differentially expressed. The Myc proto-oncogene (MYC)

target pathway was highly expressed in the high-risk group,

while the fatty acid metabolism pathway exhibited reduced

expression in the high-risk group (Figure 4B).

Pathologically, the high-risk group exhibited a higher propor-

tion of tumor cells (Figure 4B). Pathological topological features

showed elevated levels of tumor cell betweenness in the high-

risk group, indicating shorter spatial distances between tumor

cells (Figure S4C). This reflects a greater degree of tumor cell

clustering in the high-risk group, which is associated with a

higher recurrence rate. We also assessed the importance score

of each modality by removing each modality data and using the

reduced C-index as the importance score. The results indicated
Cell Reports M
that metabolomics data and clinical infor-

mation are relatively critical among all

modalities, while digital pathology data

and genomic features have a compara-

tively smaller impact (Figure S4D). Over-

all, these findings suggested a robust as-
sociation betweenmetabolic alterations and tumor recurrence in

HR+/HER2� breast cancer patients.

Feature and modality correlation analysis further
supports the existence of complementary information
To identify features significantly positively correlated with the

CIMPTGV predicted risk score, we conducted a correlation anal-

ysis between feature values and CIMPTGV predicted risk scores

(Figure S5A). We found a significant positive correlation between

the HRD score and the CIMPTGV predicted risk score, with the

high-risk population exhibiting an elevated HRD score (Figure 5A).

HRD can lead to genomic instability, ultimately promoting tumor

progression.25 Notably, we observed a substantial correlation be-

tween HRD and features from different dimensions. The HRD

score was significantly positively correlated with the amplification

of chromosome 11q13.3 (Figure 5B). Fibroblast growth factor 3

(FGF3), fibroblast growth factor 4 (FGF4), and cortactin (CTTN),

located in this focal amplificationpeakandknown tobeassociated

with malignant biological behaviors in cancer,26–31 were markedly

amplified in the high-HRD-score group (Figure 5C) and high-risk

group (Figure S5B), showing cis-effects at the mRNA level (Fig-

ure 5D). At the pathological level, patients with a high HRD score

exhibited a higher degree of tumor cell contact and a greater num-

ber of tumorcells (Figure5E), asevidencedbypathological images

(Figure S5C). In our previous research, we quantified the morpho-

logical intratumor heterogeneity (MITH) by computing the mean

value of the standard deviation of morphological and texture fea-

tures among tumor nuclei for each sample.32 A comparison of

MITH scores between the high-HRD-score group and the low-

HRD-score group revealed increased pathological heterogeneity

in the high-HRD-score group (Figure 5F), which is consistent
edicine 6, 101924, February 18, 2025 5



A

B

Figure 4. Manifestation of features of each

modality in the CIMPTGV model

(A) Heatmap illustrating the Z scores of multimodal

features used in the CIMPTGV model, with pa-

tients arranged according to the predicted risk

scores generated by the model. Clinical, IHC, and

selected genomics features were annotated

above the heatmap, while metabolomics, patho-

mics, transcriptomics, and CNV were displayed

within the heatmap. Somatic mutations of genes

were displayed beneath the heatmap.

(B) Comparisons of pN, pT, Ki-67 proliferation in-

dex, fatty acid metabolism pathway, MYC target

pathway, and tumor cell number between risk

groups (*p < 0.05; **p < 0.01; ***p < 0.001, p value

was obtained from the chi-square test and the

Mann-Whitney U-test).

Abbreviations: BMI, bodymass index; TMB, tumor

mutational burden; LOH, loss of heterozygosity;

HRD, homologous recombination deficiency;

GLCM, gray-level co-occurrence matrix; ASM,

angular second moment of the co-occurrence

matrix; I, immune cell; T, tumor cell; S, stroma cell;

MYC, Myc proto-oncogene; HR, high risk; LR, low

risk.
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with the elevated recurrence risk in the high-HRD-score group. At

the metabolomic level, patients with high HRD scores exhibited

high enrichment of nucleic acidmetabolites, indicating a close as-

sociation between the genomic instability and tumor metabolic

dysfunction (Figure 5G).

