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of metastasized axillary lymph nodes in breast
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Abstract

Background Accurate assessment of axillary status after neoadjuvant therapy for breast cancer patients with axil-
lary lymph node metastasis is important for the selection of appropriate subsequent axillary treatment decisions. Our
objectives were to accurately predict whether the breast cancer patients with axillary lymph node metastases could
achieve axillary pathological complete response (pCR).

Methods We collected imaging data to extract longitudinal CT image features before and after neoadjuvant chemo-
therapy (NAQ), analyzed the correlation between radiomics and clinicopathological features, and developed models
to predict whether patients with axillary lymph node metastasis can achieve axillary pCR after NAC. The clinical utility
of the models was determined via decision curve analysis (DCA). Subgroup analyses were also performed. Then,

a nomogram was developed based on the model with the best predictive efficiency and clinical utility and was vali-
dated using the calibration plots.

Results A total of 549 breast cancer patients with metastasized axillary lymph nodes were enrolled in this study.

42 independent radiomics features were selected from LASSO regression to construct a logistic regression model
with clinicopathological features (LR radiomics-clinical combined model). The AUC of the LR radiomics-clinical com-
bined model prediction performance was 0.861 in the training set and 0.891 in the testing set. For the HR+/HER2 —,
HER2 +, and Triple negative subtype, the LR radiomics-clinical combined model yields the best prediction AUCs

of 0.756,0.812, and 0.928 in training sets, and AUCs of 0.757,0.777 and 0.838 in testing sets, respectively.

Conclusions The combination of radiomics features and clinicopathological characteristics can effectively predict
axillary pCR status in NAC breast cancer patients.
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Pathological complete response
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Introduction

Breast cancer patients with axillary lymph node metas-
tasis often need neoadjuvant chemotherapy (NAC). For
NAC patients, pCR means no residual invasive carci-
noma in either the primary breast tumor lesion or the
positive axillary lymph node. Previous studies showed
that approximately 20-40% of NAC patients with axil-
lary lymph node metastasis could achieve axillary pCR
[1], with higher proportions observed in triple-negative
and HER2-positive patients [2]. Achieving axillary pCR
holds greater significance compared to the primary
lesion for evaluating the patient’s prognosis [3]. How-
ever, NAC patients with axillary lymph node metastasis
generally require direct axillary lymph node dissection
(ALND) after completing NAC [4, 5]. This procedure
can lead to complications such as impaired upper limb
function, numbness, pain, and even lymphedema [6-8].
Therefore, for patients who might achieve axillary pCR
through NAC, the potential benefits of ALND may be
outweighed by the risk of surgical complications. These
patients should be considered for surgery de-escalation
to avoid these complications [9]. The key issue lies in how
to determine axillary pCR before surgery. If a noninvasive
approach can accurately assess the axillary lymph node
status before surgery, axillary pCR patients could even be
exempted from axillary surgery. It may hold significant
decision-making implications for surgeons.

Traditional prediction models for axillary pCR often
rely solely on clinical and pathological features and their
performances are often unsatisfactory [10, 11]. One pos-
sible reason is that these models lacked longitudinal
information on changes in axillary lymph node status
after NAC. Additionally, even if post-NAC information
was included, there may still be a disparity between the
predicted model and clinical application if the model
does not encompass the entire axillary situation [12, 13].
These studies only included cN1 to cN2 stage patients,
without considering information about infraclavicular
lymph node metastasis. They were limited to providing
a more accurate and comprehensive description of the
axilla. If data encompassing the entire axillary region can
be obtained, the prediction model performance could be
significantly improved.

As an interdisciplinary field combining medical imag-
ing and computer vision, radiomics is gradually playing
a significant role in assisting clinical diagnosis and treat-
ment strategies. It also has been used to assess axillary
lymph node status in breast cancer patients [14-16].
However, these studies still only focused on one positive
lymph node as a target rather than the whole axilla.

In this retrospective study, we considered the entire
axilla as the region of interest (ROI) for radiomics anal-
ysis and incorporated both pre-NAC and post-NAC
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computed tomography (CT) images to add longitudinal
information. We aimed to assess the feasibility of predict-
ing axillary pCR after NAC using radiomics with clinical
and pathological information.

Materials and methods

Patient enroliment

This study initially included 720 breast cancer patients
who underwent NAC followed by surgery at Henan Can-
cer Hospital between January 2020 and September 2022.
All patients had confirmed axillary lymph node (includ-
ing infraclavicular lymph nodes) metastasis through
either core needle biopsy or pathological consultation
before NAC. Enrollment and exclusion criteria for analy-
sis is shown in Fig. 1. The required imaging data and clin-
ical pathological information were obtained through the
Picture Archiving and Communication System (PACS)
and Electronic Medical Records system. This retrospec-
tive study obtained approval from the institutional ethics
review board (No. 2017407). Informed consent had been
obtained from each patient at the time of the examina-
tion for imaging and clinical data.

