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Abstract
Objectives Breast cancer (BC) is the most common cancer in women worldwide, and neoadjuvant chemotherapy (NAC) is
considered the standard of treatment for most patients with BC. However, response rates to NAC vary among patients, which
leads to delays in appropriate treatment and affects the prognosis for patients who ineffectively respond to NAC. This study
aimed to investigate the feasibility of deep learning radiomics (DLR) in the prediction of NAC response at an early stage.
Methods In total, 168 patients with clinicopathologically confirmed BC were enrolled in this prospective study, from March
2016 to December 2020. All patients completed NAC treatment and underwent ultrasonography (US) at three time points
(before NAC, after the second course, and after the fourth course). We developed two DLR models, DLR-2 and DLR-4, for
predicting responses after the second and fourth courses of NAC. Furthermore, a novel deep learning radiomics pipeline
(DLRP) was proposed for stepwise prediction of response at different time points of NAC administration.
Results In the validation cohort, DLR-2 achieved an AUC of 0.812 (95% CI: 0.770–0.851) with an NPV of 83.3% (95%
CI: 76.5–89.6). DLR-4 achieved an AUC of 0.937 (95% CI: 0.913–0.955) with a specificity of 90.5% (95% CI: 86.3–94.2).
Moreover, 19 of 21 non-response patients were successfully identified by DLRP, suggesting that they could benefit from
treatment strategy adjustment at an early stage of NAC.
Conclusions The proposed DLRP strategy holds promise for effectively predicting NAC response at its early stage for BC patients.
Key Points
• We proposed two novel deep learning radiomics (DLR) models to predict response to neoadjuvant chemotherapy (NAC)
in breast cancer (BC) patients based on US images at different NAC time points.
• Combining two DLR models, a deep learning radiomics pipeline (DLRP) was proposed for stepwise prediction of response
to NAC.
• The DLRP may provide BC patients and physicians with an effective and feasible tool to predict response to NAC at an
early stage and to determine further personalized treatment options.
Keywords Breast cancer · Deep learning · Neoadjuvant chemotherapy · Ultrasonography · Treatment outcome
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Abbreviations
BC	Breast cancer
CEMRI	Contrast-enhanced magnetic resonance
imaging
DLR	Deep learning radiology
DLRP	Deep learning radiology pipeline
ER	Estrogen receptor
HER2	Human epidermal growth factor receptor 2
MP	Miller-Payne
NAC	Neoadjuvant chemotherapy
NCCN	National comprehensive cancer network
PR	Progesterone receptor
RECIST	Response evaluation criteria in solid tumors

Introduction
Breast cancer (BC) is the most common cancer in women
worldwide and has the second-highest cancer-related mortality rate [1]. Preoperative neoadjuvant chemotherapy
(NAC) is the primary method used to reduce tumor size
and metastasis and increase the chance of breast-conserving
surgery for BC patients [2, 3]. Normally, if the efficacy of
NAC presents non-response or is dissatisfactory, further
treatments should be altered accordingly. Therefore, it is
critical to stop ineffective treatment or adjust the treatment
strategy as early as possible to avoid unnecessary toxic side
effects and optimize overall benefits [4]. However, owing to
the heterogeneity and complexity of the tumor, individual
responses of BC patients to NAC exhibit vast differences
[5, 6]. As the gold standard of response evaluation, the histopathological examination of surgical specimens is only
available after NAC treatment [7]. There is an urgent need
for accurate response prediction at the early stage of NAC,
which is especially meaningful for BC patients destined to
be non-response.
Response evaluation criteria in solid tumors (RECIST)
were used to assess the response to NAC treatment by
measuring changes in the maximum diameter of the tumor
on ultrasonography (US), magnetic resonance imaging
(MRI), and mammography [8–10]. However, these methods were applied after NAC was complete, which was not
early enough [11, 12]. Different from the conventional
approach, deep learning radiomics (DLR) is an emerging
technique for automatically extracting high-throughput
quantitative features from medical images for diagnosis and prognosis [13, 14]. We hypothesize that it would
achieve improved response prediction at early courses of
NAC treatment.
US is a safe, cheap, and real-time imaging technology
that has been widely used to monitor NAC treatment and
characterize breast lesions. Compared with MRI, US is
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more suitable for repeated patient evaluation during NAC.
Recent studies have demonstrated that US image-based
DLR can achieve high performance in the assessment of
the stage of liver fibrosis [14], prediction of lymph node
metastasis [15], and preoperative evaluation of the pathological complete response to NAC [16]. However, to the
best of our knowledge, there is only one study applying
DLR in US images for NAC response prediction, which
collected data from 39 tumors for investigation [17]. Thus,
a more comprehensive study with a larger dataset is necessary to explore the predictive ability of US-based DLR to
NAC response.
In this study, we aimed to propose a novel DLR pipeline
(DLRP) including two DLR models based on US images
acquired before NAC (pre-NAC), after the second (post-2ndNAC), and the fourth course of NAC (post-4th-NAC) for
individualized stepwise response prediction in BC patients
at early stages of NAC.