While patients with high HRD scores were at increased risk of

recurrence, a subset of patients with low HRD scores also

demonstrated high-risk recurrence (Figure S5D). Further anal-

ysis of other dimensions revealed complementary expression

of features within this subgroup. These individuals exhibited

higher clinical stages, certain enriched nucleic acid metabolites,

and a greater average distance between tumor cells and immune

cells (Figure S5E). Importantly, these features exhibited minimal

correlation with the HRD score in the overall population (Fig-

ure S5F), indicating their independence from HRD-related influ-

ences. This observation underscores the presence of comple-

mentary information between different modalities.

In conclusion, the findings suggested that the enhanced pre-

dictive efficacy of CIMPTGV may be attributed to the synergis-

tic and complementary effects arising from the integration of

diverse modalities.
6 Cell Reports Medicine 6, 101924, February 18, 2025
Simplified model construction
enhances clinical applicability
To further enhance clinical applicability of

the model, we developed a simplified

multimodal model. We selected features

from each dimension, incorporating all

features from clinical, IHC, and patho-

mics dimensions due to their accessi-

bility. For other dimensions, we included

features with high feature importance

scores in each modality (Figure 6A). The

simplified model comprised basic patient
information (age, body mass index[BMI], and menopausal sta-

tus), clinical stage (pN stage and pT stage), IHC data (ER and

PR percentage, Ki-67 proliferation index), digital pathological

features, and features from other dimensions (transcriptomics,

metabolomics, genomics, and CNVs) (Figure 6B). To verify the

presence of orthogonal information within the simplified model,

we constructed unimodal models using the corresponding fea-

tures of each of the seven dimensions within the simplified

model. For each unimodal model, we use the upper quartile of

the predicted scores as the threshold to divide patients into

high-risk and low-risk groups (Figure S6A). We found that, as

the number of unimodal models predicting high-risk increased,

the prognosis for these patients worsened. This finding sug-

gested that information from different modalities is complemen-

tary, leading to a synergistic effect (Figure S6B). Furthermore,

when the features of any single modality were removed from

the simplified model, there was a significant decrease in its pre-

dictive performance (Figure S6C). This further underscores the

importance of incorporating multimodal information to maintain

the predictive efficacy of the simplified model. Although the pre-

dictive efficacy of the simplified model (S-CIMPTGV, mean area
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Figure 5. Modality correlation analysis further supports the existence of complementary information

(A) Comparison of HRD scores between the high-risk and low-risk groups stratified by the CIMPTGV model. Dots depicted individual HRD score, and the colors

indicated different groups (**p < 0.01; the p value was obtained from a two-sided t test).

(B) Pearson correlation (two-sided) between the 11q 13.3 copy numbers andHRD score, with shaded regions representing 95% confidence intervals. The p value

was calculated using a two-sided t test.

(C) Comparison of somatic copy numbers of three individual genes located at 11q13.3 between the high- and low-HRD-score groups, stratified by using median

HRD score as cutoff (**p < 0.01; the p value was obtained from a two-sided t test).

(D) Pearson correlation (two-sided) between the somatic copy numbers and gene mRNA levels of three individual genes located at 11q13.3. Shaded regions

represented 95% confidence intervals. The p value was calculated using a two-sided t test.

(E and F) Comparison of the spatial betweenness of tumor cells, the number of tumor cells, and MITH scores between the high- and low-HRD-score groups

stratified by using median HRD score as cutoff (*p < 0.05; the p value was obtained from a two-sided t test).

(G) Comparison of the abundance of nucleic acid metabolites in the high- and low-HRD groups (*p < 0.05; the p value was obtained from a two-sided t test).