All included patients underwent pre-NAC clinical
staging according to the eighth edition American Joint
Committee on Cancer (AJCC) breast cancer staging
system. Expression of ER, PR, HER2, and KI67 index
were detected by immunohistochemistry. When HER2
expression was 2+, HER2 gene amplification was deter-
mined by fluorescence in situ hybridization (FISH). Then
patients were classified into Luminal A/ B (HER2 -),
Luminal B (HER2+), HER2 enriched, and Triple Nega-
tive subtypes. All patients underwent levels I-II ALND,
and N3 (infraclavicular lymph node metastasis) patients
also underwent additional level III dissection. The dis-
sected axillary lymph nodes were analyzed by patholo-
gists, and the absence of invasive cancer residue in all
lymph nodes was considered axillary pCR; otherwise, it
was considered non-pCR.

Treatments

Patients with different molecular subtypes received cor-
responding NAC regimens. For HER2 positive patients,
a dual-targeted chemotherapy regimen containing taxa-
nes, trastuzumab, and pertuzumab was administered.
For luminal subtype (HER2 negative) and triple negative
patients, chemotherapy regimens combining taxane with
anthracycline or with platinum drugs were administered.
Treatment changes due to progressive disease (PD) dur-
ing NAC were considered regimen change, while simple
deletion of chemotherapy drugs or cycles were still con-
sidered the original regimens.
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Fig. 1 Patient recruitment process and study workflow. *:N3 only includes infraclavicular lymph node metastasis

CT scan and image processing

Patients should undergo routine chest CT scans before
and after NAC. All CT scans were performed following
a standardized protocol on one of the three CT systems:
Brilliance iCT scanner (Philips Healthcare), uCT 760
(United Imaging), and SOMATOM Perspective (Siemens
Healthineers). The main scanning parameters were as fol-
lows: tube voltage =120 kV, automatic tube current mod-
ulation (30-70 mAs), pitch=1.0-1.5, matrix=512%512,
and field of view 350 mm X350 mm. The slice thickness
was from 0.625 mm to 1.25 mm. The acquired medias-
tinal window CT plain scan images were in DICOM for-
mat series images. The dicom2nifti library (python 3.7)
was used to batch convert DICOM series images into #ii.
gz files with the image resampling unified to 1 mm, 1 mm,
and 1.25 mm (thickness). Then, two senior radiologists

used 3D slicer software (5.0.2) to draw the entire axilla
of the affected side as ROI and saved it as a MASK file.
Then, the PyRadiomics module was used to batch-extract
radiomics features from nii.gz files and their matched
MASK files [17]. To obtain more derived features, we
also used wavelet, gradient, and Laplacian of Gaussian
(Lo@) filters. In particular, as an edge enhancement fil-
ter, the LoG filter can highlight different image textures
by adjusting the parameter Sigma. The roughness of the
image texture is inversely proportional to the value of
Sigma. In this study, the parameter range of Sigma was
set from 2 to 8 to obtain texture features with different
levels of fineness (Sigma=12,3,4,5,6,7,8]). 3190 radiomics
features can be obtained from each patient undergoing
two CT scans. Inter-observer and intra-observer consist-
ency was performed by analyzing all radiomics features
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extracted based on intra and interclass correlation coef-
ficients (ICCs). ICC > 0.8 suggested good agreement.

Statistics

Patients were divided into a training set and a testing
set at a ratio of 7:3. Then they were divided again into
two groups according to whether they obtained axillary
pCR. We employed R 4.2.1 and SPSS 26.0 (IBM, USA)
for statistics. Continuous variables are described as the
mean+SD. The comparison between the two groups
was performed using X test for categorical variables and
independent t-test or Mann—Whitney U test for con-
tinuous variables. The obtained radiomics features were
screened for significantly different features through Stu-
dent’s t-test and least absolute shrinkage and selection
operator (LASSO) regression algorithm [18]. Feature
importance was subsequently evaluated using the explain
function (DALEX library, R software 4.2.1). The corre-
lation between radiomics features and baseline clinical
features was analyzed. Then, we built a pure radiom-
ics features model and developed a possible prediction
score (Radiomics score) using this algorithm. Radiomics
score was combined with these clinical features to build
an integrated clinical-radiomics model through logis-
tic regression (LR radiomics-clinical combined model).
Clinical features model was also constructed by logis-
tic regression. Receiver operating characteristic (ROC)
curves were drawn for each model. Bilateral P val-
ues<0.05 were regarded as significant. Subtype analyses
were the same as above. Finally, a nomogram was created
using the rms library (R software). Calibration curve were
also generated to examine the performance of the nomo-
gram. The study workflow is detailed in Fig. 2.

Results

Baseline clinicopathological characteristics

A total of 549 cases were obtained after screening,
including 290 axillary pCR patients and 259 non-pCR
patients. Then these patients were randomly divided into
training set and testing data in the ratio of 7:3 (see Fig. 1).
Table 1 shows the clinicopathological characteristics of
the patients in the training set (#=385) and the testing
set (n=164). There were significant differences between
the two groups, such as clinical N stage, molecular sub-
type, IHC markers, and treatment regimen, while there
were no significant differences in age, height, weight, or
primary tumor T stage.