Materials and methods
Patients
This prospective study was approved by the Ethics Committee of the First Affiliated Hospital, Zhejiang University
School of Medicine (No. 2020384), and all patients provided written informed consent before study enrollment.
The inclusion criteria were as follows: (a) presence of breast
cancer (BC) confirmed by puncture biopsy results with no
distant metastasis; (b) available clinical data; (c) scheduled to
undergo NAC; and (d) surgery was performed after NAC was
completed. The exclusion criteria were as follows: (a) multifocal ipsilateral breast or multiple lesion bilateral tumor; (b)
no histopathological results (immunohistochemical results
before treatment or assessment of response); (c) no US examination at three times; (d) non-qualifying US images; (e) did
not complete NAC; and (f) distant metastasis during NAC.
In this study, 25% of patients were randomly selected as
the independent validation cohort leading to a ratio of 3:1 for
training and validation patients. We used stratified random
sampling to ensure that the proportion of the response and
non-response patients in the training and validation cohorts
remains the same.

Conventional US examinations
and immunohistochemical results
Breast US examinations were performed by an experienced
radiologist (> 10 years of experience) at three time points
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within 3 days. The detailed US data and immunohistochemical acquisition are provided in the Supplementary Material.

NAC and pathologic assessment of response
Six or eight courses of NAC were used for all enrolled
patients. The NAC regimens were mainly based on anthracycline and/or taxane. The treatment protocol and timeline
followed the National Comprehensive Cancer Network
(NCCN) guidelines.
The pathologic responses to NAC were confirmed using
the Miller-Payne (MP) grading criteria with surgical specimens [18]. A pathologist with 10 years of experience in
breast pathology conducted the histopathologic analysis and
was blinded to the US data. The MP system is categorized
into G1-G5 grades (Table 1). The non-response patients
were defined as G1-G3, and response patients were defined
as G4-G5.

DLR model
Two DLR models, DLR-2 and DLR-4, named after the second and fourth course of NAC, were developed to predict
the response to NAC after the second and fourth courses of
treatment. The DLR models receive dual input, including
the pre-NAC and post-NAC region of interest (ROI) images
(Fig. 2), and the output is the response score to NAC. ROI
images containing the complete tumor and its border tissue were manually cropped from the raw US images. The
workflow of ROI extraction and the detailed architecture
and training strategy for DLR-2 and DLR-4 are provided as
Supplementary Material.
In our study, DLR-2 and DLR-4 played different roles
in response prediction. For DLR-2, we are more inclined
to identify non-response patients as accurately as possible while ensuring that most response patients continue
to receive suitable NAC at the early stage. For DLR-4,
it is more important to identify as many non-response
patients as possible at the middle stage of NAC administration. To achieve the above requirements, the weighted
Youden index [19, 20], which maximizes the value
[(w × sensitivity) + ((1 − w) × specificity) − 1](0 < w < 1) ,
Table 1  Miller-Payne grading
criteria

was used to define the operating points. We set w to 0.8 to
increase the NPV and sensitivity of the DLR-2. Similarly, we
set w to 0.2 to ensure high specificity for the DLR-4.

Integration of DLR‑2 and DLR‑4 for stepwise
response prediction
Combining the DLR-2 and DLR-4, we further proposed a
stepwise response prediction pipeline called the DLRP. A
schematic diagram of the DLRP is shown in Fig. 1, and the
detailed workflow of the DLRP is provided in the Supplementary Material. The performance of the DLRP was validated using an independent validation cohort. All patients
in the validation cohort were included in this assessment.

