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Objective: To develop a radiomics nomogram based on radiomic features
derived from dynamic contrast-enhanced magnetic resonance imaging (DCE-
MRI) combined with clinical-imaging characteristics in predicting the CD8
+Tumor-infiltrating lymphocytes (TILs) levels in patients with human epidermal
growth factor receptor 2 (HER2)-positive breast cancer (BC).

Materials and methods: A total of 126 BC patients with pathologically confirmed
HER2-positive were enrolled and randomly divided into training (n = 88) and
validation (n = 38) cohorts. A clinical-imaging model was built based on clinical
and MRI characteristics. Radiomics features were extracted from the third post-
contrast phase on DCE-MRI. Select K Best, the maximum relevance minimum
redundancy (mRMR), and least absolute shrinkage and selection operator
algorithm (LASSO) were used to select radiomics features and a radiomics
signature score (rad-score) was constructed by seven radiomics features.
Multivariate logistic regression analysis was used to construct a radiomics
nomogram model by combining with rad-score and independent clinical-
imaging factors. Performance of the clinical-imaging model, rad-score, and
radiomics nomogram model were evaluated using the area under the
curve (AUC).

Results: Seven radiomics features were used to build the rad-score. The rad-
score achieved good performance in predicting CD8+TlILs with AUCs= 0.853
and 0.822, respectively. The radiomics nomogram model based on rad-score
and clinical-imaging features (tumor margin and enhancement pattern) yielded
an optimal AUC of 0.866 and 0.886 in the training and validation cohorts,
respectively. The radiomics nomogram significantly outperformed the clinical-
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imaging model (p < 0.05) and showed a trend toward better performance
compared to the rad-score alone (p > 0.05).

Conclusions: The MRI-based radiomics nomogram has the ability to predict CD8
+TILs levels, which could be useful in identifying potential in HER2-positive BC
patients who can benefit from immunotherapy.

radiomics, magnetic resonance imaging, CD8-positive tumor-infiltrating lymphocytes,
human epidermal growth factor receptor 2, breast cancer

Introduction

Breast cancer (BC) is a highly heterogeneous malignant tumor
with various biological characteristics associated with prognosis and
treatment response. In recent years, immunotherapy and immune
checkpoint blockade have gained significant attention in the clinical
management of BC patients (1). In comparison with conventional
treatment modalities such as chemotherapy and radiotherapy,
immunotherapy has been shown to exhibit a reduced incidence of
adverse effects and to be better tolerated by patients. However, the
efficacy of immunotherapy varies, with only a subset of BC patients
demonstrating a response. Therefore, predictive biomarkers are
crucial for identifying BC patients who would truly benefit from
immune-based therapies. Tumor-infiltrating lymphocytes (TILs)
are essential components of the tumor immune
microenvironment (TIME), which play an important role in
tumor genesis, progression, metastasis, and drug resistance
processes, and are considered as a biomarker of immune
infiltration and prognosis of cancer patients. Current evidence
suggests that the presence of TILs is associated with a favorable
prognosis in BC and other solid tumors patients (2).

T lymphocytes, comprising CD8+ T cells, CD4+ helper T cells,
and regulatory T cells, are the most widely distributed immune cell
types within TILs. CD8+ T cells execute key cytotoxic functions
within the TIME and mediate responses to immune checkpoint
inhibitors (ICIs). In BC management, ICIs have shown value in
improving patients’ clinical outcomes, and an increase in baseline
density of CD8+ T cells within tumors is associated with a favorable
response to immunotherapy (3). Among the different molecular
subtypes of BC, human epidermal growth factor receptor 2 (HER2)-
positive BC has been demonstrated to exhibit high immunogenicity,
with approximately 55% containing high TILs levels in the stroma
(4). A clinical trial has revealed that higher TILs levels in HER2-
positive BC patients after neoadjuvant chemotherapy are strongly
associated with increased rates of pathologic complete response and
overall survival (OS) (5). Moreover, increased TILs have shown to
be indicative of a better response to HER2-targeted therapy in
HER2-positive BC patients (6). Hou et al. (7) has demonstrated a
positive correlation between high CD8+TILs levels and prolonged
OS in HER2-positive BC patients, suggesting that CD8+ T cells-
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mediated cytotoxic immune responses may predict better clinical
outcomes after standard chemotherapy and HER2 blockade
treatment. Consequently, precise assessment of CD8+TILs levels
before surgery is important for guiding precise treatment strategies
for patients with HER2-positive BC.

Currently, the assessment of CD8+TILs levels in BC relies on
immunohistochemical (IHC) staining of tissue specimens obtained
through surgical resection or needle biopsy. However, these invasive
and non-reproducible measures carry the risk of trauma or
complications, limiting their use in patients with poor clinical
conditions. Therefore, finding an accurate, non-invasive and
repeatable method to assess TILs levels may help predict clinical
outcomes for HER2-positive BC patients who may benefit not only
from neoadjuvant or anti-HER2-targeted therapies but also
from immunotherapy.

Recently, radiomics, which involves the extraction and analysis
of large numbers of quantitative image features from medical
images, has emerged as a promising computational medical
imaging technique (8). Dynamic contrast-enhanced magnetic
resonance imaging (DCE-MRI) is the most sensitive imaging
modality for detecting BC, making it suitable for clinical
application in radiomics. Many studies have demonstrated the use
of DCE-MRI radiomics in differentiating between benign and
malignant breast tumors (9), molecular subtyping of BC,
assessment of axillary lymph node status (10), and predicting
prognosis and treatment response (11). However, to the best of
our knowledge, there have been no studies using DCE-MRI
radiomics to predict CD8+TILs levels in HER2-positive BC. The
purpose of this study is to investigate the potential of a radiomics
nomogram, constructed using a combination of clinical-imaging
and DCE-MRI radiomics features, in predicting CD8+TILs levels in
HER2-positive BC.

Materials and methods
Patients

This retrospective study was approved by the Ethics Committee
of Daping Hospital [Approval No: 2023 (06)]. The clinical and
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Patients with histologically confirmed
HER2-positive breast cancer from
January 2019 to July 2022 (n=158)

Incomplete clinical or
pathological data (n=7).
2. Received chemotherapy,
immunotherapy,
radiotherapy
DCE-MRI (n=8).
3. Poor image quality on
DCE-MRI (n=6).
Non-mass enhancement
on DCE-MRI (n=11).

