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CANCER

Radiogenomic-based multiomic analysis reveals
imaging intratumor heterogeneity phenotypes and

therapeutic targets

Guan-Hua Su't, Yi Xiao't, Chao You?t, Ren-Cheng Zheng?>t, Shen Zhao't, Shi-Yun Sun?,
Jia-Yin Zhou?, Lu-Yi Lin?, He Wang>*, Zhi-Ming Shao'#, Ya-Jia Gu**, Yi-Zhou Jiang'*

Intratumor heterogeneity (ITH) profoundly affects therapeutic responses and clinical outcomes. However, the
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widespread methods for assessing ITH based on genomic sequencing or pathological slides, which rely on
limited tissue samples, may lead to inaccuracies due to potential sampling biases. Using a newly established
multicenter breast cancer radio-multiomic dataset (n = 1474) encompassing radiomic features extracted from
dynamic contrast-enhanced magnetic resonance images, we formulated a noninvasive radiomics methodology
to effectively investigate ITH. Imaging ITH (lITH) was associated with genomic and pathological ITH, predicting
poor prognosis independently in breast cancer. Through multiomic analysis, we identified activated oncogenic
pathways and metabolic dysregulation in high-lITH tumors. Integrated metabolomic and transcriptomic analy-
ses highlighted ferroptosis as a vulnerability and potential therapeutic target of high-lITH tumors. Collectively,
this work emphasizes the superiority of radiomics in capturing ITH. Furthermore, we provide insights into the
biological basis of IITH and propose therapeutic targets for breast cancers with elevated IITH.

INTRODUCTION

Breast cancer is the most frequently diagnosed cancer worldwide,
becoming a great concern regarding women'’s health (1). Over the
past two decades, the intertumoral heterogeneity of breast cancer
has been extensively recognized, and precision therapy based on
molecular subtypes has improved treatment efficacy and prolonged
patient survival (2, 3). However, substantial evidence has been re-
ported on treatment failure and disease relapse originating from in-
tratumor heterogeneity (ITH) (4, 5).

ITH is pervasive across multiple types of cancers (6—8). Because
of the complex and multifactorial nature of ITH, multiscale evalu-
ations were reported to thoroughly characterize ITH, encompassing
genetic ITH (GITH), histologic ITH, and phenotypical ITH. GITH,
the most well-known aspect, refers to the coexistence of distinct
cancer subclones within the identical tumor mass (6, 9, 10). The
identification of ITH in breast cancer depends on multiregional
biopsy followed by whole-genome sequencing (11, 12) or is
deduced from genomic sequencing from single-region biopsy (13,
14). Multiregional sequencing offers more accurate and detailed in-
formation on ITH than single-sample sequencing (15). However,
the difficulty of sampling sufficient high-quality samples constrains
its clinical practicability. Histologic ITH, referring to the variability
in tumor cell morphology, is assessed by nuclear size and staining
intensity on whole histopathological slides (16). Nevertheless, it is
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inevitable that ITH evaluated on pathological slides remains subject
to potential sampling bias because it could only reflect cellular het-
erogeneity on a single section of the whole tumor. Thus, it is of par-
amount importance to develop a noninvasive and global method for
ITH identification.

Radiomics can be used to extract high-throughput quantitative
imaging features that depict gray-level distribution and texture var-
iation patterns (17). Some radiomic features correlate with imaging
textual heterogeneity and cancer prognosis (17, 18). The superiority
of radiomics is the ability to noninvasively characterize ITH from
intact tumor regions. In addition, radiogenomic analysis connected
mesoscopic radiomic features with microscopic molecular features
such as somatic mutation landscapes and gene expression profiles,
which confers biological illustration to obscure radiomic features
(19). Recent studies have reported the predictive power of radiomic
features for prognosis-related genomic subclones (20); however, an
in-depth understanding of imaging ITH (IITH) and its biological
foundation remains unclear.

Herein, we established a large breast cancer radiomic cohort
based on dynamic contrast-enhanced magnetic resonance
imaging (DCE-MRI) in three medical centers [our center (n =
711), the Duke University (DUKE) dataset (n = 641), and The
Cancer Genome Atlas (TCGA) dataset (n = 122)]. The radiomic
data in our center were also matched with multiomic data. We hy-
pothesize that ITH could be assessed by heterogeneity-related ra-
diomic features and that patient subpopulations with distinct
imaging heterogeneity harbor particular biological characteristics.
First, we identified and validated II'TH phenotypes and their prog-
nostic value through multicenter analysis. Furthermore, we har-
nessed genomics data and digital pathology to testify the
consistency of ITH assessed by radiomic features, genomic alter-
ation patterns, and cellular characteristics. Last, we delved into the
biological implications of imaging heterogeneous phenotypes using
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transcriptomics and metabolomics data, thereby suggesting poten-
tial avenues for therapeutic intervention.