Correlation analysis of radiomics and clinicopathological
features

Then, from the 3190 obtained features, we found that
the correlation coefficients of 33 radiomics features with
clinicopathological features were greater than absolute
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correlations of 0.35. These features had the strongest
correlation with the clinical N stage and were all pre-
NAC features (Fig. 3A). Then, these 3190 features were
screened through t-test and LASSO regression. A total
of 42 radiomics features were obtained and significantly
related to axillary pCR (Fig. 3B), including 21 pre-NAC
features and 21 post-NAC features. Pre-NAC features
were mainly wavelet (#=10) and LoG (n=9) filter-
derived features; post-NAC features were mainly LoG
(n=18) filter-derived features. These 42 features had no
intersection with the previous 33 features that were sig-
nificantly related to the clinical N stage. Their correlation
with baseline clinical features was much lower (generally
between -0.3 and 0.3, Fig. 3C).

Performance of clinical and radiomics models
Subsequently, using different machine learning meth-
ods, we established 3 models to predict axillary pCR and
compared their performance. Through logistic regression
to build a clinical features model, the AUC was 0.837 in
the training set and 0.716 in the testing set. The LASSO
regression model from 42 radiomics features had an AUC
of 0.778 in the training set and 0.734 in the testing set.
However, the integrated LR radiomics-clinical combined
model, which combined radiomics with clinical features,
performed much better (training set AUC: 0.861, test-
ing set AUC: 0.891) than these two single-modal models
(Fig. 4A and B). The DCA also showed that the thresh-
old probability of radiomics-clinical combined model
was greater than 10% in the training set (Fig. 4C) and
testing set (Fig. 4D). Feature importance of the radiom-
ics LASSO model was analyzed. The vast majority of the
features were achieved through the Laplacian of Gauss-
ian (LoG) filter (Fig. 4E).

Model performance in subtypes

In subtypes analysis, as Luminal B (HER2 positive) and
HER?2 enriched subtype patients generally accepted the
same NAC treatment, these two subtypes were pooled
as a HER2 positive subtype for analysis. Then, for each
subtype, we also developed 3 models to predict axillary
pCR and compared their performance to determine the
most optimal model. In the training sets, three radiom-
ics-clinical combined models yielded AUCs of 0.756,
0.812, and 0.928 in Luminal A/B (HER2 negative),
HER2 positive, and Triple negative subtype, respec-
tively (Fig. 5A). Figure 5B showed all the feature impor-
tance of the selected radiomics features in Luminal A/B
(HER2 negative), HER2 positive and Triple negative
subtype radiomics models. In the testing sets (Fig. 5C),
the radiomics-clinical combined models (AUCs: 0.757
[Luminal A/B (HER2 negative)], 0.777 [HER2 posi-
tive] and 0.838 [Triple negative]) also performed better
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Fig. 2 The study workflow of necessary steps in predicting axillary pCR after NAC. The entire axilla was drawed as ROI (blue dashed circle)



Wang et al. BMC Cancer ~ (2024) 24:549 Page 6 of 13
Table 1 Baseline characteristics of the axillary pCR and non-pCR groups
Clinical features  Groups Training Set P Testing Set P
pCR(N=195) Non-pCR(N=190) pCR(N=95) Non-pCR(N=69)

Age (years)?® 49.7(£9.2) 48.8(£9.6) 0.350 50.1(£94) 47.0(£10.9) 0.055
Height (cm)? 159.7(£12.0) 159.5(x£7.2) 0.822 159.6(x5.1) 160.2(x4.2) 0.396
Weight (kg)? 63.1(£9.1) 64.3(£11.4) 0.236 61.9(£9.1) 62.2(£9.5) 0.798
T stageb 0 1 1 0.818 0 0 0.770

1 13 15 5 4

2 151 138 76 51

3 22 24 1 10

4 8 12 3 4
N stageb 1 106 96 0.301 59 32 0.011

2 38 31 21 12

3 51 63 15 25
Subtype® Luminal A/ B (HER2 -) 40 109 <0001 9 39 <0.001

Luminal B (HER2+) 75 48 31 16

HER2 enriched 62 16 39 6

Triple Negative 18 17 16 8
ER expression® 5(0,80) 90 (30, 95) <0.001 0(0, 20) 90 (10, 95) <0.001
PR expression© 0(0, 20) 35 (1, 80) <0.001 0(0,7.5) 40 (0, 85) <0.001
Ki67 index* 50 (40, 70) 40 (30, 60) <0.001 50 (40, 70) 40 (30, 70) 0.151
HER?2 status® 0 1 20 <0001 6 10 <0.001