Exclusion criteria

Inclusion criteria

Female patients aged 18 years or older.
Pathologically confirmed primary HER2-
positive breast cancer.

Patients underwent preoperative or pre-
biopsy DCE-MRI examination.

DCE-MRI showed visible breast mass with
a maximum diameter larger than 1.0 cm.

[ 126 patients were enrolled in the study ]

l

Training
cohort (n=88)

!

l

Validation
cohort (n=38)

|
| }

Low CD8+TILs
level (n=46)

High CD8+TILs
level (n=42)

Low CD8+TILs
level (n=20)

High CD8+TILs
level (n=18)

FIGURE 1
Flowchart of the study population.

imaging data of 158 BC patients with histologically confirmed
HER2-positive from January 2019 to July 2022 were
retrospectively collected, and 126 patients who met inclusion and
exclusion criteria were enrolled in this study. The inclusion criteria
included: (1) Female patients aged 18 years or older; (2)
Pathologically confirmed primary HER2-positive breast cancer;
(3) Patients underwent preoperative or pre-biopsy DCE-MRI
examination; (4) DCE-MRI showed visible breast mass with a
maximum diameter larger than 1.0 cm. The exclusion criteria
included: (1) Incomplete clinical or pathological data; (2)
Received chemotherapy, immunotherapy, or radiotherapy before
DCE-MRIL (3) Poor image quality on DCE-MRI; (4) Non-mass
enhancement on DCE-MRI. Patients were randomly divided into a
training cohort (n=88) and a validation cohort (n = 38) in a ratio of
7:3. The flow chart was shown in Figure 1.

MRI technique

All patients underwent bilateral breast MRI using a 1.5T
scanner (Magnetom Aera, Siemens Healthcare, Erlangen,
Germany). The MRI protocol included: TIWI (TR/TE=8.6ms/
4.7ms, FOV = 360mmx360mm, matrix size=384x384, Slice
thickness=4.0mm); Fat saturation T2WI (TR/TE=5600ms/57ms,
FOV 340mmx340mm, matrix size=320x320, Slice
thickness=4.0mm); DCE-T1IWI (TR/TE=4.62ms/1.75ms,
FOV 360mmx360mm, matrix size=320x320, Slice
thickness=1.5mm). Gd-DTPA (Magnevist, Bayer Healthcare,
Berlin, Germany) was used as a contrast agent during the

enhanced scan and was injected into the elbow vein by a high-
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pressure syringe at a dose of 0.1 mmol/kg and a flow rate of 2.0 ml/s.
Then, 15ml of normal saline was injected at the same flow rate after
the contrast agent injection. A total of seven phases (one basal pre-
contrast and six continuous post-contrast phases) were
continuously collected without intervals. Each scanning duration
was approximately 60 seconds, a total of about 7 minutes.

Clinical data

The following clinical data were collected: age, menopausal
status, clinical TNM stage, histologic type, histologic grade, Ki67
expression (low expression<20%; high expression=20% (12)),
estrogen receptor (ER) status, and progesterone receptor (PR)
status. ER and PR positive were defined as nuclear staining of at
least 1% of tumor cells (13).

The evaluation of CD8+T1ILs followed the recommendations of
the International TILs Working Group in 2014 (14). The whole
slide was scanned at low magnification (50x), and CD8+TILs were
identified by a faint yellow to brown coarse granule staining on the
cell membrane. Then, five high-power fields (200x) were randomly
selected to evaluate CD8+TILs expression based on the percentage
of positive lymphocytes in the tumor stroma, and the average value
was calculated as the average level of CD8+TILs in the entire tumor
area. Hotspot regions were avoided during the analysis process. As
there is currently no consensus on the threshold for CD8+TILs, the
median count was used as the cutoff value (15). The median of CD8
+TILs in this study was 30%, so CD8+TILs expression < 30% was
low level and marked as (-), and > 30% was high level and marked as
(+). All THC slides were jointly analyzed by two pathologists with 8
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and 10 years of experience in breast pathology at our hospital, and
disagreements were resolved through consultation. Both
pathologists were unaware of the clinical and imaging data before
reviewing the slides.

MRI interpretation

Blinded to the clinical and histopathological findings, two
radiologists (reader 1 and 2, with 10 and 8 years of breast
imaging experience, respectively) independently reviewed the
MRI data. When compiling the statistics, if it was found that the
opinions of the two readers were inconsistent, then a consensus
would be reached through negotiation and discussion. MRI features
were recorded based on BI-RADS MRI lexicon (16-18), including
tumor maximum diameter (which was measured at the largest slice
of the tumor), shape (oval, round and irregular, with lobulated
consolidated into oval), margin (smooth margins were
circumscribed, irregular and spiculated margins were not
circumscribed), background parenchymal enhancement (BPE)
[visual estimation of normal background parenchymal
enhancement seen with the first contrast-enhanced sequence was
classified as minimal (<25%), mild (25%-50%), moderate (51%-
75%) or marked (>75%), enhancement pattern (homogenous was
confluent uniform enhancement within the entire mass;
heterogeneous was non-uniform with variable signal intensity;
rim enhancement was more pronounced enhancement towards
the periphery than the center.), time-intensity curve (TIC) pattern
(persistent was defined as a continued increase in signal intensity of
more than 10% over time; plateau remained a qualitative
description, defined as signal intensity that does not change over
time after the initial rise; washout was defined as a decrease of more
than 10% from the highest signal intensity during the initial rise),
and axillary lymph node size [selected the largest axillary lymph
node in the fat saturation T2WTI sequence, measured its maximal
cross-sectional area by manually delineating the entire boundary of
the lymph node on the largest slice using the picture archiving and
communication system (PACS)].