Abbreviations: HRD, homologous recombination repair; FGF3, fibroblast growth factor 3; FGF4, fibroblast growth factor 4;CTTN, cortactin; MITH, morphological

intratumor heterogeneity; HR, high risk; LR, low risk.
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under the curve [AUC] = 0.840) was slightly lower than that of the

CIMPTGV model (mean AUC = 0.886), the S-CIMPTGV model

outperformed other commonly used dimensions in clinical prac-

tice, as depicted by a relatively high AUC score over time (Fig-

ure 6C). Kaplan-Meier survival curves further illustrated signifi-

cant stratification of predicted high- and low-risk groups,

highlighting the utility of the simplified model in clinical deci-

sion-making (Figure 6D).

In conclusion, the simplified model streamlines the model-

building process, contributing to its feasibility and effectiveness

in clinical application.
DISCUSSION

The recurrence of HR+/HER2� breast cancer remains a signif-

icant clinical challenge. Even with limited tumor burden at

diagnosis, the risk of disease recurrence and death persists

after 5 years of standard endocrine therapy.3,7,33 Although

numerous prognostic molecules and signatures have been

developed and tested and some of them already been applied

in clinical settings,13,14,34–37 the prognostic power is still limited

in certain cases.15 Utilizing our multi-omic data and machine

learning approach, we developed a multi-modality model
Cell Reports Medicine 6, 101924, February 18, 2025 7
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Figure 6. Simplified model construction

promotes clinical application

(A) The workflow for constructing the simplified

CIMPTGV model. Initially, all features from clinical

information, immunohistochemistry and patho-

mics dimensions were incorporated. High-impor-

tance features from these dimensions were

selected, and the filtered feature matrix was input

into the machine learning framework to generate

the predictive score.

(B) The scaled feature importance scores of fea-

tures from different categories used in the simpli-

fied CIMPTGV model. Features were ranked by

importance scores, with distinct feature cate-

gories represented by different colors.

(C) The area under the curve (AUC) of the time-

dependent receiver operating characteristic (ROC)

curve was computed for five models: CT (blue), C

(orange), T (green), CIMPTGV (red), and the simpli-

fied CIMPTGV (purple) model. The mean AUC for

each model was presented, with distinct colors

used to differentiate the models.

(D) Kaplan-Meier survival analyses comparing RFS,

OS, and DMFS between the high-risk and low-risk

groups stratified by the S-CIMPTGV model in the

test set. The p values were obtained from the log

rank test.

Abbreviations: BMI, body mass index; ER, estro-

gen receptor; PR, progesterone receptor; VEGF,

vascular endothelial growth factor; SPTA1, spec-

trin alpha, erythrocytic 1; ABCA13, ATP binding

cassette subfamily A member 13; AKT1, AKT

serine/threonine kinase 1; S-CIMPTGV, simplified

CIMPTGV; AUC, area under the curve; CT, model

integrated clinical information and tran-

scriptomics; HR, high risk; LR, low risk.
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named CIMPTGV. This model integrates clinical, IHC, metabo-

lomics, pathomics, transcriptomics, genomics, and CNV data,

achieving a C-index of 0.869 (Figures 1 and 2). The CIMPTGV

model demonstrated excellent efficacy in discriminating risk

groups for RFS, OS, and DMFS (Figure 2). We observed that

CIMPTGV risk population encompassed the highest-risk popu-

lation in other single-modality models (Figure 3). By delineating

the characteristics of the CIMPTGV model, we observed en-

riched nucleic acid metabolites and higher levels of tumor cell

aggregation in the high-risk group (Figure 4). Further analysis

suggested that the robust predictive performance of the

CIMPTGV model may be attributed to the existence of orthog-

onal and complementary information across different dimen-

sions (Figure 5). Finally, the simplified model we established

achieved a high C-index, effectively stratifying risk patients

and simplifying the model construction process to promote clin-

ical application (Figure 6).