1+ 27 34 8 1

2+ (FISH-) 20 72 1 26

2+ (FISH+) 19 32 13 13

3+ 118 32 57 9
Treatment® anthracycline and taxane 48 120 <0.001 18 43 <0.001

dual-targeted drug 137 62 70 21

taxane and platinum 10 4 6

regimen change 0 1

?independent T test
by test
€ Mann-Whitney U test

than the clinical models (AUCs: 0.600 [Luminal A/B
(HER2 negative)], 0.736 [HER2 positive] and 0.569 [Tri-
ple negative]), and the radiomics models (AUCs: 0.702
[Luminal A/B (HER2 negative)], 0.657 [HER2 positive]
and 0.686 [Triple negative]). To evaluate the clinical
benefit value, we used decision curve analysis to iden-
tify the model score interval that could benefit patients
from model suggestions. For the Luminal A/B (HER2
negative) subtype and HER2 positive subtype, when the
threshold was set more than 0.08 (Luminal A/B (HER2
negative)) and 0.13 (HER2 positive), their clinical net
benefits were higher than 0 in the testing sets. How-
ever, for the Triple negative subtype, only the threshold
was set at the interval of 0.04—0.56, and the clinical net
benefits were higher than 0 (Fig. 5D).

Nomogram for prediction

With the results above, we developed an individualized
nomogram using the LR radiomics-clinical combined
model’s risk features for visualization. Then, the risk
probability of axillary non-pCR for each patient could be
calculated directly according to the nomogram. The cali-
bration curves demonstrated a good agreement between
the prediction probability by the nomogram and the
actual observation in both the training and testing sets
(see Fig. 6).

Discussion

Accurately predicting axillary pCR is of great significance
for breast cancer patients undergoing NAC. Our study
found that for patients who already had axillary lymph
node metastasis before NAC, using longitudinal radi-
omics features from pre-NAC and post-NAC CT scans,
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combined with clinical and pathological information,
could have a good predictive effect on the patient’s axil-
lary lymph node status.

In the past, the evaluation of axillary lymph node sta-
tus after NAC always relied solely on the patient’s clini-
cal pathological characteristics [10, 11, 19, 20]. Our study
also showed that axillary pCR was related to the N stage
before NAC, molecular subtype, ER/HER2 expression,
and treatment regimen. However, consistent with previ-
ous reports, our logistic regression model built on base-
line features cannot satisfactorily predict axillary status in
the testing set (AUC=0.716). The reason is that baseline

features lack longitudinal information with NAC. In
addition, baseline clinicopathological features often
come from breast primary lesions, which were different
from metastatic axillary lymph nodes [21]. Therefore, a
model based solely on pre-NAC baseline features can-
not accurately assess the post-NAC axillary lymph node
status. Luckily, during the patient’s NAC process, a large
amount of imaging scan data will inevitably be gener-
ated for treatment evaluation. If imaging features related
to axillary lymph nodes can be extracted from these
data, it will further help to improve the accuracy of the
prediction model. Indeed, previous studies showed that
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combining clinicopathological information with radiom-
ics could improve the performance of models [22-24].
Our results also found that building integrated predic-
tion models through this method for axillary pCR status
indeed achieved satisfactory results. The AUC value of

the radiomics-clinical combined model was above 0.85
either in the training set or the testing set.

Radiomic features just from pre-NAC CT could
not accurately predict axillary pCR because pre-NAC
imaging data cannot cover the patient’s personalized



Wang et al. BMC Cancer ~ (2024) 24:549 Page 10 of 13
. 0 10 20 30 40 50 60 70 80 90 100
Points L N | L N L L s L )
2
N stage ——
1 3
ER expression e
<1% 20% 50% 80% >95%
2+ (FISH+) 1+
HER2 status ———
3+ 2+ (FISH-) 0
Ki67 index .,
90% 60% 30%
Radiomics score - : : . . : . . ,
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Total Points ; . : . . . . . ; ; ; ; s
0 20 40 60 80 100 120 140 160 180 200 220 240
Prob of Non pCR , . — . ,
0.01 0.1 03 05 07 0.9 0.99
Calibration Curve of Nomogram in Training Set Calibration Curve of Nomogram in Testing Set
O‘, \“UH\““HW”\“ LA LA LU AL L L e C{f LU LR R UL L RN LI R NUNLIRL RUIIRL L L
@ @
oA oA
Z z
3 3
) )
SRR SRR
o o
© ©
=] |
|53 |53
<% <<
oA oA
Apparent Apparent
— Bias-corrected — Bias-corrected
N - ldeal N - |deal
(=l [l |
= . = p
o 7,' o 7,'
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Nomogram-Predicted Probability

Nomogram-Predicted Probability
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treatment process [4]. To address this problem, this
study included pre-NAC and post-NAC CT for radiom-
ics analysis. The result showed that both pre-NAC and
post-NAC could contribute valuable radiomics features
for predicting axillary pCR. In the correlation analysis,
we noticed that 33 pre-NAC radiomics features were sig-
nificantly correlated with patients’ N stage, which means

that even if the entire axilla rather than a positive lymph
node was drawn as the ROI, the extracted features could
also reflect the axillary metastatic burden. Although
baseline data analysis showed that patients with a lower
axillary metastatic burden might be more likely to
achieve axillary pCR (P=0.011 in the testing set), the 42
features screened by LASSO regression did not include
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the 33 features mentioned above. This indicated that for
predicting axillary lymph node status, radiomics has spe-
cific information that is different from clinical features.
The improvement in model performance by their com-
bination also showed that radiomics features could more
comprehensively reflected the post-NAC axillary lymph
node status and were also independent predictors of axil-
lary pCR as clinicopathological features.