Tumor segmentation and feature
extraction

As previous study (19)suggested, the contrast between breast
malignant lesions and the surrounding glandular background
occurs its peck about 60-180 seconds after injection of contrast
agent. In this study, the third post-contrast phase on DCE-MRI
(DCE-MRI ha5e3) Was selected for tumor segmentation. First, the
“N4 Bias Field Correction” and “Image Intensity Filter” module
plugged in 3D-Slicer software (Version 4.11.20210226, https://
www.slicer.org/) were used to correct the bias filed and normalize
the image intensity. Radiologist 1 manually delineated each layer of
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regions of interest (ROI) by contouring the tumor along its
boundaries to obtain three-dimensional volumes of interest (VOI)
by 3D-Slicer software. Radiologist 2 delineated the ROIs for 40
randomly selected tumors. Radiologist 1 repeated the same
procedure for a second ROI depiction from the randomly selected
images after 1 month. During the delineation process, efforts were
made to exclude normal tissues surrounding the tumor but include
areas of hemorrhage, and necrosis. All VOIs were resampled to a
voxel size of 1.0 x 1.0 x 1.0 mm, and the bin width of the grayscale
histogram was fixed at 25 for image discretization. DCE-MRI
images were processed using five Laplacian Gaussian filters (i.e.,
the kernel size L was set to 1, 2, 3, 4, 5) and filters based on wavelet
variations (LLL, LLH, LHL, HLL, LHH, HLH, HHL, HHH).
Radiomics feature extraction was performed using the open-
source software package “Pyradiomics” on Python 3.7 (https://
www.python.org/), which included seven major categories: shape
feature, histogram, gray-level co-occurrence matrix (GLCM), gray-
level run length matrix (GLRM), gray-level size zone matrix
(GLSZM), neighboring gray tone difference matrix (NGTDM),
and gray-level dependence matrix (GLDM). A total of 1218
radiomics features were extracted from each VOI. These features
conformed to the guidelines of the Image Biomarker
Standardization Initiative Reference Manual (ISBI).

Radiomics nomogram construction

Only radiomics features with intra-observer intraclass
correlation coefficient (ICC) and inter-observer ICC greater than
0.75 were used for further analysis. Using the Darwin research
platform (https://www.yizhun-ai.com/), four-step procedure was
used to select the final radiomic features of the training cohort:
(a) all features were preprocessed by maximum absolute
normalization; (b) Use the “Select K Best” feature selection
module to reduce the feature dimension; (¢) The maximum
relevance minimum redundancy (mRMR) algorithm was used to
retain top 20 features; (d) Finally, the least absolute shrinkage and
selection operator (LASSO) with 5-fold cross-validation was used to
filter out the optimal features.

In the training cohort, the selected radiomics features and their
corresponding LASSO regression coefficients were combined in a
weighted linear to establish the Rad-score, and the Rad-score of each
tumor was analyzed by univariate logistic regression to construct the
radiomics model. Meanwhile, univariate and multivariate logistic
regression analyses were performed to identify independent clinical-
imaging factors. Only factors with P<0.05 in univariate analysis were
incorporated into multivariate analysis. These prominent factors were
used to construct a clinical-imaging model. Finally, a radiomics
nomogram model was constructed using multivariate logistic
regression combined with clinical-imaging features and Rad-score.
The performance of each model built by the training cohort was
verified in the verification cohort.
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Statistical analysis

Statistical analysis was performed using SPSS and R software.
The normality and homogeneity of variance of the data were
evaluated using the Kolmogorov-Smirnov test and Levene’s test.
Normally distributed continuous data were presented as mean +
standard deviation (SD), while non-normally distributed data were
presented as median (interquartile range). Independent sample t-
tests or Mann-Whitney U tests were used for intergroup
comparisons. Categorical data were presented as frequencies and
percentages, and intergroup comparisons were performed using the
chi-square test or Fisher’s exact test. The receiver operating
characteristic (ROC) curve was plotted using Medcalc 20.0, and
the area under the curve (AUC), sensitivity, specificity, and
accuracy were calculated to evaluate model’s performance. Delong
test was used to compare the AUC differences among different
models. ICCs were calculated using the “psych” package, calibration
plots were performed using the “rms” package, and decision curve
analysis (DCA) was performed using the “devtools” package. p<0.05
was considered statistically significant.

Results

Patient characteristics and clinical-imaging
model

52.4% of patients (66/126) were low CD8+T1Ls level and 47.6%
(60/126) were high CD8+TILs level. BC patients’ clinical and
imaging features in the training and validation cohorts were
shown in Tables 1 and 2. Among these features, there were
significant differences in N stage, maximum diameter, tumor
margin, and enhancement pattern in the training and validation
cohorts, and T stage in the training cohort (p < 0.05). Classic MRI
features of HER2-positive BC with low and high CD8+TILs levels
were shown in Figure 2 and Figure 3. In the training cohort,
univariate analysis showed significant associations between several
risk factors and CD8+TILs levels, including T stage, N stage,
maximum diameter, tumor margin, and enhancement pattern (p
<0.05). Multivariate regression analysis revealed that tumor margin
and enhancement pattern were independent risk factors (p < 0.05).
The AUC of the clinical-imaging model constructed by these two
variables was 0.785 [95% confidence interval (CI): 0.690-0.881] and
0.803 (95% CI: 0.654-0.951) in the training and validation
cohorts, respectively.

Features selection and rad-score model

A total of 1218 radiomics features were extracted from each
VOI. After removing features with inter-observer and intra-
observer ICCs < 0.75, 1093 features were obtained. In the training
cohort, the Select K Best algorithm and mRMR algorithm were used
for dimensionality reduction. Finally, 7 features were selected by the
LASSO regression algorithm, including 1 shape feature, 2 first-order
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statistical features, and 4 texture features (Figure 4). In both the
training and validation cohorts, the Rad-score in high CD8+TILs
level was significantly higher than the low CD8+TILs level (p <
0.001) (Figure 5). The Rad-score model demonstrated good
performance in predicting CD8+TILs levels, with AUC of 0.853
(95% CI 0.771-0.935) and 0.822 (95% CI 0.686-0.958) in the
training and validation cohorts, respectively. The Rad-score
formula was as follows:

Rad-score=1.326xlog-sigma-3-0-mm-3D_firstorder_Kurtosis-
1.236xlog-sigma-2-0-mm-3D_gldm_SmallDependence
LowGrayLevelEmphasis+1.075xwavelet-LHL_glszm_Small
AreaHighGrayLevelEmphasis+1.039xwavelet-LHL_firstorder_Mean
+0.960xwavelet-HLH_glem_Imc2 + 0.833xoriginal_shape_
Maximum2DDiameterColumn-0.760xlog-sigma-4-0-mm-
3D_glem_Imcl-1.770.