RESULTS

Overview of study design and research cohorts

In this study, we sought to develop an II'TH phenotype and elucidate
its biological significance. To achieve this goal, we divided the study

Phase 1 Radiomic data generation

into four phases (Fig. 1). In the first phase, we established three in-
dependent radiomic cohorts by curating DCE-MRI images, delin-
eating the tumor region as one of the regions of interest (ROIs) and
extracting quantitative radiomic features. In the second phase, we
established a radiomic signature to identify IITH subtypes in the
discovery and validation cohorts. We also assessed and validated
the prognostic power of IITH. In the third phase, we conducted
multiscale heterogeneity validation by correlating IITH with
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Fig. 1. Schematic of the study. The framework of the four-phase study. IITH, imaging intratumor heterogeneity; MITH, cellular morphological intratumor heterogeneity;
GITH, genetic intratumor heterogeneity; WES, whole-exome sequencing; CNV, copy number variation; MET, metabolomics; WSI, whole-slide imaging.
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genomic tumor heterogeneity and cellular morphological tumor
heterogeneity to verify the robustness of IITH. In the last phase,
we explored the molecular portraits and latent therapeutic
options for patients with high II'TH with a poor prognosis.

We established a large multicenter radiomic dataset (n = 1474)
comprising three independent datasets: the Fudan University
Shanghai Cancer Center (FUSCC) cohort (cohort 1, n = 711), the
DUKE cohort (cohort 2, n = 641), and the TCGA cohort (cohort 3,
n = 122). For each radiomic cohort, first-order and texture features
were extracted in the precontrast and postcontrast phases from four
ROIs. In cohort 1, 468 patients were collected from our multiomic
cohort with whole-exome sequencing (n = 365), transcriptomic se-
quencing (n = 369), copy number variation (n = 404), metabolomics
(n = 221), hematoxylin and eosin (H&E)-stained digital patholog-
ical images (n = 324), and follow-up (n = 468) data available (fig.
S1). Cohort 1 was used to identify imaging heterogeneity and its
prognostic significance; validate the correlation among IITH,
genomic ITH, and cellular morphological ITH (MITH); and deter-
mine the biological hallmarks underlying imaging heterogeneity. In
cohort 2, clinical characteristics and follow-up data (n = 618) were
available. Cohort 2 was collected to validate the prognostic power of
the IITH signature. In cohort 3, matched transcriptomic data (n =

121) were available. Cohort 3 was curated to validate the biological
traits of IITH phenotypes (Fig. 2 and Table 1).

Identification of IITH

First, we sought to establish a radiomic signature to evaluate IITH.
On the basis of the arithmetic formula and explicit definitions of all
extracted radiomic features (21), we identified 42 heterogeneity-
related first-order and textual radiomic features to assess the II'TH
of distinct samples (Supplementary Materials, table S1). Consider-
ing four ROIs and the different enhanced phases in which the fea-
tures were extracted, 1968 features were initially included in this
analysis. The median absolute deviation (MAD) was calculated to
assess the variance in radiomic features among samples, and fea-
tures with MAD >1 were regarded as highly variable. In the discov-
ery cohort (FUSCC cohort, n = 711), we selected 203 highly variable
heterogeneity-related features, including 40 first-order features and
163 textual features (table S2). First-order features and textual fea-
tures were separately incorporated into similarity network fusion
(SNF) to generate two distinct phenotypes (Fig. 3A and fig. S2;
see Materials and Methods). Identical criteria and processes were
applied to the validation cohorts to identify patients with high
and low IITH in the DUKE (n = 641) and TCGA (n = 122) datasets.
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Fig. 2. Cohort overview. (A) Flow diagram of the exclusion criteria of the radiomic datasets. (B) Sample size of multidimensional data in three datasets. (C) The role of the
three datasets in this study.
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Table 1. Characteristics of patients in the three cohorts. ER, estrogen
receptor; PR, progesterone receptor; HER2, human epidermal growth
factor receptor 2; NA, not applicable.

FUSCC DUKE TCGA

(n=711) (n = 641) (n =122)
Age [mean (SD)] 52.6 (10.5)  53.5(11.4) 53.6(11.5)
Menopause (%) .........................................................................................
B OO e RUPRPPO No ............ 305 (429) ‘‘‘‘‘‘‘ 265 (41 3) ........ 50 (410) .
Yes ........... 396(557) ....... 364(568) ........ 64(525)
PP PP NA .............. 10 (14) ........... 12(19) ............ 8(66)
-|— Stage .(.o./(.’ ) ................................................................................................
T U PP RPN 1 .............. 304 (428) ....... 260 (40 6) ........ 40 (328 ) .
R PP PSPPI 2 ............. 382 (537) ....... 305 (47 6) ........ 57 (467 ) .