Clinical models for comparison
To further verify the performance of DLR-2 and DLR4, similar to other BC studies [15, 16, 21], we used some
clinical characteristics including the percentage reduction
in tumor volume after the second or fourth course of NAC,
ER, PR, Ki67, and HER2 to construct clinical models.
Analogous to DLR-2 and DLR-4, we also constructed two
clinical models, Clinical-2 and Clinical-4, to predict the
response of patients after the second and fourth courses of
NAC, respectively. Stepwise multivariate logistic regression
was used to select independent predictors of response. After
feature selection, we constructed Clinical-2 and Clinical-4
for response prediction using multivariate logistic regression
analysis with a fivefold cross-validation.

Statistics analysis
Continuous variables are described as means with standard deviations (SDs); categorical variables are described
as numbers and percentages. Comparisons between groups
were made using the Student t-test or the Mann–Whitney
U test when appropriate for quantitative variables and with
the chi-squared test for qualitative variables. The 95% confidence interval (CI) was calculated using bootstrapping with
2000 resamples. The DeLong test [22] was used to calculate
whether the area under the curve (AUC) was significantly

Grade

Residual cancer burden

G1
G2
G3
G4

No change or some alteration in individual malignant cells but no reduction in overall cellularity
A minor loss of tumor cells but overall cellularity is still high; up to 30% loss
An estimated reduction in tumor cells between 30 and 90%
A marked disappearance of tumor cells such that only small clusters or widely dispersed individual cells remain; a > 90% loss of tumor cells
No malignant cells identifiable in sections from the site of the tumor; only vascular fibroelastic
stroma remains, often containing macrophages; however, ductal carcinoma in situ might be
present

G5
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Fig. 1  Schematic diagram of the deep learning radiomics pipeline
(DLRP). The DLRP consists of the DLR-2 and DLR-4. The US
images before and after two or four courses of NAC were inputted into the DLR model, which outputs the probability of response
to NAC. After the second course of NAC, the patient’s US images
were first used to predict the response through the DLR-2 model, and
the treatment strategy was immediately adjusted for non-response

patients. The remaining patients continued to receive the next two
courses of NAC. After the fourth course of NAC, the DLR-4 model
is used to further predict the response, and the prediction results from
the DLR-4 are used to decide whether to adjust the treatment strategy.
DLR, deep learning radiomics; NAC, neoadjuvant chemotherapy;
ROI, region of interest

different between the two radiomics models. The definition
of the metrics for model performance comparison are provided in the Supplementary Material. All statistical analyses were two-sided, and statistical significance was set at
p < 0.05. Statistical analyses were performed using SPSS
version 23.0 (IBM Corp.), Python 3.7, and R software (version 3.4.1).

of reduction in tumor volume were selected as the key predictors for Clinical-4. The AUCs of Clinical-2 in the training
and validation cohorts were 0.708 (95% CI: 0.680–0.734)
and 0.717 (95% CI: 0.680–0.734), respectively. In comparison, the AUCs of Clinical-4 in the training and validation
cohorts were 0.779 (95% CI: 0.754–0.803) and 0.825 (95%
CI: 0.784–0.861), respectively.
Compared with the clinical models, the proposed DLR
models achieved higher AUCs of response prediction
in both training and validation cohorts at the same time
point of NAC. DLR-2 offered AUCs of 0.979 (95% CI:
0.973–0.985) and 0.812 (95% CI: 0.770–0.851) in these
two cohorts. DLR-4 showed even better performance, with
AUCs of 0.981 (95% CI: 0.972–0.989) in the training cohort
and 0.937 (95% CI: 0.913–0.955) in the validation cohort.
Both DLR-2 and DLR-4 had significantly higher AUCs than
Clinical-2 and Clinical-4 (DeLong test: p < 0.001 for DLR-2
vs. Clinical-2, and p < 0.001 for DLR-4 vs. Clinical-4). The
receiver operator characteristic (ROC) curves of the different
models are shown in Fig. 3. We also compared the performance of the hybrid models based on both the DLR scores
and the key clinical predictors with our DLR models and
found almost no improvement in the AUC (see Supplementary Material for detailed results). Therefore, DLR-2 and
DLR-4 were used as the basic models for response prediction in this study.