Previous studies always used only one confirmed meta-
static lymph node as the ROI for analysis and modeling
[14, 15], regardless of the number of metastatic lymph
nodes. However, this cannot reflect the entire metastatic
burden in the axilla. It also has a problem of localization
difficulty, as this single lymph node could shrink and
even disappear during NAC. In this study, we creatively
used the entire axilla instead of simply drawing a posi-
tive lymph node as an ROI to extract radiomics features.
This can cover all imaging information in the entire axilla
and even evaluate the status of infraclavicular lymph
node metastasis. It also avoids the metastatic lymph
node drawing difficulties and errors caused by changes
after NAC. However, if using the entire axilla as an ROI,
whether these obtained radiomics features could reflect
total changes in these lymph nodes scattered in the axilla
becomes a key issue. Fortunately, we could use differ-
ent filters to solve this problem. Radiomics features are
not only extracted from original images but can also be
obtained from different filter-derived images. Among
them, the wavelet filter could highlight texture charac-
teristics, while the LoG filter mainly reflects grayscale
change areas. So the LoG filter was often used to repre-
sent boundaries between lymph nodes and surround-
ing fatty tissue. And wavelet filter was used to reflect the
internal texture structure of the lymph node [25]. There-
fore, if drawing the entire axilla as the ROI, we speculated
that using the wavelet filter could better reflect the struc-
tural differences inside enlarged axillary lymph nodes,
and the LoG filter was suitable for judging the overall
development of lymph node contour. In keeping with this
conjecture, from pre-NAC CT images, the extracted 10
wavelet features and 9 LoG features reflected the enrich-
ment of internal texture information and the contour
increase of enlarged positive lymph nodes. Due to the
drug response, enlarged lymph nodes often shrank after
NAC. It was difficult to observe the internal structure of
lymph nodes in detail, and only residual lymph node con-
tours could be observed. Therefore, most of the features
from post-NAC were mainly LoG filter-driven features.

For subtype analysis, due to insufficient cases, none
of the models in each subtype achieved better perfor-
mance than the overall case models. The stability and
accuracy of these models for subtypes decreased to
a certain extent. In addition, the relative increase in
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feature dimensions caused by the reduction of cases in
subtype analysis could indeed weaken the stability of
the model [26, 27]. More importantly, subtype mod-
eling greatly weakened the value of baseline features,
especially in the Luminal A/B (HER2 negative) subtype
and Triple negative subtype. The pure clinical mod-
els performed the lowest AUC than radiomics mod-
els and radiomics-clinical combined models in these
two subtypes. This is because the gene expression and
treatment of the same subtype were always consistent.
Therefore, in the same subtype, most baseline features
could not distinguish treatment outcomes, and their
importance was very limited in the model. Only for the
HER?2 positive subtype, previous studies showed that
different HER2 expressions showed significantly differ-
ent pCR rates [28, 29]. This also explains why the clini-
cal model has better performance than the radiomics
model in the HER2 positive subtype. The consistency
also led to the result that our nomogram only screened
four independent clinical features, including N stage,
ER expression, HER2 status, and KI67 index. Obviously,
the radiomics score had the highest score weight in the
nomogram.

Our study still has some limitations. It was a retro-
spective single-center study lacking more prospec-
tive multicenter data to enhance its clinical value. In
addition, in recent years, with the development of
artificial intelligence, deep learning has been rapidly
used in medical imaging [22, 30, 31]. We hope that in
future research, we can add deep learning to traditional
machine learning methods to achieve better results.

Conclusion

This study successfully predicted the axillary pCR sta-
tus of breast cancer patients after NAC by using pre-
and post-NAC routine CT data combined with clinical
pathological characteristics. This result can provide
decision-making assistance for whether patients could
be exempt from ALND.

Acknowledgements
We are grateful to all investigators who assisted in data collection and all the
patients for their participation.

Authors’ contributions

Conception and design: WJ. development of methodology: WJ, CT, BZ.
Acquisition of data: CT, DJ, JZ. Analysis and interpretation of data: WJ, CT, BZ,
JQ. Writing, review, and/or revision of the manuscript: WJ, JQ, ZL. Administra-
tive, technical, or material support: BZ, JQ, ZL. Study supervision: JQ, ZL. All the
authors have read and approved the final manuscript.

Funding

This study was supported by the Leading Talents Program of Henan Pro-
vincial Middle-Aged and Young Health Science and Technology Innovation
(YXKC2022005) and the Science and Technology Development Plan of Henan
Province (Priority development and promotion projects) (232102310147).