Su et al., Sci. Adv. 9, eadf0837 (2023)

6 October 2023

A comparison of clinicopathological characteristics between the
two heterogeneity subtypes is shown in table S3. We found that
high-IITH group tumors exhibited higher T stages (cohort 1, P =
0.075; cohort 2, P < 0.001; cohort 3, P = 0.032) and N stages
(cohort 2, P = 0.004; cohort 3, P = 0.035) and consisted of fewer
estrogen receptor (ER)— and progesterone receptor (PR)—positive
tumors (P < 0.001 in cohort 1 and cohort 2). Regarding radiological
attributes, high-IITH tumors were larger and more irregular in
shape, with a high overall perfusion indicated by the wash-in
pattern (fig. S3). Then, we defined the heterogeneity index (HI) as
the arithmetic sum of z score normalized features positively related
to tumor heterogeneity and the opposite value of features negatively
related to tumor heterogeneity. We calculated the HI score of each
sample. Correspondingly, a greater HI indicated greater imaging
heterogeneity (Fig. 3, B to D).

Representative DCE-MRI images indicated that images with
high IITH exhibited a highly heterogeneous enhancement
pattern, while low-IITH samples were much more homogeneous
(Fig. 3, Eand F). Overall, we developed a radiomic signature to iden-
tify distinct IITH statuses in large multicenter radiomic cohorts of
breast cancer.

Discovery and validation of the prognostic value of IITH
With the long clinical follow-up period of the discovery cohort, we
found the prognostic value of IITH. Patients with high IITH pre-
sented significantly poorer relapse-free survival (RFS) (log rank P
= 0.004; Fig. 3G). A multivariable Cox proportional hazards
model showed that high IITH was an independent poor prognostic
indicator after adjusting for well-known prognostic factors (tumor
size, positive lymph nodes, lymphovascular invasion status, and
clinical subtype) {hazard ratio = 2.15 [95% confidence interval
(CI): 1.22 to 3.80], P = 0.008; Fig. 3H and Table 2}. Unexpectedly,
IITH was also an indicator of overall survival (OS) for patients with
breast cancer (log rank P = 0.004; Fig. 3] and Table 2). Furthermore,
we externally validated the prognostic power in the DUKE cohort.
As described before, we identified patients with high and low IITH
in the DUKE dataset, and we found that patients with high IITH
had a worse RFS than patients with low IITH (log rank P = 0.003;
Fig. 3]). Moreover, multivariable Cox analysis validated the inde-
pendent prognostic value of IITH in the DUKE cohort [hazard
ratio = 1.79 (95% CI: 1.01 to 3.18), P = 0.046; table S4]. In conclu-
sion, we uncovered the independent outcome-predictive power of
IITH subtypes.

Correlation of IITH with genomic and pathological ITH
To verify the robustness of IITH, we sought to compare phenotypic
IITH with other assessment methods of ITH, such as microscopic
genomic heterogeneity and mesoscopic cellular morphological het-
erogeneity. GITH was measured by the mutant-allele tumor hetero-
geneity (MATH) algorithm (22) (Fig. 4A). An increased MATH
value indicates incremental GITH. Patients with high IITH were
more genomically heterogeneous than patients with low IITH (P
= 0.049; Fig. 4B). In addition, we calculated tumor mutational
burden (TMB) and neoantigen load and found that higher TMB
(P =0.005) and neoantigen load (P = 0.043) were present in patients
with high IITH (Fig. 4, C and D).

From whole-slide images of H&E-stained tumor slides, we ex-
tracted 14 morphological features and 4 texture features character-
izing the nuclei of tumor, stromal, and inflammatory cells. We
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Fig. 3. Identification of IITH phenotypes of breast cancer. (A) Heatmap showing unsupervised clustering of heterogeneity-related radiomic features using SNF. Fea-
tures significantly correlated with the IITH subtype were incorporated. The breast cancer subtypes were also annotated. (B to D) HI in the FUSCC (B), DUKE (C), and TCGA
cohorts (D). HI was calculated for each sample and compared between the high- and low-IITH groups. Comparisons for HI between subgroups were assessed using the
Wilcoxon rank-sum test. (E and F) Representative DCE-MRI images of high (E) and low (F) IITH. Tumor contours were delineated. (G) Kaplan-Meier survival curve according
to IITH groups for RFS in the FUSCC cohort. (H) Forest plot of the multivariable Cox proportional hazards model based on RFS in the FUSCC cohort. (I) Kaplan-Meier
survival curve according to [ITH groups for OS in the FUSCC cohort. (J) Kaplan-Meier survival curve according to IITH groups for RFS in the DUKE cohort. LHR, low het-
erogeneity-related; HHR, high heterogeneity-related; HR, hormone receptor; HER2, human epidermal growth factor receptor 2; TNBC, triple-negative breast cancer; LN,
lymph node; LVI, lymphovascular invasion.
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Table 2. Multivariate Cox proportional hazard models for RFS and OS
in the FUSCC cohort. LN, lymph node; LVI, lymphovascular invasion; HR,
hormone receptor; TNBC, triple-negative breast cancer.