Results
Baseline characteristics
Finally, 168 women with 168 breast lesions, from March
2016 to December 2020, were prospectively enrolled in the
study and analyzed for comparisons. Figure 2 shows the
flowchart of patient recruitment, and the baseline characteristics of these patients are summarized in Table 2. Response
rates were not significantly different between the two cohorts
(51.6% [65/126] vs. 50.0% [21/42], p = 1.0).

Performance of the DLR models
To build the clinical models, ER and HER2 were selected as
the key predictors for Clinical-2 using stepwise multivariate
logistic regression, whereas PR, HER2, and the percentage
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Fig. 2  Schematic of the study
population. NAC, neoadjuvant
chemotherapy

By setting the operating points reasonably through
the weighted Youden index, the DLR-2 model achieved
a high NPV of 100% (95% CI: 100–100) in the training
cohort and 83.3% (95% CI: 76.5–89.6) in the validation
cohort, which also resulted in a high sensitivity of 100%
(95% CI: 100–100) in the training cohort and 90.5%
(95% CI: 86.1–94.4) in the validation cohort. Similarly,
DLR-4 achieved a high specificity of 98.4% (95% CI:
93.8–96.9) in the training cohort and 90.5% (95% CI:
86.3–94.2) in the validation cohort. The detailed statistical results of the DLR and clinical models are presented
in Table 3.

Performance of the DLRP
All 42 patients in the validation cohort were included in
the evaluation of DLRP performance. The stepwise prediction results are shown in Fig. 4. Among these patients,
21 responded to NAC, whereas the other 21 did not. Ten
of 21 non-response patients were successfully identified
by DLRP after the second course of NAC. Among the
11 remaining non-response patients, nine were identified by DLRP after the fourth course of NAC, which also
allowed for treatment strategy adjustment. Only two of the
21 patients were wrongly predicted as response patients.
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Table 2  Patient and tumor characteristics
Characteristic

Age
ER
Positive
Negative
PR
Positive
Negative
Ki67
Positive
Negative
Her2
Positive
Negative
Δvolume-2
Δvolume-4
Molecular subtype
HR + and HER2 –
HR + and HER2 +
HER2 +
Triple-negative

Training cohort (126)

Validation cohort (42)

Response (65)

Non-response (61)

48 ± 9

48 ± 10

24
41

38
23

17
48

30
31

51
14

41
20

38
27
0.52 ± 0.41
0.81 ± 0.18

16
45
0.42 ± 0.54
0.53 ± 0.59

12
12
26
15

32
8
8
13

p
0.281
0.004

0.008

0.155

< 0.001

0.09
< 0.001
< 0.001

Response (21)

Non-response (21)

48 ± 9

48 ± 9

8
13

18
3

7
14

10
11

19
2

15
6

12
9
0.38 ± 0.65
0.85 ± 0.15

7
14
0.18 ± 0.76
0.42 ± 0.51

6
4
8
3

13
5
2
1

p
0.084
0.001

0.346

0.116

0.121

0.354
< 0.001
0.054

Abbreviations: ER, estrogen receptor; PR, progesterone receptor; HR, hormone receptor; HER2, human epidermal growth factor receptor 2;
NAC, neoadjuvant chemotherapy; Δvolume-2, relative change in volume before NAC and the second NAC; Δvolume-4, relative change in volume
between the second and fourth course of NAC

Fig. 3  Comparison of ROC curves between DLR models and clinical models for predicting response to NAC in the training and validation
cohorts. AUC, area under the receiver operator characteristic curve; DLR, deep learning radiomics

For the response patients, most patients (15 of 21) were
correctly identified by the DLRP to be effective response
to NAC. For the 6 misclassified response patients, 2 and
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4 patients were classified as non-responders after the second course of NAC, and after the fourth course of NAC,
respectively.
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Table 3  Performance of
different models for predicting
response to NAC in the training
and validation cohorts

Method
Clinical-2

train
val

DLR-2

train
val

Clinical-4

train
val

DLR-4

train
val

AUC

ACC (%)