Wang et al. BMC Cancer (2024) 24:549

Availability of data and materials
The datasets used and/or analyzed during the current study are available from
the corresponding author upon reasonable request.

Declarations

Ethics approval and consent to participate

Ethics approval for the retrospective review of imaging and clinical data was
received from the Ethics Committee Board of the Affiliated Cancer Hospital
of Zhengzhou University & Henan Cancer Hospital (No. 2017407). Informed
consent had been obtained from each patient at the time of the examination
for imaging and clinical data.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details

'Department of Breast Disease, Henan Breast Cancer Center, The Affiliated
Cancer Hospital of Zhengzhou University & Henan Cancer Hospital, 127 Dong-
ming Road, Zhengzhou, Henan 450008, China. 2Department of Radiology, The
Affiliated Cancer Hospital of Zhengzhou University & Henan Cancer Hospital,
127 Dongming Road, Zhengzhou, Henan 450008, China.

Received: 27 November 2023 Accepted: 12 April 2024
Published online: 01 May 2024

References

1. Bilimoria KY, Bentrem DJ, Hansen NM, Bethke KP, Rademaker AW, Ko CY,
et al. Comparison of sentinel lymph node biopsy alone and completion
axillary lymph node dissection for node-positive breast cancer. J Clin
Oncol Off J Am Soc Clin Oncol. 2009;27:2946-53. https://doi.org/10.1200/
JC0.2008.19.5750.

2. Samiei S, van Nijnatten TJA, de Munck L, Keymeulen KBMI, Simons JM,
Kooreman LFS, et al. Correlation between pathologic complete response
in the breast and absence of axillary lymph node metastases after neoad-
juvant systemic therapy. Ann Surg. 2020;271:574-80. https://doi.org/10.
1097/SLA.0000000000003126.

3. Samiei S, Simons JM, Engelen SME, Beets-Tan RGH, Classe J-M, Smidt
ML. Axillary pathologic complete response after neoadjuvant systemic
therapy by breast cancer subtype in patients with initially clinically node-
positive disease. JAMA Surg. 2021;156:¢210891. https://doi.org/10.1001/
jamasurg.2021.0891.

4. Simons JM, van Nijnatten TJA, van der Pol CC, Luiten EJT, Koppert LB,
Smidt ML. Diagnostic accuracy of different surgical procedures for axillary
staging after neoadjuvant systemic therapy in node-positive breast can-
cer: a systematic review and meta-analysis. Ann Surg. 2019;269:432-42.
https://doi.org/10.1097/SLA.0000000000003075.

5. Boughey JC, Suman VJ, Mittendorf EA, Ahrendt GM, Wilke LG, Taback B,
et al. Sentinel lymph node surgery after neoadjuvant chemotherapy in
patients with node-positive breast cancer: the ACOSOG Z1071 (Alliance)
clinical trial. JAMA. 2013;310:1455-61. https://doi.org/10.1001/jama.2013.
278932.

6. Mclaughlin SA, Wright MJ, Morris KT, Giron GL, Sampson MR, Brockway
JP, et al. Prevalence of lymphedema in women with breast cancer 5 years
after sentinel lymph node biopsy or axillary dissection: objective meas-
urements. J Clin Oncol Off J Am Soc Clin Oncol. 2008;26:5213-9. https://
doi.org/10.1200/JC0O.2008.16.3725.

7. Crane-Okada R, Wascher RA, Elashoff D, Giuliano AE. Long-term morbidity
of sentinel node biopsy versus complete axillary dissection for unilateral
breast cancer. Ann Surg Oncol. 2008;15:1996-2005. https://doi.org/10.
1245/510434-008-9909-y.

8. Suami H, Chang DW. Overview of surgical treatments for breast cancer-
related lymphedema. Plast Reconstr Surg. 2010;126:1853-63. https://doi.
0rg/10.1097/PRS.0b013e3181f44658.

20.

21.

22.

23.

24.

Page 12 of 13

Senkus E, Cardoso MJ, Kaidar-Person O, tacko A, Meattini |, Poortmans P.
De-escalation of axillary irradiation for early breast cancer - Has the time
come? Cancer Treat Rev. 2021;101:102297. https://doi.org/10.1016/j.ctrv.
2021.102297.

Guo R, SuY, SiJ, Xue J,Yang B, Zhang Q, et al. A nomogram for predicting
axillary pathologic complete response in hormone receptor-positive
breast cancer with cytologically proven axillary lymph node metastases.
Cancer. 2020;126(Suppl 16):3819-29. https://doi.org/10.1002/cncr.32830.

. Vila J, Mittendorf EA, Farante G, Bassett RL, Veronesi P, GalimbertiV, et al.

Nomograms for predicting axillary response to neoadjuvant chemo-
therapy in clinically node-positive patients with breast cancer. Ann Surg
Oncol. 2016;23:3501-9. https://doi.org/10.1245/510434-016-5277-1.
Boughey JC, Ballman KV, Hunt KK, McCall LM, Mittendorf EA, Ahrendt GM,
et al. Axillary ultrasound after necadjuvant chemotherapy and its impact
on sentinel lymph node surgery: results from the American College of
Surgeons Oncology Group Z1071 Trial (Alliance). J Clin Oncol Off J Am
Soc Clin Oncol. 2015;33:3386-93. https://doi.org/10.1200/JC0O.2014.57.
8401.