RFS oS
Variables Hazard Hazard
ratio P ratio P
(95% ClI) (95% Cl)
Tumor 0.95 1.01
size - (0.75- 0.71 (0.74- 0.93
1.22) 1.38)
Positive LS Loty
LN = (1.05— <0.001 (1.06— <0.001
1.10) 1.14)
Negative Ref
LVI 1.91 0.88
Positive (1.07- 0.03 (0.38- 0.77
3.42) 2.04)
HR*HER2™ Ref
0.77 1.36
HR*HER2" (0.26— 0.63 (0.28- 0.70
2.24) 6.57)
Clinical 1.90 ' 521 '
subtype HRHER2* (0.86— 0.11 (1.81- 0.002
4.22) 15.05)
1.66 2.08
TNBC (0.93— 0.09 (0.82— 0.12
2.96) 5.26)
Low Ref
ITH 2.15 3.02
High (1.22— 0.008 (1.24- 0.01
3.80) 7.33)

assessed MITH by quantifying the variation in nuclear morphology
within each tumor sample. Notably, high-II'TH tumors demonstrat-
ed elevated MITH in features such as CurvMean (P = 0.009),
CurvStd (P = 0.020), and IntensityMax (P = 0.036; Fig. 4, E to G,
and fig. S4). In addition, we observed heightened MITH in
stromal and inflammatory nuclei (fig. S4). Representative patholog-
ical images illustrated cellular ITH, as depicted in Fig. 4 (Hand I). In
summary, DCE-MRI-derived IITH was consistent with genomic
and pathological ITH evaluation.

Genomic, transcriptomic, and metabolomic alterations
related to IITH

To investigate the biological basis of the prognostic disparity
between high- and low-IITH tumors, we performed multiomic
analysis to uncover their molecular distinction. We did not
observe many significantly differential high-frequency somatic mu-
tations or copy number variations between high- and low-1ITH
tumors (fig. S5). In addition, despite higher chromosomal instabil-
ity (represented by elevated TMB and neoantigen load), effective
antitumor immune responses were not elicited in high-IITH
tumors (fig. S6). Then, we used gene set enrichment analysis
(GSEA) to explore the enriched pathways in high IITH (tables S5
and S6). Oncogenic or cancer hallmark pathways, including
Hippo [normalized enrichment score (NES) = 1.86, P = 0.004],

Su et al., Sci. Adv. 9, eadf0837 (2023) 6 October 2023

RAS (NES = 1.69, P = 0.02), phosphatidylinositol 3-kinase
(PI3K)-AKT-mammalian target of rapamycin (mTOR) (NES =
1.53, P = 0.04), and mitogen-activated protein kinase (MAPK)
(NES = 1.50, P = 0.05), were up-regulated in high-IITH tumors.
Meanwhile, classic malignant behaviors of cancer cells, such as
cell proliferation, cell adhesion (NES = 1.60, P = 0.027), protein pro-
cessing (NES = 1.92, P = 0.002), stem cells (NES = 1.64, P = 0.018),
hypoxia (NES = 1.68, P = 0.045), and angiogenesis (NES = 1.59, P =
0.053), were also enriched in high-IITH samples. In particular,
high-IITH tumors exhibited a widely dysregulated metabolism
comprising up-regulation of fatty acids, amino acids, organic
acids, nucleosides, and glycogen (Fig. 5A).

We ranked all the enriched pathways by NES and obtained the
most enriched biological processes in the high- and low-IITH
groups. We observed that ferroptosis (NES = 2.27, P < 0.001),
nuclear factor erythroid 2-related factor 2 (NRF2) (NES = 2.08, P
<0.001), reactive oxygen species (ROS) (NES = 2.00, P < 0.001), and
bile acid metabolism (NES = 2.08, P < 0.001) were the most up-reg-
ulated pathways in high-IITH tumors, while processes correlated
with DNA double-strand breaks (NES = —1.71, P = 0.024) were
most activated in low-IITH tumors (Fig. 5B). These results revealed
divergent biological characteristics of the two patient subgroups,
wherein high-IITH tumors were metabolically exuberant and
were confronted with oxidative stress and low-IITH tumors
lacked explicit characteristics, with DNA damage repair more
common in this population.