SENS (%)

SPEC (%)

NPV (%)

0.708
[0.680, 0.734]
0.717
[0.680, 0.734]
0.979
[0.973, 0.985]
0.812
[0.770, 0.851]
0.779
[0.754, 0.803]
0.825
[0.784, 0.861]
0.981
[0.972, 0.989]
0.937
[0.913, 0.955]

66.7
[64.0, 69.3]
69.1
[64.5, 73.3]
89.7
[87.9, 91.3]
69.1
[64.5, 73.3]
73.8
[71.4, 76.1]
69.1
[64.5, 73.3]
96.8
[95.7, 97.8]
85.7
[82.1, 89.1]

81.5
[78.5, 84.5]
76.2
[70.5, 81.9]
100
[100, 100]
90.5
[86.1, 94.4]
67.7
[64.1, 71.1]
61.9
[55.2, 68.5]
95.4
[93.8, 96.9]
81.0
[75.4, 85.9]

50.8
[46.8, 54.6]
61.9
[55.1, 68.4]
78.7
[75.4, 81.8]
47.6
[41.0, 54.2]
80.3
[77.0, 83.3]
76.2
[70.2, 81.7]
98.4
[97.3, 99.2]
90.5
[86.3, 94.2]

72.1
[67.9, 76.2]
72.2
[65.9, 79.0]
100
[100, 100]
83.3
[76.5, 89.6]
70.0
[66.7, 73.3]
66.7
[60.3, 72.4]
95.2
[93.5, 96.9]
82.6
[77.6, 87.4]

The data in brackets are the 95% confidence intervals
Abbreviations: AUC, area under the receiver operating characteristic curve; ACC, accuracy; SENS, sensitivity; SPEC, specificity; PPV, positive predictive value; NPV, negative predictive value; DLR, deep learning
radiomics; train, training cohort, n = 126; val, independent validation cohort, n = 42

Fig. 4  Performance of the
DLRP model for the stepwise
prediction of response to
NAC treatment in the validation cohort. The bottom panel
shows the overall benefits of
the DLRP. DLR, deep learning
radiomics; R + , response; R-,
non-response; NAC, neoadjuvant chemotherapy
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Fig. 5  Stratified performance
of the DLRP based on breast
cancer molecular subtypes
including HR + and HER2-,
HER2 + , and triple-negative
subgroups. R + , response; R-,
non-response; HER2, human
epidermal growth factor receptor 2; HR, hormone receptor

Furthermore, for the validation cohort, we conducted a
stratified statistical analysis of the performance of the DLRP
based on three different molecular subtypes of BC (Fig. 5).
The DLRP achieved prediction accuracies of 16/19, 7/9,
7/8, and 4/4 in the HR + and HER2-, HR + and HER2-, ER-,
PR-, and HER2 + , and triple-negative subgroups. We also
performed a stratified statistical analysis based on different
modalities of tumor shrinkage (detailed information is provided in the Supplementary Material).

Interpretability of DLR models
To explore the interpretability of the DLR model, we used
gradient-weighted class activation mapping (Grad-CAM)
to visualize the DLR model [23]. Two groups of activation
maps for DLR-2 and DLR-4 are shown in Fig. 6 as examples. By screening all activation maps, we found different
common patterns for DLR-2 and DLR-4. The DLR-2 model
paid more attention to the interior of the tumor in both preNAC and post-2nd-NAC US images. However, for DLR-4,
the deep learning network paid more attention to tissues

13

around the tumor in post-4th-NAC images. This phenomenon
suggested that as the NAC treatment was going in different
courses, not just the tumor but the neighboring tissues also
gradually got involved in the biological response [24], which
was successfully interpreted by the deep learning network in
the middle of the treatment process.