Radiomics homogram model

The radiomics nomogram model was constructed based on the
selected clinical-imaging risk factors (tumor margin and
enhancement pattern) and rad-score (Figure 6). Calibration
curves (Figure 7) showed the probability values of high CD8
+TILs levels predicted by the radiomics nomogram model was in
good agreement with the true values. Hosmer-Lemeshow test
showed that the radiomics nomogram model was well calibrated
in the training (p = 0.837) and validation (p = 0.600) cohorts. DCA
showed that the radiomics nomogram model was more valuable in
clinical application than clinical-imaging model and rad-score
model (Figure 7). Table 3 summarized the effectiveness of
different models in predicting CD8+TILs levels. ROC curves of
the three models for both the training and validation cohorts were
shown in (Figure 7). The radiomics nomogram model achieved
optimal predictive performance, with AUC of 0.866 (95% CI: 0.792-
0.941) and 0.886 (95% CI: 0.778-0.994) in the training and
validation cohorts, respectively. In the training cohort, Delong
test showed that the radiomics nomogram model had a
significantly higher diagnostic performance than the clinical-
imaging model (p = 0.016), whereas there was no significant
difference between the radiomics nomogram and Rad-score
models (p = 0.550) (Table 4).

Discussion

In this study, we established and validated an MRI-based radiomics
nomogram by incorporating Rad-score and conventional MRI features
to predict the CD8+TILs levels in HER2-positive BC. The radiomics
nomogram model exhibited favorable performance for differentiating
low CD8+TILs from high CD8+TILs levels in the HER2-positive BC,
with an AUC of 0.866 and 0.886 in the training and validation cohorts,
respectively. These findings suggest that the MRI-based radiomics
nomogram could serve as an economical, effective and non-invasive
tool for stratifying HER2-positive BC patients who may benefit
from immunotherapy.
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TABLE 1 Comparison of clinical features between HER2-positive breast cancer patients with low and high CD8+TILs levels in the training and
validation cohorts.

Training cohort (n=88) Validation cohort (n=38)
Variables Low CD8+TILs  High CD8+TILs " Valul® |4 CD8+TILs  High CD8+TILs P value
level (n=46) level (n=42) level (h=20) level (n=18)
ggezéy;ag; 4957 + 11.06 54.19 + 10.72 0.051 51.85 + 691 5261 + 991 0.783
Menopause 0.157 0.757
No 21(45.7%) 13(31.0%) 10(50.0%) 10(55.6%)
Yes 25(54.3%) 29(69.0%) 10(50.0%) 8(44.4%)
T stage 0.002 0.051
Tis 2(4.3%) 0(0.0%) 2(10.0%) 0(0.0%)
T1 3(6.5%) 1(2.4%) 2(10.0%) 1(5.6%)
T2 37(80.4%) 27(64.3%) 15(75.0%) 11(61.1%)
T3 2(4.3%) 6(14.3%) 1(5.0%) 5(27.8%)
T4 2(4.3%) 8(19.0%) 0(0.0%) 1(5.6%)
N stage 0.028 0.009
NO 23(50.0%) 12(28.6%) 10(50.0%) 2(11.1%)
N1 17(37.0%) 19(45.2%) 9(45.0%) 11(61.1%)
N2 3(6.5%) 5(11.9%) 1(5.0%) 3(16.7%)
N3 3(6.5%) 6(14.3%) 0(0.0%) 2(11.1%)
Metastasis 0.315 0.395
MO 38(82.6%) 33(78.6%) 18(90.0%) 14(77.8%)
Ml 1(2.2%) 4(9.5%) 2(10.0%) 4(22.2%)
Mx 7(15.2%) 5(11.9%) 0(0.0%) 0(0.0%)
Histologic type 0.465 0.488
Non-invasive 4(8.7%) 2(4.8%) 2(10.0%) 0(0.0%)
Invasive 42(91.3%) 40(95.2%) 18(90.0%) 18(100.0%)
Histologic grade 0.368 0.633
1 0(0.0%) 0(0.0%) 0(0.0%) 0(0.0%)
i 36(78.3%) 36(85.7%) 17(85.0%) 17(94.4%)
i 10(21.7%) 6(14.3%) 3(15.0%) 1(5.6%)
Ki-67 0.974 0.606
Low 13(28.3%) 12(28.6%) 3(15.0%) 1(5.6%)
High 33(71.7%) 30(71.4%) 17(85.0%) 17(94.4%)
ER status 0.177 1.000
Negative 23(50.0%) 2764.3%) 12(60.0%) 11(61.1%)
Positive 23(50.0%) 15(35.7%) 8(40.0%) 7(38.9%)
PR status 0.572 0.522
Negative 28(60.9%) 28(66.7%) 11(55.0%) 12(66.7%)
Positive 18(39.1%) 14(33.3%) 9(45.0%) 6(33.3%)

HER2, human epidermal growth factor receptor 2;TILs, Tumor-infiltrating lymphocytes; SD, standard deviation; ER, estrogen receptor; PR, progesterone receptor.
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TABLE 2 Comparison of imaging features between HER2-positive breast cancer patients with low and high CD8+TlLs level s in the training and validation cohorts.