On the basis of the enriched metabolic pathways revealed from
the transcriptomic analysis, we used differential abundance (DA)
score analysis with the metabolomic data of the high- and low-
IITH groups. We identified 14 up-regulated pathways among met-
abolic pathways with more than three annotated metabolites.
Among these up-regulated pathways, three were up-regulated
with DA scores of at least 0.25 (Fig. 5C). Specifically, multiple met-
abolic pathways, particularly fatty acid biosynthesis and elongation,
were up-regulated in high-II'TH tumors (Fig. 5C). Collectively, tran-
scriptomic and metabolomic analyses elucidated that tumors with
high imaging heterogeneity were a phenotype of cancer with sub-
stantial malignancy and dysregulated metabolism, which endowed
these tumor cells with a marked tendency toward ferroptosis.

Ferroptosis is a biological hallmark and potential
therapeutic target for high-lITH tumors

We further investigated the most prominent molecular process
identified in the transcriptomic analysis. Among the enriched path-
ways in high-IITH tumors, ferroptosis ranked first (NES = 2.27, P <
0.001, false discovery rate = 0.024; Fig. 6A). We thus generated a
ferroptosis pathway score with single-sample GSEA in the discovery
and TCGA validation cohorts and confirmed that ferroptosis was
significantly up-regulated in high-IITH tumors (Fig. 6, B and C).
Consistently, crucial factors of ferroptosis, such as ROS, iron metab-
olism, and lipid anabolism, were extensively enriched in high-IITH
tumors (Fig. 5A).

To validate the hypothesis of a notable up-regulation of ferrop-
tosis in high-II'TH tumors, we conducted an integrated multiomic
analysis. Initially, we juxtaposed the abundance of lipids and oxi-
dized lipids between high- and low-IITH samples. Comprehensive
metabolomic and lipidomic analyses unveiled heightened levels of
fatty acids, phosphatidylethanolamine, and oxidized lipids essential
for triggering ferroptosis (Fig. 6D). Furthermore, the expression
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extracted from tumor cells across high- and low-lITH groups. The P values from the Wilcoxon test are shown. (H and I) Representative pathological images of tumor

samples with low (H) and high (I) IITH.

profiles of biological processes crucial for provoking ferroptosis, in-
cluding iron intake (P = 0.018) and utilization (P = 0.017), unsatu-
rated fatty acid biosynthesis (P = 0.078), and ROS pathways (P =
0.008), were elevated in high-IITH samples (Fig. 6E), while path-
ways suppressing ferroptosis, such as the thioredoxin process,
were also augmented (P = 0.010; fig. S7). These findings implied
that while ferroptosis initiation was pronounced in tumors with
high imaging heterogeneity, cancer cells concurrently engaged
compensatory mechanisms to hinder programmed cell death as a
self-protective strategy. Consequently, by obstructing these inhibi-
tory processes, such as the thioredoxin pathway, we could induce
ferroptosis in high-II'TH tumors.

We outlined the fundamental pathways of ferroptosis and con-
trasted the alterations in metabolic gene expression relative to
normal tissue between high- and low-IITH tumors (Fig. 6F). As de-
picted in the figure, high-IITH tumors exhibited activation of the
unsaturated fatty acid synthesis, iron transport, Fenton reaction,
and thioredoxin pathways (Fig. 6F). We further interrogated radio-
mic features correlated with tumor ferroptosis (as shown in fig.
S8A). Among these, gray-level co-occurrence matrix feature

Su et al., Sci. Adv. 9, eadf0837 (2023) 6 October 2023

Difference Entropy and first-order feature Variance, indicative of
imaging heterogeneity, emerged as particularly significant (fig. S8,
B and C). In summary, we solidified the link between ferroptosis
activity and IITH through integrated analysis and proposed poten-
tial therapeutic targets for these patients with a poor prognosis.

DISCUSSION

ITH is a crucial factor for treatment resistance and poor clinical
outcome. Here, we established a noninvasive DCE-MRI radiomics
method to evaluate ITH, which we named IITH. Furthermore, we
demonstrated the prognostic power of IITH and its correlation with
well-known GITH and MITH. Notably, we systematically uncov-
ered the biological basis and identified ferroptosis as a treatment
target for patients with high-IITH breast cancer with a poor
prognosis.