Discussion
In this study, we proposed and validated two DLR models and an integrated DLRP designed for individualized
response prediction to the NAC treatment in BC patients.
Compared with the study of Byra et al. [17], the main difference is that a novel DLRP was proposed for stepwise
response prediction during the NAC treatment. Our results
indicate that DLRP holds promise as an effective tool to
assist clinicians in identifying non-response patients at the
early stages of NAC, which is critical for optimizing the
overall management of suitable BC patients.
Some studies have reported that clinicopathological and
morphological data, such as tumor size, tumor grade, tumor

European Radiology
Fig. 6  Visualization of the DLR
models using the Grad-CAM
method. Four activation maps
from DLR-2 and DLR-4 are
shown. The strong response
areas (red areas) are also the
areas that the DLR model pays
more attention to, which also
means that these areas are more
valuable for response prediction. NAC, neoadjuvant chemotherapy; DLR, deep learning
radiomics

type, and hormone receptor status, might be predictors
for effectively evaluating the response to NAC [9, 25–27].
However, only based on pathological characteristics that
satisfactory performance cannot be achieved [28, 29]. The
reason for this phenomenon may be that human experts
are unable to correctly identify tumor tissue and fibrous
tissue on ultrasound images. When the tumor responds to
NAC, changes within the tumor and its microenvironment
will take place. However, these changes cannot be easily
deciphered by humans. These results are consistent with
our findings (AUCs, Clinical-2: 0.717, Clinical-4: 0.825),
indicating that only using clinical predictors is not reliable
enough to predict NAC response. In our study, DLR-2 and
DLR-4 were two DLR models used to predict the response
after the second and fourth courses of NAC. DLR-2 achieved
an AUC of 0.812, and DLR-4 further improved the performance (AUC: 0.937) at a relatively later stage of NAC. This
phenomenon reveals that with the further progress of NAC,
more dramatic changes in tumor status were reflected in
US image phenotypes, which enables the DLR model to
have a more powerful prediction. This is in line with clinical consensus. Compared with clinical models, the prediction ability of DLR-2 and DLR-4 was significantly higher
(DeLong test, p < 0.001), proving the superiority of this US
image-based deep learning approach. Moreover, US images
feeding to the proposed models have already been routinely

acquired before and during the NAC treatment, which does
not require extra efforts for patient management.
The DLRP is a stepwise prediction model that combines
DLR-2 and DLR-4, so that the efficacy of identifying nonresponse patients was systematically enhanced. To achieve
that, we designed DLR-2 and DLR-4 to have different characteristics in DLRP. Obviously, it is more challenging to
obtain accurate predictions at an earlier stage of NAC [30].
Therefore, when the overall performance of deep learning reached its limitation at the second course of NAC, the
DLR-2 was deliberately adjusted to primarily ensure high
sensitivity and high NPV. As a result, most response patients
could continue their treatment; meanwhile, most predicted
non-response patients were observed to be true negatives
(Fig. 4). The number of patients in these two categories
was maximized, and they could obtain clinical benefits at a
very early stage of NAC. Then, as the treatment progressed
to the fourth course, it was possible for the DLR model to
achieve better performance at this time point. We deliberately adjusted DLR-4 to ensure high specificity, so that it
would identify as many non-response patients as possible,
without increasing the risk, which could lead to misclassification of the response patients (Fig. 4). These adjustments were technically achieved by setting the operating
points. Finally, 90% (19 of 21) of non-response patients
benefited from our DLRP, and they could avoid subsequent
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ineffective treatments. Among them, nearly half of nonresponse patients (10 of 21) were identified after only two
courses of NAC. As for the response patients, 71% (15 of
21) of them could fully receive NAC, and the other 19% (4
of 21) completed four courses of NAC.
The design of DLRP is consistent with actual clinical
practice, and its application can be seamlessly integrated
into the common process of BC diagnosis and treatment. It made the most use of US images obtained from
repeated monitoring during the NAC procedure. However,
although DLRP identified most non-response patients to
NAC, a small ratio of response patients misclassified as
non-response patients cannot be ignored. They would
expose to the uncertainty of efficacy associated with the
adjusted treatment strategy. Therefore, for non-response
patients predicted by DLRP, further evaluation should be
performed using other imaging modalities (such as MRI
and positron emission tomography-computed tomography)
for reconfirmation and risk reduction [31–33]. The NCCN
guidelines indicate that these patients can be treated with
postoperative radiotherapy [34], and this recommendation
is also appropriate for BC patients evaluated by the DLRP
model.
Our study has several limitations. First, although our
study contained a relatively larger dataset than other
related studies [17], it is still a single-center study. Further
external validation with prospectively enrolled larger numbers of patients should be performed to testify the robustness and accuracy of DLR models. Second, predictions
made by DLRP should be interpreted with caution. Current findings suggested that US images-based predictions
were not yet powerful enough to fully determine whether
NAC should be discontinued for an individual. Clinicians
must consider treatment strategies comprehensively from
multiple information sources. Third, the biological mechanism directly related to the deep learning analysis of US
image phenotypes is not deeply investigated. This study
proved the proposed DLRP strategy was effective, but we
still need interdisciplinary cooperation with tumor biologists to explain why it worked from their perspectives.
In conclusion, the stepwise prediction model (DLRP),
which is based on pre-NAC, post-2nd-NAC, and post-4thNAC US images, provides (1) a noninvasive and practical
method for individualized response prediction in BC patients
at an early stage of NAC treatment and (2) allows for the
timely modification of treatment strategy to avoid nonresponse patients from undergoing ineffective treatment.
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Acknowledgements We gratefully acknowledge all the researchers
enrolled in this study.