Schwentner L, Helms G, Nekljudova V, Ataseven B, Bauerfeind I, Ditsch N,
et al. Using ultrasound and palpation for predicting axillary lymph node
status following neoadjuvant chemotherapy - Results from the multi-
center SENTINA trial. Breast Edinb Scotl. 2017,31:202-7. https://doi.org/
10.1016/j.breast.2016.11.012.

LiY-L, Wang L-Z, Shi Q-L, He Y-J, Li J-F, Zhu H-T, et al. CT Radiomics for pre-
dicting pathological complete response of axillary lymph nodes in breast
cancer after neoadjuvant chemotherapy: a prospective study. Oncologist.
2023;28:€183-90. https://doi.org/10.1093/oncolo/oyad010.

Zhang H, Cao W, Liu L, Meng Z, Sun N, Meng Y, et al. Noninvasive predic-
tion of node-positive breast cancer response to presurgical neoadjuvant
chemotherapy therapy based on machine learning of axillary lymph
node ultrasound. J Transl Med. 2023;21:337. https://doi.org/10.1186/
$12967-023-04201-8.

ZhuT, Huang Y-H, Li W, Zhang Y-M, Lin Y-Y, Cheng M-Y, et al. Multi-factor
artificial intelligence model assists axillary lymph node surgery in breast
cancer after neoadjuvant chemotherapy: multicenter retrospective
cohort study. Int J Surg Lond Engl. 2023;109:3383-94. https://doi.org/10.
1097/J59.0000000000000621.

. van Griethuysen JIM, Fedorov A, Parmar C, Hosny A, Aucoin N, Narayan'V,

et al. Computational radiomics system to decode the radiographic phe-
notype. Cancer Res. 2017;77:e104-7. https://doi.org/10.1158/0008-5472.
CAN-17-0339.

Wang J, Zhang H, Wang J, Pu Y, Pal NR. Feature selection using a neural
network with group lasso regularization and controlled redundancy. IEEE
Trans Neural Netw Learn Syst. 2021;32:1110-23. https://doi.org/10.1109/
TNNLS.2020.2980383.

Kantor O, Sipsy LM, Yao K, James TA. A predictive model for axillary node
pathologic complete response after neoadjuvant chemotherapy for
breast cancer. Ann Surg Oncol. 2018;25:1304-11. https://doi.org/10.1245/
510434-018-6345-5.

Schipper R-J, Moossdorff M, Nelemans PJ, Nieuwenhuijzen GAP, de Vries
B, Strobbe LJA, et al. A model to predict pathologic complete response
of axillary lymph nodes to neoadjuvant chemo(immuno)therapy in
patients with clinically node-positive breast cancer. Clin Breast Cancer.
2014;14:315-22. https://doi.org/10.1016/j.clbc.2013.12.015.

Rossi S, Basso M, Strippoli A, Dadduzio V, Cerchiaro E, Barile R, et al.
Hormone receptor status and HER2 expression in primary breast cancer
compared with synchronous axillary metastases or recurrent metastatic
disease. Clin Breast Cancer. 2015;15:307-12. https://doi.org/10.1016/j.clbc.
2015.03.010.

HuangY, ZhuT, Zhang X, Li W, Zheng X, Cheng M, et al. Longitudinal
MRI-based fusion novel model predicts pathological complete response
in breast cancer treated with neoadjuvant chemotherapy: a multicenter,
retrospective study. eClinicalMedicine. 2023;58:101899. https://doi.org/
10.1016/j.eclinm.2023.101899.

Venturella R, Lico D, Sarica A, Falbo MP, Gulletta E, Morelli M, et al. OvAge:
a new methodology to quantify ovarian reserve combining clinical, bio-
chemical and 3D-ultrasonographic parameters. J Ovarian Res. 2015;8:21.
https://doi.org/10.1186/513048-015-0149-z.

Mao N, ShiY, Lian C, Wang Z, Zhang K, Xie H, Zhang H, Chen Q, Cheng G,
Cong Xu, Dai Yi. Intratumoral and peritumoral radiomics for preopera-
tive prediction of neoadjuvant chemotherapy effect in breast cancer