It is known thatAI-basedmethodsdigitize imagedataandutilize

AI technologies to extract intricate information from images, hold-

ing significant potential for assisting radiologists and exploring im-

age information. By utilizing routinely collected clinical data, such

as pathological slices or radiographic images, AI not only facili-
8 Cell Reports Medicine 6, 101924, February 18, 2025
tates early tumor screening38–40 but also

enhances diagnostic accuracy in conjunc-

tion with radiology.41,42 It can predict bio-
markers43 and differentiate high-risk patients.44 The relatively

lowcost ofAI-based imaging studies and the capacity to utilize ex-

isting clinical data highlight its potential for widespread clinical

application.However, traditional AI-based image-related research

often focuses on clinical, pathological, or radiomic data, poten-

tially neglecting other critical dimensions such as transcriptomics,

metabolomics, and genomics.

Multimodal machine learning has emerged as a promising

strategy for improving patient risk stratification. The integration

of multiple modalities compensates for the limitations of single-

modal understanding of tumor biology20 and has been used in

therapy response and survival prediction. For instance, a

multimodal machine learning model for breast cancer undergo-

ing neoadjuvant treatment predicted pathological complete

responsewith anAUCof 0.87.19Similarly, amultimodal approach

combining medical imaging, histopathological, and genomic

features outperformed unimodal measures in predicting immu-

notherapy response in non-small cell lung cancer patients,

achieving an AUC of 0.80.45 However, limited by the scarcity of

cohorts with multimodal information, the integration of multidi-

mensiondata to guide clinical decision-making remains in its pre-

liminary stage. Thesemulti-omics data are rarely integrated even
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when available, and few studies computationally exploit the

prognostic potential of large-scale, multimodal integration.20

Here,weestablisheda large-scalemulti-omics cohort of 579Chi-

nese HR+/HER2� breast cancer patients46 and developed a

model named CIMPTGV that combines all the modalities we

used. The CIMPTGV model outperformed other models and

showed great stratification efficacy. Although integrating multi-

omics data presents challenges for clinical adoption due to its

substantial cost, our simplified model effectively simplifies fea-

tures. This simplification facilitates the design of assay kits for

detection, thereby reducing application costs.

We observed that HRD was significantly positively correlated

with the CIMPTGV predicted risk score. Homologous recombi-

nation is a mechanism for repairing double-stranded DNA

breaks. However, this mechanism is often deficient in breast

and ovarian cancer patients, making them more sensitive to

Poly (ADP-ribose) polymerase inhibitor therapy.47,48 It is increas-

ingly recognized that HRD underlies the development of both he-

reditary and sporadic tumorigenesis,49 leading to genomic insta-

bility and a cascade of downstream events.50 In our study, we

observed a co-expression between HRD and malignant tumor-

related features, including the high expression and amplification

of genes associated with aggressive tumor behavior, enrichment

of nucleic acid metabolites, high tumor cell number, and high

pathological heterogeneity. These findings highlight the intricate

interplay between HRD and various cellular processes, empha-

sizing the importance of multimodal integration in enhancing the

exploration and comprehensive understanding of the biological

characteristics of breast cancer. The integration of diverse

data types allows for a more nuanced analysis, contributing to

a more targeted exploration of potential therapeutic targets

and a holistic recognition of the underlying complexities in breast

cancer biology.

Our study reveals that features fromdifferentmodalities not only

co-express but also exhibit complementary effects, augmenting

information beyond any single modality.20 The simplified

CIMPTGVmodel we proposed also improves clinical applicability.

By reducingmodel complexity, the simplifiedmodel could prevent

model overfitting and guarantee the robustness of the model. It

also reduces the data collection costs and increases the ratio of

suitable patients, thus promoting clinical application. The multi-

modalitymodel is applicable tomostclinical subgroupsofpatients

withHR+/HER2�breastcancerandcaneffectivelydistinguishbe-

tweenhigh- and low-risk recurrencegroups. Forpatients identified

as high-risk recurrence group, intensified treatment strategies

would be considered, while standard or reduced-dose treatments

could be more suitable for the low-risk recurrence group. We

will also design prospective clinical trials and use the simplified

CIMPTGV model in our ongoing clinical trials to validate its

predictive efficacy, suchas the FudanUniversity ShanghaiCancer

Center Breast Cancer Precision Platform Series study - neoadju-

vant therapy (FASCINATE-N) trial (ClinicalTrials.gov identifier:

NCT05582499), which is a prospective, randomized, precision-

based umbrella trial.51 Moreover, considering that multimodal

data constitute a valuable clinical resource and the constraints of

our patient cohort size, we opted for traditional machine learning

methods instead of deep-learning approaches. In the future, we

will also explore some deep-learning-based data integration
methods such as attention-based weighted fusion and cross-

modal mutual informationmaximization and compare their perfor-

mance with our current models.