13

Funding This study has received funding from the Ministry of Science and Technology of China under Grant No. 2017YFA0205200,
the National Key R&D Program of China under Grant No.
2018YFC0114900, the National Natural Science Foundation of
China under Grant No. 62027901, 81930053, 81227901, 82027803,
81971623, the Chinese Academy of Sciences under Grant No.
YJKYYQ20180048, QYZDJ-SSW-JSC005, the Youth Innovation
Promotion Association CAS, and the Project of High-Level Talents
Team Introduction in Zhuhai City.

Declarations
Guarantor The scientific guarantor of this publication is Wang Kun.
Conflict of interest The authors of this manuscript declare no relationships with any companies whose products or services may be related
to the subject matter of the article.
Statistics and biometry One of the authors has significant statistical
expertise.
Informed consent Written informed consent was obtained from all
subjects (patients) in this study.
Ethical approval Institutional Review Board approval was obtained.
Methodology
• prospective
• diagnostic or prognostic study
• performed at one institution

References
1. Bray F, Ferlay J, Soerjomataram I, Siegel RL, Torre LA, Jemal A
(2018) Global cancer statistics 2018: GLOBOCAN estimates of
incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin 68:394–424
2. Gradishar WJ, Anderson BO, Abraham J et al (2020) Breast cancer, version 3.2020, NCCN Clinical Practice Guidelines in Oncology. J Natl Compr Canc Netw 18:452–478
3. Gradishar WJ, Anderson BO, Balassanian R et al (2018) Breast
cancer, version 4.2017, NCCN Clinical Practice Guidelines in
Oncology. J Natl Compr Canc Netw 16:310–320
4. Brackstone M, Fletcher GG, Dayes IS, Madarnas Y, SenGupta SK,
Verma S (2015) Locoregional therapy of locally advanced breast
cancer: a clinical practice guideline. Curr Oncol 22:S54-66
5. Derks MGM, van de Velde CJH (2018) Neoadjuvant chemotherapy in breast cancer: more than just downsizing. Lancet Oncol
19:2–3
6. Xiong Q, Zhou X, Liu Z et al (2020) Multiparametric MRI-based
radiomics analysis for prediction of breast cancers insensitive to
neoadjuvant chemotherapy. Clin Transl Oncol 22:50–59
7. Pinder SE, Provenzano E, Earl H, Ellis IO (2007) Laboratory handling and histology reporting of breast specimens from patients
who have received neoadjuvant chemotherapy. Histopathology
50:409–417
8. Hylton NM, Blume JD, Bernreuter WK et al (2012) Locally
advanced breast cancer: MR imaging for prediction of response
to neoadjuvant chemotherapy–results from ACRIN 6657/I-SPY
TRIAL. Radiology 263:663–672
9. Vriens BE, de Vries B, Lobbes MB et al (2016) Ultrasound is at
least as good as magnetic resonance imaging in predicting tumour
size post-neoadjuvant chemotherapy in breast cancer. Eur J Cancer
52:67–76