In this study, we determined tumor heterogeneity-related radio-
mic features based on the explicit definition of each PyRadiomic
feature. In the first step, we established a set of heterogeneity-
related radiomic features. For instance, first-order histogram
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Su et al., Sci. Adv. 9, eadf0837 (2023) 6 October 2023

GCLC
TXNRD1 - |
Cystine —>-| [ | —> Cysteine. —> s

N

> Y-L-Glutamyl
-L-cystein

—[ .55 | > esH
\\/esse

PE-AA-OH

SAT1
]

PE-AA —> —> PEAAOOH ——————>  Ferroptosis

e ARGl | LPCATS T s
ALOX15
Fe?
HMOX1
I

® ———> Fentonreacion ——> ROS

Mitochondria

/
Endosome

Log, fold change of normalized
FPKM between tumor and normal

-0.15 0

Gene
H

image and groups them (23). Gray Level Non-Uniformity measures
the variability in gray-level intensity values in the image. It was con-
sidered positively related to heterogeneity, as a higher value indicat-
ed more heterogeneity in intensity values. After curating the whole
set of heterogeneity-related features, we selected features with high
intersample variability to cluster samples into high- and low-het-
erogeneity groups (24). It was demonstrated that patients with

0.15

9 of 14



SCIENCE ADVANCES | RESEARCH ARTICLE

high IITH exhibited a significantly poor clinical outcome, regard-
less of RES or OS. The consistency with previous studies and exter-
nal validation in the DUKE DCE-MRI dataset supported the utility
of imaging heterogeneity in reflecting cancer prognosis (25, 26). Di-
vergent from the holistic view of imaging heterogeneity provided in
the present study, a previous work focused on habitat imaging fea-
tures extracted from the spatial interaction of subregions with poor,
moderate, and marked perfusion, yielding a detailed perspective for
spatial heterogeneity measurement (27). In future investigations,
one may combine the empirical textural features and habitat fea-
tures to gain a more comprehensive outlook on ITH.

To prove the universality and broaden the application scope of
IITH, we conducted multiscale ITH validation and established the
connection among II'TH, GITH, and MITH (16, 22). Integrated
analysis demonstrated that samples with elevated IITH also exhib-
ited higher genomic heterogeneity and higher morphological het-
erogeneity. As is widely acknowledged, two major disadvantages
exist regarding these classical ITH assessment methods. First,
GITH and MITH warrant single- or multiregional biopsy followed
by whole-exome sequencing and H&E-stained pathological sec-
tions followed by computational analysis, respectively (16). Their
invasive nature limits their clinical application. Second, ITH evalu-
ation is performed on limited regions and layers and lacks an overall
assessment of the whole tumor (28). The radiomics method over-
comes these shortcomings and thoroughly estimates ITH noninva-
sively (17). In addition to GITH, we found that high-IITH tumors
harbored an increased TMB and neoantigen load, which shows that
heterogeneous tumors on imaging presented genomic instability
and generated more somatic mutations and mutation-derived
tumor antigens.

We next sought to explore the biological significance underlying
the formation of IITH. Phenotypical patterns indicated that high-
IITH tumors were large and grotesque, with high perfusion of con-
trast agent, presumably revealing that these malignant tumors con-
tained more complex tumor vessels and thus showed higher overall
early contrast agent perfusion. Radiogenomic analysis revealed mo-
lecular pathways characterizing active tumor growth enriched in
high-IITH samples but not in low-IITH samples. They comprised
cell proliferation, cell adhesion, protein processing, stem cells,
hypoxia, and angiogenesis. Consistently, classic cancer hallmark
pathways, including RAS, MAPK, PI3K-AKT-mTOR, and Hippo,
were up-regulated in high-IITH tumors. It is not hard to speculate
that tumors with more heterogeneous enhancement patterns
exhibit more malignant biological behaviors than their homoge-
neous counterparts, resulting in a worse prognosis (8, 29, 30).
Higher pathological T and N stages confirmed their malignant
nature as well. In addition, transcriptomic and metabolomic analy-
ses revealed that tumors with high IITH present metabolic activa-
tion, particularly lipid and amino acid metabolism, which could be
at least partially because these vigorous tumors advance the energy
metabolism process to meet their requirement for nutrients (26).