https://doi.org/10.1200/JCO.2008.19.5750
https://doi.org/10.1200/JCO.2008.19.5750
https://doi.org/10.1097/SLA.0000000000003126
https://doi.org/10.1097/SLA.0000000000003126
https://doi.org/10.1001/jamasurg.2021.0891
https://doi.org/10.1001/jamasurg.2021.0891
https://doi.org/10.1097/SLA.0000000000003075
https://doi.org/10.1001/jama.2013.278932
https://doi.org/10.1001/jama.2013.278932
https://doi.org/10.1200/JCO.2008.16.3725
https://doi.org/10.1200/JCO.2008.16.3725
https://doi.org/10.1245/s10434-008-9909-y
https://doi.org/10.1245/s10434-008-9909-y
https://doi.org/10.1097/PRS.0b013e3181f44658
https://doi.org/10.1097/PRS.0b013e3181f44658
https://doi.org/10.1016/j.ctrv.2021.102297
https://doi.org/10.1016/j.ctrv.2021.102297
https://doi.org/10.1002/cncr.32830
https://doi.org/10.1245/s10434-016-5277-1
https://doi.org/10.1200/JCO.2014.57.8401
https://doi.org/10.1200/JCO.2014.57.8401
https://doi.org/10.1016/j.breast.2016.11.012
https://doi.org/10.1016/j.breast.2016.11.012
https://doi.org/10.1093/oncolo/oyad010
https://doi.org/10.1186/s12967-023-04201-8
https://doi.org/10.1186/s12967-023-04201-8
https://doi.org/10.1097/JS9.0000000000000621
https://doi.org/10.1097/JS9.0000000000000621
https://doi.org/10.1158/0008-5472.CAN-17-0339
https://doi.org/10.1158/0008-5472.CAN-17-0339
https://doi.org/10.1109/TNNLS.2020.2980383
https://doi.org/10.1109/TNNLS.2020.2980383
https://doi.org/10.1245/s10434-018-6345-5
https://doi.org/10.1245/s10434-018-6345-5
https://doi.org/10.1016/j.clbc.2013.12.015
https://doi.org/10.1016/j.clbc.2015.03.010
https://doi.org/10.1016/j.clbc.2015.03.010
https://doi.org/10.1016/j.eclinm.2023.101899
https://doi.org/10.1016/j.eclinm.2023.101899
https://doi.org/10.1186/s13048-015-0149-z

Wang et al. BMC Cancer (2024) 24:549

25.

26.

27.

28.

29.

30.

31.

based on contrast-enhanced spectral mammography. Eur Radiol.
2022,32(5):3207-19.

Demircioglu A. The effect of preprocessing filters on predictive perfor-
mance in radiomics. Eur Radiol Exp. 2022;6:40. https://doi.org/10.1186/
541747-022-00294-w.

Guyon |, Gunn S, Hur AB, Dror G. Result analysis of the NIPS 2003 feature
selection challenge. Proc. 17th Int. Conf. Neural Inf. Process. Syst. Cam-
bridge: MIT Press; 2004. p. 545-52.

Demircioglu A. Benchmarking feature selection methods in radiomics.
Invest Radiol. 2022;57:433-43. https://doi.org/10.1097/RLI.0000000000
000855.

Chen W, Li F-X, Lu D-L, Jiang J, Li J. Differences between the efficacy of
HER2(2+)/FISH-positive and HER2(3+) in breast cancer during dual-target
neoadjuvant therapy. Breast Edinb Scotl. 2023;71:69-73. https://doi.org/
10.1016/j.breast.2023.07.008.

Atallah NM, Alsaleem M, Toss MS, Mongan NP, Rakha E. Differential
response of HER2-positive breast cancer to anti-HER2 therapy based on
HER2 protein expression level. Br J Cancer. 2023. https://doi.org/10.1038/
541416-023-02426-4.

Zheng X, Yao Z,Huang Y, YuY,Wang Y, Liu Y, et al. Deep learning radiom-
ics can predict axillary lymph node status in early-stage breast cancer. Nat
Commun. 2020;11:1236. https://doi.org/10.1038/541467-020-15027-z.
Gu J,Tong T, Xu D, Cheng F, Fang C, He C, et al. Deep learning radiomics
of ultrasonography for comprehensively predicting tumor and axillary
lymph node status after neoadjuvant chemotherapy in breast cancer
patients: a multicenter study. Cancer. 2023;129:356-66. https://doi.org/
10.1002/cncr.34540.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 13 of 13


https://doi.org/10.1186/s41747-022-00294-w
https://doi.org/10.1186/s41747-022-00294-w
https://doi.org/10.1097/RLI.0000000000000855
https://doi.org/10.1097/RLI.0000000000000855
https://doi.org/10.1016/j.breast.2023.07.008
https://doi.org/10.1016/j.breast.2023.07.008
https://doi.org/10.1038/s41416-023-02426-4
https://doi.org/10.1038/s41416-023-02426-4
https://doi.org/10.1038/s41467-020-15027-z
https://doi.org/10.1002/cncr.34540
https://doi.org/10.1002/cncr.34540

	The use of longitudinal CT-based radiomics and clinicopathological features predicts the pathological complete response of metastasized axillary lymph nodes in breast cancer
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Materials and methods
	Patient enrollment
	Treatments
	CT scan and image processing
	Statistics

	Results
	Baseline clinicopathological characteristics
	Correlation analysis of radiomics and clinicopathological features
	Performance of clinical and radiomics models
	Model performance in subtypes
	Nomogram for prediction

	Discussion
	Conclusion
	Acknowledgements
	References