In conclusion, we collected data from a large-scale multi-

omics cohort and developed multi-modality models for patient

risk stratification. Our study demonstrated that machine learning

models combiningmultiplemodalities significantly outperformed

those based on single modality. These findings underscore the

substantial potential ofmultimodalmachine learning in predicting

tumor biological characteristics, encouraging further extensive

investigations into multimodal integration for patient risk stratifi-

cation in both the breast cancer and other cancer types.

Limitations of the study
Despite providing valuable insights, our study still has some lim-

itations. Firstly, the single-center cohort may introduce bias, and

it is necessary to evaluate the stability of our model in other

external multi-omics cohorts. However, we did not find available

public cohort data with complete modalities. Secondly, our

cohort with complete multimodal information is still limited in

size. Despite this, we have employed various approaches,

including ensemble learning, regularization, and hyperparameter

tuning, to prevent overfitting. Additionally, we also assessed

overfitting after model development and demonstrated the sta-

bility of our CIMPTGV model. Another challenge is the difficulty

of collecting complete feature information to construct the

CIMPTGV model, potentially limiting its application. Our pro-

posed simplified model could mitigate this issue to some extent.

Although simplifying the model may result in some loss of

orthogonal information, leading to a prediction performance

that is not as strong as the full model, it still significantly distin-

guishes the high-risk population. The simplified model achieves

an average AUC of 0.840, outperforming other commonly used

dimensions in clinical practice. By selecting a few features with

high feature importance scores, a corresponding kit could be de-

signed to detect the crucial features, reducing the economic

burden of implementing the simplified CIMPTGV model.
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

The patients (n = 579, 23–90 years of age) analyzed in this study were from a retrospective selection of female patients who had been

diagnosedwithmalignant breast cancer in our center which has been published before.46 Our cohort consisted of pre-treatment Chi-

nese female patients from January 2013 to December 2014 without intentional selection (n = 478). We also selected Chinese female

patients who experienced relapse after surgery between January 2009 and December 2016 (n = 101). There was no influence of sex

or gender on the results of our study. Patients included had to meet the following criteria: (1) female patients diagnosed with HR+

(ER + or PR+) and HER2-unilateral invasive breast carcinoma; (2) pathological examination of tumor samples was conducted by

the pathology department of FUSCC, with the ER, PR, and HER2 status verified by two experienced pathologists using immuno-

chemical analysis and in situ hybridization. ER/PR negativity in IHC testing was defined as less than 1% positive staining of cells,

following the guidelines set forth by the American Society of Clinical Oncology/College of American Pathologists.56 (3) There was

no sign of distant metastasis and no pre-treatment at the time of diagnosis. (4) Frozen samples were supplied for further analysis.

Patients with inflammatory breast cancer or breast carcinoma in situ were excluded from the study. The studies were conducted

in accordance with the Declaration of Helsinki. All analyses were approved by the independent ethics committee/institutional review

board of Fudan University Shanghai Cancer Center. All participants in the study provided written informed consent before inclusion

and there was no compensation during the study.

Follow-up of patients in this cohort was completed on June 30, 2021, and the median length of follow-up was 79.1 months (IQR =

72.1–93.1months). Relapse-free survival (RFS) was defined as the time fromdiagnosis to first recurrence, contralateral breast cancer

or death from any cause. Overall survival (OS) was defined as the length of time from the date of surgery to death. Distant metastasis-

free survival (DMFS) was defined as the time from the date of surgery to the first detection of distant metastasis or death.