Training cohort (n=88) Validation cohort (n=38)

Variables Low CD8+TlLs  High CD8+TILs P Valué |4 CD8+TILs  High CD8+TILs P value
level (n=46) level (n=42) level (h=20) level (n=18)

Maximum diameter

(cm), 2.56 £ 091 3.05 + 1.10 0.023 2.38(1.93,2.69) 3.44(2.45,4.56) 0.002
mean + SD

Shape 0.572 1.000
Round/oval 44(95.7%) 39(92.9%) 19(95.0%) 17(94.4%)

Irregular 2(4.3%) 3(7.1%) 1(5.0%) 1(5.6%)

Margin 0.001 0.028
Circumscribed 36(78.3%) 19(45.2%) 13(65.0%) 5(27.8%)

Not circumscribed 10(21.7%) 23(54.8%) 7(35.0%) 13(72.2%)

Enhancement pattern 0.000 0.022
Rim 7(15.2%) 8(19.0%) 1(5.0%) 7(38.9%)

Heterogeneous 12(26.1%) 28(66.7%) 10(50.0%) 8(44.4%)

Homogeneous 27(58.7%) 6(14.3%) 9(45.0%) 3(16.7%)

BPE 0.787 1.000
Minimal (<25%) 28(60.9%) 26(61.9%) 7(35.0%) 5(27.8%)

Mild (25%-50%) 12(26.1%) 12(28.6%) 9(45.0%) 11(61.1%)

Moderate (51%-75%) 3(6.5%) 4(9.5%) 4(20.0%) 2(11.1%)

Marked (>75%) 3(6.5%) 0(0.0%) 0(0.0%) 0(0.0%)

TIC pattern 0.387 0.103
I (persistent) 2(4.3%) 0(0.0%) 0(0.0%) 0(0.0%)

II (plateau) 27(58.7%) 25(59.5%) 7(35.0%) 12(66.7%)

III (washout) 17(37.0%) 17(40.5%) 13(65.0%) 6(33.3%)

ALN size (cm?),

222 +234 3.07 £3.29 0.166 4.06 + 9.88 4.59 + 3.60 0.832
mean + SD

HER2, human epidermal growth factor receptor 2;TILs, Tumor-infiltrating lymphocytes; SD, standard deviation; BPE, background parenchymal enhancement; TIC, time-intensity curve; ALN,
axillary lymph node.

FIGURE 2

Classic MRI features of breast cancers with low and high CD8+TILs levels. A HER2-positive breast cancer ((A) HE x200) with low CD8+TILs level
(about 20%) ((B) IHCx200) presented an oval mass with circumscribed margin (red arrow) and homogeneous enhancement on DCE-MRI (C, D). A
HER2-positive breast cancer ((E) HE x200) with high CD8+TILs level (about 80%) ((F) IHCx200) presented an oval mass with not circumscribed
margin (white arrow) and heterogeneous enhancement on DCE-MRI (G, H). MRI, magnetic resonance imaging; TILs, Tumor-infiltrating lymphocytes;
HER2, human epidermal growth factor receptor 2; HE, hematoxylin and eosin staining; IHC, immunohistochemical; DCE-MRI: dynamic contrast-
enhanced magnetic resonance imaging
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FIGURE 3
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Classic MRI features of breast cancers with low and high CD8+TILs levels. A HER2-positive breast cancer ((A) HE x200) with low CD8+TILs level
(about 10%) ((B) IHCx200) presented an oval mass with circumscribed margin (red arrow), and the TIC curve was plateau on DCE-MRI (C, D). A
HER2-positive breast cancer ((E) HE x200) with high CD8+TILs level (about 60%) ((F) IHCx200) presented an irregular mass with not circumscribed
margin (white arrow), and TIC curve was washout on DCE-MRI (G, H). MRI, magnetic resonance imaging; TILs, Tumor-infiltrating lymphocytes;
HER2, human epidermal growth factor receptor 2; HE, hematoxylin and eosin staining; IHC, immunohistochemical; DCE-MRI: dynamic contrast-

enhanced magnetic resonance imaging, TIC, time-intensity curve.

In this study, tumors exhibiting elevated levels of CD8+TILs
demonstrated a significantly higher clinical T-stage and N-stage,
suggesting that these tumors possessed a higher degree of
malignancy. In terms of morphology, this study found that
tumors with higher levels of CD8+ TILs tended to exhibit longer
diameters, more not circumscribed margin, and heterogeneous
enhancement. However, it should be noted that there were some
discrepancies between the conclusions of other researchers and
those of this study. Pujani et al. (20) believed that the TILs level of
breast cancer larger than 5 cm was significantly elevated, and the
proportion of HER2-positive breast cancer subtypes was 16.83%
(17/101) in their study population. Bian et al. (21) concluded that
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FIGURE 4

the smaller tumor diameter was associated with higher TILs level,
and the proportion of HER2-positive breast cancer was only 7.14%
(11/154) in their study population. The reason why our research
conclusion was similar to the former but different from the latter
might be that the study populations we included were all patients
with HER2-positive breast cancer. Choi et al. (22) observed that
there was no association between tumor margin and TILs level, but
they divided the TIL levels into three groups (low: <10%,
intermediate: 10-50%, high: >50%) among patients with ER-
negative/HER2-positive BC. Furthermore, Celebi et al. (23)
observed that tumors exhibiting high TILs demonstrated more
homogeneous enhancement compared to those with low TILs.

Coefficients of SelectFromModel

Result of selected radiomics features. Seven radiomics features were presented, including 1 morphological feature, 2 first-order statistical features,

and 4 texture features.
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FIGURE 5

Comparison of rad-score between different CD8+TlILs levels. High CD8+TlILs level had higher rad-score than the low CD8+TILs level in the training
(A) and validation cohorts (B) (p < 0.001). TILs, Tumor-infiltrating lymphocytes.

However, in Celebi’s study, the proportion of HER2-positive breast
cancer was only 5.06% (8/158), and enhancement pattern was not
identified through the multivariate logistic regression analysis.
What was most notable was that their study included different
type breast cancers and only focused on TILs, not CD8+TILs.
Utilizing univariate and multivariate logistic regression analyses,
we identified tumor margin and enhancement pattern as
independent predictors of high CD8+TILs levels. The clinical-
imaging model, constructed on these two factors, demonstrated
an area under the curve (AUC) of 0.785 (95% confidence interval
[CI]: 0.690-0.881) in the training cohort and 0.803 (95% CI: 0.654-
0.951) in the validation cohort.