Intriguingly, we found significantly activated ferroptosis in
tumors with high imaging heterogeneity through integrated multio-
mic analysis. Ferroptosis is a modality of regulated cell death driven
by iron-dependent lipid peroxidation (31). It is governed by multi-
ple metabolic pathways involving iron overload, mitochondrial ac-
tivity, redox systems, and nutrient metabolism (31). Recent studies
on ferroptosis and MRI have mainly focused on nanoprobes induc-
ing ferroptosis in tumor cells and in vivo tracer imaging (32-34),
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while our study is the first to show that ferroptosis can be captured
by radiomic signatures through imaging heterogeneity. Here, we hy-
pothesize that tumors with high heterogeneity up-regulate numer-
ous metabolic pathways and are therefore more vulnerable to
ferroptosis. The final effect of ferroptosis, the switching of cellular
morphology and rupture of the cellular membrane, eventually
forms the phenotype of imaging heterogeneity that is captured by
quantitative radiomic features. This finding is consistent with the
results of previous studies showing that apoptosis-induced
therapy could be detected by diffusion-weighted MRI in a preclin-
ical model (35). Furthermore, we found that TMB and neoantigens
were increased and that the ROS pathway was enriched in patients
with high IITH. On the basis of a review article (7), we speculated
that ROS are internal mutagens that activate oncogenes, yield high
TMB, and facilitate ITH. A recently published study reported a pos-
itive correlation between ROS and ITH in breast cancer (36). Con-
sequently, we propose that ROS are the crucial cross-link between
ITH and ferroptosis. In recent decades, studies have elucidated the
therapeutic value of targeting ferroptosis in cancers (37). Major
treatment options comprise promoting ferroptosis and inhibiting
suppressor pathways (38). In this study, we found that the thiore-
doxin pathway was a crucial mechanism by which high-IITH
tumors might escape ferroptosis. Collectively, ferroptosis inducers
targeting thioredoxin, such as ferroptocide, are promising future
treatment options for patients with high-II'TH breast cancer with
a poor prognosis (39). However, owing to the nature of identifying
ITH but not directly predicting the ferroptosis level, overlap of the
ferroptosis score did exist between the high- and low-IITH subtypes
although the difference was statistically significant. This limitation
drove us to identify radiomic features significantly associated with
ferroptosis. Variance and Difference Entropy measure the statistical
dispersion gray-level intensity within an ROI and the average differ-
ence and irregularity in gray-level intensity between neighboring
pixels or voxels, respectively. This provided a clue that complex or
heterogeneous image texture and ferroptosis were interconnected,
which substantiated the association between ferroptosis and
imaging heterogeneity from another perspective and established a
direct relationship between microscopic and phenotypic alterations.

Our study has several limitations. First, our study is a retrospec-
tive cohort study. Although we validated the evaluation of IITH and
its prognostic value in the DUKE dataset with a large sample size,
the clinical utility of II'TH warrants prospective validation. Second,
limited by the technical bottleneck and analytic nature of the study
design, there is a lack of experimental evidence of the biological sig-
nificance of imaging heterogeneity. Thus, we conducted a large-
cohort multiomic analysis and performed external validation in
the TCGA cohort to test our results from multiple dimensions.
Third, albeit widely used, conventional textual features might be
sensitive to variations in imaging protocols and acquisition param-
eters. Robust handcrafted features for radiomic analysis provided a
paradigm for future studies (40).

In summary, in this multicenter radio-multiomics cohort study,
we identified the distinct phenotypes of ITH assessed by DCE-MRI
radiomic features and their prognostic value. Furthermore, with
genomic, transcriptomic, metabolomic, and digital pathological
data, we comprehensively validated this heterogeneity assessment
method from mesoscopic to microscopic scales and revealed the bi-
ological behavior in tumors with high IITH. Notably, we reported
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ferroptosis as a vulnerability of breast cancers with high II'TH and as
a promising target in the era of precision oncology.

MATERIALS AND METHODS

The cohort

A total of 1991 patients from three independent datasets were incor-
porated in this study for (i) imaging heterogeneity identification
and prognostic power assessment; (ii) radio-multiomic analysis of
the association among imaging heterogeneity, genomic heterogene-
ity, and cellular morphological heterogeneity; and (iii) radio-mul-
tiomic analysis of the biological basis of imaging heterogeneity
(Fig. 1). The clinical characteristics of these cohorts are shown
in Table 1.

Cohort 1 (FUSCC dataset) comprised 929 patients with primary
breast cancer treated at FUSCC between August 2009 and May
2015. The exclusion criteria included incomplete DCE-MRI (n =
74), poor image quality (n = 121), and no visible lesions that
could be accurately identified and mapped by radiologists (n =
23). A total of 711 samples were retained in this cohort. In this ra-
diomic cohort, 468 patients were curated from our multiomic
cohort with whole-exome sequencing (n = 365), transcriptomic se-
quencing (n = 369), copy number variation (n = 404), metabolomics
(n = 221), H&E-stained digital pathological section (n = 324), and
follow-up (n = 468) data available (fig. S1). In this patient cohort,
follow-up was completed on 30 June 2021, and the median length of
follow-up was 83.4 months. RFS was defined as the time from diag-
nosis to the first recurrence, a diagnosis of contralateral breast
cancer or death from any cause. OS was defined as the time from
the date of surgery to death from any cause. Patients without
events were censored at the time of the last follow-up. The indepen-
dent ethics committee/institutional review board of FUSCC ap-
proved the study, and the requirement for written informed
consent was waived for this retrospective study.

Cohort 2 (DUKE dataset) contained 922 patients with breast
cancer with matched radiomics and follow-up data from The
Cancer Imaging Archive (TCIA)-DUKE dataset. The exclusion cri-
teria were incomplete DCE-MRI (n = 2), excisional biopsy before
MRI (n = 32), poor image quality (n = 196), and no visible
lesions (n = 51). A total of 641 samples were retained in this
cohort, among which 618 samples had intact follow-up data.