METHOD DETAILS

Generation and analysis of multiomic data
The detailed methods for generation and analysis of genomic, transcriptomic and metabolomic data are described in a previously

published article,57 which has been deposited on the Nature Portfolio Protocol Exchange platform.58

Estimation of HRD score
The HRD score was calculated as the unweighted sum of the heterozygosity (LOH) score, telomeric allelic imbalance (TAI) score, and

modified large-scale state transition (LSTm) score. The LOH score represents the number of sub-chromosomal regions with loss of

LOH that are longer than 15 Mb. The LST score counts the number of chromosomal breaks of at least 10 Mb between adjacent re-

gions after filtering out regions shorter than 3 Mb. To account for the effect of ploidy, the LST score was adjusted using the following

formula: LSTm = LST �15.5P (where P represents ploidy). The TAI score was defined as the number of regions of allelic imbalance
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that extend to one of the subtelomeres without crossing the centromere. The detailed calculation of these scores has been previously

described.59

Gene set enrichment analysis
Single-sample gene set enrichment analysis (ssGSEA) was performed using the GSVA R package (version 1.48.3) to generate

pathway scores based on transcriptomic signatures.60

Multimodal feature collection
Commonly used clinical characteristics such as age, BMI, vessel invasion, menopause, tumor stage and lymph node stage were

input as C (6 features). Immunohistochemistry (IHC) features such as ER percent, PR percent and Ki-67 proliferation index were input

as I (3 features). The ssGSEA scores of hallmark gene sets, Kyoto Encyclopedia of Genes and Genome (KEGG) gene sets and im-

mune cell type fractions inferred by using CIBERSORT61 were input as transcriptomic features namely T (190 features). Metabolomic

features, namely M, consisted of polar metabolites and lipids detected by liquid chromatography with tandem mass spectrometry

(LC-MS/MS) (1981 features). Themutation status of genes with the top 40mutation frequencies, tumormutation burden (TMB) score,

loss of heterozygosity (LOH) score, and homologous recombination deficiency (HRD) score were input as genomic features as G (43

features). Gistic peak values were input as CNV features as V (76 features). Pathological features including nuclear features, topo-

logical features and composition features were input as P (59 features).

Discrete variable processing
We conducted separate preprocessing for each modality. Within the clinical dimension, which includes discrete variables such as

clinical stage, we utilized the OneHotEncoder function in scikit-learn package to incorporate these crucial discrete features into

our model.

Feature dimension reduction
Feature dimension reduction is performed separately in different modalities. First, in each modality, we calculated the correlation

values between features. Features pairs with correlations higher than 0.9 were selected. Then we retained the feature with a higher

score by using CoxPHSurvivalAnalysis in scikit-survival and dropped the feature with a lower score. We performed the above steps

and obtained the filtered feature set in each modality. Second, the filtered feature set in each modality was further filtered using se-

lectkbest in scikit-learn. To balance the features across different dimensions and reduce model complexity and training time, we

included all features from clinical and IHC modalities, and selected the top 15 features with the largest univariate Cox hazard score

from other modalities.

Feature normalization
The feature set after dimension reduction is normalized using the standardscaler function in the scikit-learn package before model

training or testing.

Cell segmentation
We used the Hover-Net to locate nuclei on whole slide images (WSIs) and predict their cell types. We utilized a pre-trained model on

the publicly available PanNuke dataset, capable of recognizing five distinct nuclear types. These types include tumor, inflammatory,

stromal, normal and dead nuclei. For each WSI, Hover-Net output the information on centroid, contour and nuclear type of detected

nuclei for the following feature extraction.