Radiomics has recently emerged as a prevalent research tool in
the field of tumor studies. This methodology involves the extraction
of high-throughput quantitative features from medical images,
facilitating the identification of subtle changes within tumors that

are challenging to discern through visual assessment. A few
previous studies have used radiomics to predict the TILs level in
BC. Yu et al. (24) developed a radiomics model from digital
mammograms, demonstrating excellent predictive performance
for TILs level in both the training (AUC = 0.830) and validation
cohorts (AUC = 0.790). Tang et al. (25) reported that features
extracted from the delayed phase MRI, particularly DCEpp,ges
provided superior information regarding the extent of TILs
infiltration in comparison to features from other phases.
However, these previous works only discussed overall TILs levels
within all molecular subtypes of BC. Conversely, this study is the
first attempt to develop a radiomics nomogram based on DCE-MRI
phases images for predicting the CD8+TILs levels in HER2-
positive BC.

In this study, the rad-score model was constructed using seven
features, which were primarily derived from Gaussian filtering and

. 0 10 20 30 40 50 60 70 80 90 100
POlntS L n 1 1 n 1 1 n 1 1 )
Rad-score 0.15 0.2 025 0.3 035 04 045 05 055 06 065 0.7 0.75 0.8 0.85
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FIGURE 6

Radiomics nomogram. Radiomics nomogram constructed by rad-score and clinical-imaging features (tumor margin and enhancement pattern) for
predicting high CD8+TILs level in the training cohort. TILs, Tumor-infiltrating lymphocytes.
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FIGURE 7
Calibration curves, DCA and ROC curves for different models. Calibration curves in the training (A) and validation (B) cohorts demonstrated the
excellent discriminatory ability of the radiomics nomogram (the black solid line fitted to the diagonal ideal line). DCA in the training (C) and validation
(D) cohorts revealed that the radiomics nomogram showed good clinical practicability and achieved the greatest net benefit. ROC curves in the
training (E) and validation (F) cohorts showed radiomics nomogram had the highest AUC. DCA, decisive curve analysis, ROC, receiver operating
characteristic; AUC, area under the curve.

TABLE 3 Different models predict the effectiveness of CD8+TILs levels in HER2-positive breast cancer.

Training cohort (n=88) Validation cohort (n=38)
Models e e p
AUC (95% CI) Se”(s;t)""ty Spe(c,,}f;c'ty AUC (95% CI) Se”(i}t)""ty Specificity (%)
o o (-}
N 0.785 0.803
Clinical-imaging model (0.690,0.881) 76.2% 71.7% (0654, 0.951) 77.8% 80.0%
Rad-score 0853 85.7% 82.6% 0822 83.3% 80.0%
(0.771,0.935) o o (0.686, 0.958) = o
Radiomics Nomogram 0.866 0.886
$3.3% 78.3% 77.8% 90.0%
model (0.792,0.941) (0.778, 0.994)

TILs, Tumor-infiltrating lymphocytes; HER2, human epidermal growth factor receptor 2; AUC, area under the curve; CI, confidence interval.

TABLE 4 Comparison of AUC values in different models.

Training cohort (n=88) Validation cohort (n=38)
Models
Z value P value Z value P value
Clinical-imaging model vs Rad-score 1.263 0.206 0.222 0.825
Clinical-imaging model vs Radiomics nomogram model 2.412 0.016 1.398 0.162
Rad-score vs Radiomics nomogram model 0.598 0.550 1.376 0.169

AUC, area under the curve.
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wavelet transformation of the original images. In both the training and
validation cohorts, the rad-score of the high CD8+TILs level group was
significantly higher than that those of the low CD8+TILs level group.
These findings could be attributed to the fact that CD8+TILs are
cytotoxic T cells that produce gamma interferon, which generates a
tumor inflammatory environment such as central necrosis and edema
(26). Thus, tumors with higher levels of CD8+TILs tend to have a more
heterogeneous enhancement pattern. In this study, the rad-score model
achieved an AUC of 0.853 in the training cohort and 0.822 in the
validation cohort to stratify high and low levels of CD8+TILs. Arefan
et al. (27) used imaging and gene expression data from 73 BC patients
in the TCIA and TCGA databases to establish the relationship between
radiomics features and tumor immune cell abundance by constructing
a multivariate logistic regression model. The results showed that the
predicted AUC of CD8+ T cell abundance was 0.740 and 0.620 in the
cross-validation and external independent validation cohorts,
respectively. The higher AUC for predicting CD8+TILs levels in this
study may be attributed to the fact that the study focused on a
particular BC molecular subtype and included more patient samples.

This study showed that the radiomics nomogram model based
on rad-score and clinical-imaging features (tumor margin and
enhancement pattern) exhibits optimal performance in predicting
the CD8+T1Ls levels in HER2-positive BC. In the training cohort,
the efficiency of the radiomics nomogram model was significantly
higher than clinical-imaging model, and the difference was
statistically significant (p = 0.016). Although the radiomics
nomogram model was slightly higher than the rad-score, there
was no statistical significance between them (p > 0.05). This finding
indicated that radiomics features were strong components of the
radiomics nomogram, while conventional imaging data were of
limited value for model improvement.

There are several limitations in this study. Firstly, the study is
retrospective, and there may be inherent biases in data collection.
Secondly, this study is a single-center study with a limited number
of cases and lacks external validation. Thirdly, this study lacks
information on patient treatment response and prognosis. Future
studies will further explore the relationship between DCE-MRI
radiomic features and treatment response or prognosis in HER2-
positive breast cancer patients with different CD8+TILs levels in the
multi-center to enhance the clinical applicability of our findings.

Conclusion

In conclusion, this study shows that the MRI-based radiomics
nomogram has a good performance for predicting the CD8+TILs
levels in HER2-positive BC. Our findings indicate a promising
future for the guiding of immunotherapy in HER2-positive BC
patients and deserve further in-depth study.

Data availability statement

The raw data supporting the conclusions of this article will be
made available by the authors, without undue reservation.

Frontiers in Oncology

11

10.3389/fonc.2025.1612631

Ethics statement

The studies involving humans were approved by Ethics
Committee of Army Medical Center of PLA Approval of Medical
Research Involving People Ethical. The studies were conducted in
accordance with the local legislation and institutional requirements.
The ethics committee/institutional review board waived the
requirement of written informed consent for participation from
the participants or the participants’ legal guardians/next of kin
because this was a retrospective study, which collected clinical and
imaging data from patients retrospectively, the patients’ informed

consent was waived.