Cohort 3 (TCGA dataset) consisted of 140 patients with breast
cancer with matched radiomic and transcriptomic sequencing data
from the TCIA-TCGA dataset. The exclusion criteria were incom-
plete DCE-MRI (n = 6), poor image quality (n = 7), and no visible
lesions (n = 5). Last, 122 samples were retained in this cohort,
among which 121 samples had transcriptomic data. Data from
cohort 2 and cohort 3 are publicly available on the TCIA, and in-
formed consent was waived. The use of these data does not require
approval from an ethics committee or institutional review board as
there is no identifiable patient information involved (41).

Cohort 1 was collected to identify imaging heterogeneity and
prognostic significance; validate the correlation among IITH,
genomic heterogeneity, and cellular heterogeneity; and determine
the biological hallmarks of imaging heterogeneity. Cohorts 2 and
3 were curated to validate the prognostic power and biological
traits of II'TH, respectively.

Su et al., Sci. Adv. 9, eadf0837 (2023) 6 October 2023

Heterogeneity-related radiomic features

Next, we selected radiomic features most correlated with imaging
heterogeneity as imaging heterogeneity-related features according
to the definition of the PyRadiomics package (https://
pyradiomics.readthedocs.io/en/latest/features.html). For first-
order features, we selected features characterizing the variation in
intensity values, and for textural features, we selected features de-
picting heterogeneous or homogeneous textural patterns. Last, 42
radiomic features (9 first-order features and 33 texture features)
were identified as heterogeneity-related features. The definition of
each heterogeneity-related feature is described in the Supplementa-
ry Materials and table S1. Considering four ROIs and the different
enhanced phases in which the features were extracted, 1968 features
were initially contained in the clustering analysis.

Imaging heterogeneity phenotypes

We performed SNF [using the R package “"SNFtool” (42)] to identify
distinct imaging heterogeneity phenotypes, considering that first-
order and textural features were quite different and could be regard-
ed as different data dimensions. MAD was used to assess the vari-
ability of heterogeneity-related radiomic features where MAD >1
was defined as high intersample variability. MAD is a measure of
the variability of univariate quantitative data similar to the SD but
more robust to outliers (43). The top 203 variable features (40 first-
order and 163 textual features) were used in this clustering analysis
(table S2). We then computed the squared Euclidean distances for
normalized first-order and textual feature matrices using the func-
tion “dist2” in the R package "SNFtools.” According to the pairwise
squared Euclidean distance matrices, a similarity network was con-
structed by the functions “affinityMatrix” and "SNF" in the R
package SNFtools. All the parameters were set as follows: K = 13,
sigma = 0.4, and t = 20. Two was identified as the optimal
number of clusters for the similarity network using the function
“Spectrum” in the R package Spectrum. Last, we conducted spectral
clustering by the function “spectralClustering” (R package
SNFtools). Given the definition of each candidate radiomic
feature, most of them were positively correlated with image hetero-
geneity (high ITH related), and the remaining features were nega-
tively correlated with image heterogeneity (low ITH related). An HI
was then calculated for each individual, defined as the arithmetic
sum of z score normalized positive features and the opposite
value of negative features, whereby a higher HI represents higher
IITH and vice versa.

Extrapolation of the imaging heterogeneity subtype was con-
ducted in the DUKE and TCGA cohorts following the same proce-
dure as the FUSCC cohort. Variable radiomic features were selected
through the criterion of MAD >1 and the SNF parameter was the
same as that used in the FUSCC cohort. HI was calculated in these
two cohorts to distinguish high- and low-IITH subpopulations.

Multiomics data generation and analysis

Sample processing for genomic DNA and total RNA extraction,
multiomic sequencing procedures, and bioinformatic operations
and analyses including whole-exome sequencing, copy number al-
terations, RNA sequencing, metabolomics, and lipidomics are pre-
sented in the Supplementary Materials.
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Statistical analysis

Student's ¢ test and Wilcoxon test were used to compare continuous
variables between groups. Pearson and Spearman tests were used to
evaluate the correlation of continuous variables. Before the compar-
isons, the normality of the distributions was tested with the Shapiro-
Wilk test. Pearson's chi-square test, and Fisher's exact test were used
for the comparison of unordered categorical variables. To explore
the association between imaging phenotypes and survival,
Kaplan-Meier analysis and the Cox proportional hazards model
were used. Differences in survival between groups were evaluated
by the log rank test. In general, tests were two sided, and P < 0.05
was regarded as statistically significant unless otherwise specified.
All statistical analyses were performed using R software
(version 4.1.1).

Supplementary Materials
This PDF file includes:
Supplementary Methods

Figs. S1 to S8

Legends for tables S1 to S9
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