Digital pathology feature extraction
Nuclear morphological features and texture features were extracted for individual cells. Morphological features describe nuclear

area, perimeter, elongation and curvature. Texture features characterize features on the basis of gray-level co-occurrence matrix

and statistics of pixel intensity within the nuclear contour. After this, a series of statistics (mean,median, standard variation, skewness

and kurtosis) were calculated to integrate the cell-level features into WSI-level features. In addition to nuclear morphological ad

texture features, we computed tissue composition features for each WSI. We tessellated all WSIs into 256 3 256 pixel tiles at a

203magnification. Then, our established classifier was applied to categorize all image tiles, assigning each tile to one of the five tis-

sue types. The percentage of image tiles of each tissue type was calculated, forming the tissue composition features for the WSI.

Topological featureswere extracted to characterize the intercellular relationship at the single-cell resolution through a graph-based

method proposed by us.32 For each pair of cell types, a graph was constructed denoted as Graph_C1-C2, where C1 and C2 denoted

the cell types.We focused on tumor, inflammatory and stroma cells. For the construction of each graph, k-nearest neighbor algorithm

was used for edge configuration. Each cell is connected to its five nearest cell according to the Euclidean distance and the edges

longer than a threshold of 100 pixel (25 mm) were deleted. For each cell, the topological features were computed separately for

each graph it appeared and were concatenated to constitute its final comprehensive topological features.

The nuclear features and topological features for patients were obtained by averaging the topological features of each cell type.

Detailed descriptions of all morphological, texture and topological features were presented in Table S3.
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Train set and test set split
The train set and test set were divided in a 4:1 ratio in eachmodel cohort by using the random stratified samplingmethod, with relapse

status used as the stratification factor.

Model training and testing
Themachine learning framework was built on Python (version 3.11), scikit-learn (version 1.2.2), scikit-survival (version 0.22.1), numpy

(version 1.24.3) and pandas (version 1.5.3). After feature selection and dimension reduction, Z score scaling was applied to the re-

maining features. Then the scaled feature matrix was input into five algorithms, including Cox’s proportional hazard’s model, survival

support vector machine, random survival forest model, DeepSurv non-linear model and gradient boosting survival model. All hyper-

parameters were optimized using a randomized 1,000-step 5-fold cross-validation search to maximize the average cross-validation

C-index and the model with the highest average cross-validation C-index was selected as the final model. The performance of each

model was assessed by the C-index with 95%CI in the test set by using 1000-fold bootstrapping. Detailed descriptions of the hyper-

parameters that were modified from their default values, and the range of hyperparameters for selecting were presented in Table S2

and Table S4.

Feature importance
Feature importance was determined for each feature in the final best model, namely the CIMPTGV model. We dropped each feature

in the model and used the reduced C-index value as the importance score for the feature. Higher feature importance scores mean

more important features in the model.

Time-dependent AUC score
The time-dependent AUC score was calculated by using the cumulative dynamic AUC function in scikit-survival (version 0.22.1).53

Cumulative cases are patients who experienced relapse prior to or at time t (ti% t), whereas dynamic controls are patients with ti > t.

By using the risk score bf ðxiÞ of the i-th case, the cumulative AUC at time t is defined as:

dAUCðtÞ =

Pn
i = 1

Pn
j = 1

I
�
yj > t

�
Iðyi % tÞui Iðbf ðxjÞ% bf ðxiÞÞ� Pn

i = 1

Iðyi > tÞ
�� Pn

i = 1

Iðyi % tÞui

�

ui are inverse probability of censoring weights (IPCW) estimated by accessing survival times in the training data.

QUANTIFICATION AND STATISTICAL ANALYSIS

The Mann-Whitney U-test was utilized to compare continuous variables and ordered categorical variables. The 95% confidence in-

tervals of the c-index of the test set were determined by using 1000-fold bootstrapping. The Kaplan-Meier product-limit method of

survival and log rank test were used to compare and explore differences in RFS, OS and DMFS between high-risk and low-risk

groups. A Cox proportional hazard regression model was performed to generate hazard ratios (HRs) and 95% confidence intervals.

All tests were two-sided. Analyses were performed using the R software (version 4.3.1) and Python (version 3.11). Statistical details

(including the statistical tests used, definition of center and spread, and statistical significance degrees) can be found in the corre-

sponding figures and figure legends.
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