Author contributions

XL: Writing - original draft, Formal Analysis, Investigation,
Data curation, Software. QD: Writing - original draft, Data
curation, Formal Analysis, Investigation, Software. CC: Data
curation, Visualization, Writing - original draft. HG:
Visualization, Writing — original draft, Data curation. CZ: Data
curation, Writing - original draft, Validation. PZ: Validation, Data
curation, Writing - original draft. JF: Conceptualization,
Methodology, Project administration, Supervision, Resources,
Writing - review & editing. YW: Resources, Conceptualization,
Project administration, Writing - review & editing, Methodology,
Funding acquisition, Supervision.

Funding

The author(s) declare financial support was received for the
research and/or publication of this article. This study was
supported by the grant from the Artificial Intelligence + Medical
Research Project of the Army Medical University, Daping Hospital
(ZXAIYB002) and the Clinical Medical Research Project of Army
Medical University (No. 2022XLC08).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Generative Al was used in the
creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this
article has been generated by Frontiers with the support of artificial
intelligence and reasonable efforts have been made to ensure
accuracy, including review by the authors wherever possible. If
you identify any issues, please contact us.

frontiersin.org


https://doi.org/10.3389/fonc.2025.1612631
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Li et al.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated

References

1. Santa-Maria CA, Nanda R. Immune checkpoint inhibitor therapy in breast
cancer. J Natl Compr Canc Netw. (2018) 16:1259-68. doi: 10.6004/jnccn.2018.7046

2. Byrne A, Savas P, Sant S, Li R, Virassamy B, Luen §J, et al. Tissue-resident
memory T cells in breast cancer control and immunotherapy responses. Nat Rev Clin
Oncol. (2020) 17:341-8. doi: 10.1038/s41571-020-0333-y

3. Voorwerk L, Slagter M, Horlings HM, Sikorska K, van de Vijver KK, de Maaker
M, et al. Immune induction strategies in metastatic triple-negative breast cancer to
enhance the sensitivity to PD-1 blockade: the TONIC trial. Nat Med. (2019) 25:920-8.
doi: 10.1038/s41591-019-0432-4

4. Duro-Sanchez S, Alonso MR, Arribas J. Immunotherapies against HER2-positive
breast cancer. Cancers (Basel). (2023) 15. doi: 10.3390/cancers15041069

5. Salgado R, Denkert C, Campbell C, Savas P, Nuciforo P, Aura C, et al. Tumor-
infiltrating lymphocytes and associations with pathological complete response and
event-free survival in HER2-positive early-stage breast cancer treated with lapatinib
and trastuzumab: A secondary analysis of the neoALTTO trial. JAMA Oncol. (2015)
1:448-54. doi: 10.1001/jamaoncol.2015.0830

6. Loi S, Giobbie-Hurder A, Gombos A, Bachelot T, Hui R, Curigliano G, et al.
Pembrolizumab plus trastuzumab in trastuzumab-resistant, advanced, HER2-positive
breast cancer (PANACEA): a single-arm, multicentre, phase 1b-2 trial. Lancet Oncol.
(2019) 20:371-82. doi: 10.1016/S1470-2045(18)30812-X

7. Hou Y, Nitta H, Wei L, Banks PM, Lustberg M, Wesolowski R, et al. PD-L1
expression and CD8-positive T cells are associated with favorable survival in HER2-
positive invasive breast cancer. Breast J. (2018) 24:911-9. doi: 10.1111/
tbj.2018.24.issue-6

8. Conti A, Duggento A, Indovina I, Guerrisi M, Toschi N. Radiomics in breast
cancer classification and prediction. Semin Cancer Biol. (2021) 72:238-50. doi: 10.1016/
j.semcancer.2020.04.002

9. Zhang Q, Peng Y, Liu W, Bai J, Zheng J, Yang X, et al. Radiomics based on
multimodal MRI for the differential diagnosis of benign and Malignant breast lesions. J
Magn Reson Imaging. (2020) 52:596-607. doi: 10.1002/jmri.27098

10. Tan H, Gan F, Wu Y, Zhou J, Tian J, Lin Y, et al. Preoperative prediction of
axillary lymph node metastasis in breast carcinoma using radiomics features based on
the fat-suppressed T2 sequence. Acad Radiol. (2020) 27:1217-25. doi: 10.1016/
j-acra.2019.11.004

11. Cain EH, Saha A, Harowicz MR, Marks JR, Marcom PK, Mazurowski MA.
Multivariate machine learning models for prediction of pathologic response to
neoadjuvant therapy in breast cancer using MRI features: a study using an
independent validation set. Breast Cancer Res Treat. (2019) 173:455-63.
doi: 10.1007/s10549-018-4990-9

12. Dowsett M, Nielsen TO, A’Hern R, Bartlett J, Coombes RC, Cuzick J, et al.
Assessment of Ki67 in breast cancer: recommendations from the International Ki67 in
Breast Cancer working group. J Natl Cancer Inst. (2011) 103:1656-64. doi: 10.1093/
jnci/djr393

13. Allison KH, Hammond MEH, Dowsett M, McKernin SE, Carey LA, Fitzgibbons
PL, et al. Estrogen and progesterone receptor testing in breast cancer: american society
of clinical oncology/college of american pathologists guideline update. Arch Pathol Lab
Med. (2020) 144:545-63. doi: 10.5858/arpa.2019-0904-SA

Frontiers in Oncology

12

10.3389/fonc.2025.1612631

organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

14. Salgado R, Denkert C, Demaria S, Sirtaine N, Klauschen F, Pruneri G, et al. The
evaluation of tumor-infiltrating lymphocytes (TILs) in breast cancer: reccommendations
by an International TILs Working Group 2014. Ann Oncol. (2015) 26:259-71.
doi: 10.1093/annonc/mdu450

15. Al-Saleh K, Abd El-Aziz N, Ali A, Abozeed W, Abd El-Warith A, Ibraheem A,
et al. Predictive and prognostic significance of CD8(+) tumor-infiltrating lymphocytes
in patients with luminal B/HER 2 negative breast cancer treated with neoadjuvant
chemotherapy. Oncol Lett. (2017) 14:337-44. doi: 10.3892/01.2017.6144

16. Spak DA, Plaxco JS, Santiago L, Dryden MJ. BI-RADS((R)) fifth edition: A
summary of changes. Diagn Interv Imaging. (2017) 98:179-90. doi: 10.1016/
j.diii.2017.01.001

17. Rao AA, Feneis ], Lalonde C, Ojeda-Fournier H. A pictorial review of changes in
the BI-RADS fifth edition. Radiographics. (2016) 36:623-39. doi: 10.1148/
rg.2016150178

18. Agrawal G, Su MY, Nalcioglu O, Feig SA, Chen JH. Significance of breast lesion
descriptors in the ACR BI-RADS MRI lexicon. Cancer. (2009) 115:1363-80.
doi: 10.1002/cncr.v115:7

19. Chatterji M, Mercado CL, Moy L. Optimizing 1.5-Tesla and 3-Tesla dynamic
contrast-enhanced magnetic resonance imaging of the breasts. Magn Reson Imaging
Clin N Am. (2010) 18:207-24, viii. doi: 10.1016/j.mric.2010.02.011

20. Pujani M, Jain H, Chauhan V, Agarwal C, Singh K, Singh M. Evaluation of
Tumor infiltrating lymphocytes in breast carcinoma and their correlation with
molecular subtypes, tumor grade and stage. Breast Dis. (2020) 39:61-9. doi: 10.3233/
BD-200442

21. Bian T, Wu Z, Lin Q, Mao Y, Wang H, Chen J, et al. Evaluating tumor-
infiltrating lymphocytes in breast cancer using preoperative MRI-based radiomics. |
Magn Reson Imaging. (2022) 55:772-84. doi: 10.1002/jmri.27910

22. Choi WJ, Kim Y, Cha JH, Shin HJ, Chae EY, Yoon GY, et al. Correlation between
magnetic resonance imaging and the level of tumor-infiltrating lymphocytes in patients
with estrogen receptor-negative HER2-positive breast cancer. Acta Radiol. (2020) 61:3—
10. doi: 10.1177/0284185119851235

23. Celebi F, Agacayak F, Ozturk A, Ilgun S, Ucuncu M, Iyigun ZE, et al. Usefulness
of imaging findings in predicting tumor-infiltrating lymphocytes in patients with breast
cancer. Eur Radiol. (2020) 30:2049-57. doi: 10.1007/s00330-019-06516-x

24. Yu H, Meng X, Chen H, Liu J, Gao W, Du L, et al. Predicting the level of tumor-
infiltrating lymphocytes in patients with breast cancer: usefulness of mammographic
radiomics features. Front Oncol. (2021) 11:628577. doi: 10.3389/fonc.2021.628577

25. Tang WJ, Kong QC, Cheng ZX, Liang YS, Jin Z, Chen LX, et al. Performance of
radiomics models for tumour-infiltrating lymphocyte (TIL) prediction in breast cancer:
the role of the dynamic contrast-enhanced (DCE) MRI phase. Eur Radiol. (2022)
32:864-75. doi: 10.1007/s00330-021-08173-5

26. Pilipow K, Darwich A, Losurdo A. T-cell-based breast cancer immunotherapy.
Semin Cancer Biol. (2021) 72:90-101. doi: 10.1016/j.semcancer.2020.05.019

27. Arefan D, Hausler RM, Sumkin JH, Sun M, Wu S. Predicting cell invasion in
breast tumor microenvironment from radiological imaging phenotypes. BMC Cancer.
(2021) 21:370. doi: 10.1186/s12885-021-08122-x

frontiersin.org


https://doi.org/10.6004/jnccn.2018.7046
https://doi.org/10.1038/s41571-020-0333-y
https://doi.org/10.1038/s41591-019-0432-4
https://doi.org/10.3390/cancers15041069
https://doi.org/10.1001/jamaoncol.2015.0830
https://doi.org/10.1016/S1470-2045(18)30812-X
https://doi.org/10.1111/tbj.2018.24.issue-6
https://doi.org/10.1111/tbj.2018.24.issue-6
https://doi.org/10.1016/j.semcancer.2020.04.002
https://doi.org/10.1016/j.semcancer.2020.04.002
https://doi.org/10.1002/jmri.27098
https://doi.org/10.1016/j.acra.2019.11.004
https://doi.org/10.1016/j.acra.2019.11.004
https://doi.org/10.1007/s10549-018-4990-9
https://doi.org/10.1093/jnci/djr393
https://doi.org/10.1093/jnci/djr393
https://doi.org/10.5858/arpa.2019-0904-SA
https://doi.org/10.1093/annonc/mdu450
https://doi.org/10.3892/ol.2017.6144
https://doi.org/10.1016/j.diii.2017.01.001
https://doi.org/10.1016/j.diii.2017.01.001
https://doi.org/10.1148/rg.2016150178
https://doi.org/10.1148/rg.2016150178
https://doi.org/10.1002/cncr.v115:7
https://doi.org/10.1016/j.mric.2010.02.011
https://doi.org/10.3233/BD-200442
https://doi.org/10.3233/BD-200442
https://doi.org/10.1002/jmri.27910
https://doi.org/10.1177/0284185119851235
https://doi.org/10.1007/s00330-019-06516-x
https://doi.org/10.3389/fonc.2021.628577
https://doi.org/10.1007/s00330-021-08173-5
https://doi.org/10.1016/j.semcancer.2020.05.019
https://doi.org/10.1186/s12885-021-08122-x
https://doi.org/10.3389/fonc.2025.1612631
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	MRI-based radiomics nomogram for predicting CD8-positive tumor-infiltrating lymphocytes levels in HER2-positive breast cancer
	Introduction
	Materials and methods
	Patients
	MRI technique
	Clinical data
	MRI interpretation
	Tumor segmentation and feature extraction
	Radiomics nomogram construction
	Statistical analysis

	Results
	Patient characteristics and clinical-imaging model
	Features selection and rad-score model
	Radiomics nomogram model

	Discussion
	Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher’s note
	References