European Radiology
10. Eun NL, Son EJ, Gweon HM, Kim JA, Youk JH (2020) Prediction
of axillary response by monitoring with ultrasound and MRI during and after neoadjuvant chemotherapy in breast cancer patients.
Eur Radiol 30:1460–1469
11. Croshaw R, Shapiro-Wright H, Svensson E, Erb K, Julian T
(2011) Accuracy of clinical examination, digital mammogram,
ultrasound, and MRI in determining postneoadjuvant pathologic
tumor response in operable breast cancer patients. Ann Surg
Oncol 18:3160–3163
12. Nakashima K, Uematsu T, Harada TL et al (2021) Can breast
MRI and adjunctive Doppler ultrasound improve the accuracy
of predicting pathological complete response after neoadjuvant chemotherapy? Breast Cancer. https://doi.org/10.1007/
s12282-021-01249-6
13. Lambin P, Rios-Velazquez E, Leijenaar R et al (2012) Radiomics:
extracting more information from medical images using advanced
feature analysis. Eur J Cancer 48:441–446
14. Wang K, Lu X, Zhou H et al (2019) Deep learning Radiomics
of shear wave elastography significantly improved diagnostic
performance for assessing liver fibrosis in chronic hepatitis B: a
prospective multicentre study. Gut 68:729–741
15. Guo X, Liu Z, Sun C et al (2020) Deep learning radiomics of
ultrasonography: Identifying the risk of axillary non-sentinel
lymph node involvement in primary breast cancer. EBioMedicine
60:103018
16. Jiang M, Li CL, Luo XM et al (2021) Ultrasound-based deep
learning radiomics in the assessment of pathological complete
response to neoadjuvant chemotherapy in locally advanced breast
cancer. Eur J Cancer 147:95–105
17. Byra M, Dobruch-Sobczak K, Klimonda Z, PiotrzkowskaWroblewska H, Litniewski J (2021) Early prediction of response
to neoadjuvant chemotherapy in breast cancer sonography using
Siamese convolutional neural networks. IEEE J Biomed Health
Inform 25:797–805
18. Corben AD, Abi-Raad R, Popa I et al (2013) Pathologic response
and long-term follow-up in breast cancer patients treated with neoadjuvant chemotherapy: a comparison between classifications and
their practical application. Arch Pathol Lab Med 137:1074–1082
19. Rücker G, Schumacher M (2010) Summary ROC curve based
on a weighted Youden index for selecting an optimal cutpoint in
meta-analysis of diagnostic accuracy. Stat Med 29:3069–3078
20. Yamashita R, Long J, Longacre T et al (2021) Deep learning
model for the prediction of microsatellite instability in colorectal
cancer: a diagnostic study. Lancet Oncol 22:132–141
21. Zheng X, Yao Z, Huang Y et al (2020) Deep learning radiomics
can predict axillary lymph node status in early-stage breast cancer.
Nat Commun 11:1–9
22. DeLong ER, DeLong DM, Clarke-Pearson DL (1988) Comparing
the areas under two or more correlated receiver operating characteristic curves: a nonparametric approach. Biometrics:837–845

23. Selvaraju RR, Cogswell M, Das A, Vedantam R, Parikh D, Batra
D (2017) Grad-cam: visual explanations from deep networks via
gradient-based localization. Proceedings of the IEEE international
conference on computer vision, pp 618–626
24. Zhuang X, Chen C, Liu Z et al (2020) Multiparametric MRI-based
radiomics analysis for the prediction of breast tumor regression
patterns after neoadjuvant chemotherapy. Transl Oncol 13:100831
25. Ouldamer L, Bendifallah S, Pilloy J et al (2019) Risk scoring system for predicting breast conservation after neoadjuvant chemotherapy. Breast J 25:696–701
26. Arici S, SengizErhan S, Geredeli C, Cekin R, Sakin A, Cihan S
(2020) The Clinical importance of androgen receptor status in
response to neoadjuvant chemotherapy in Turkish patients with local
and locally advanced breast cancer. Oncol Res Treat 43:435–440
27. Ma Y, Zhang S, Zang L et al (2016) Combination of shear wave
elastography and Ki-67 index as a novel predictive modality for
the pathological response to neoadjuvant chemotherapy in patients
with invasive breast cancer. Eur J Cancer 69:86–101
28. Haque W, Verma V, Hatch S, Suzanne Klimberg V, Brian Butler E, Teh BS (2018) Response rates and pathologic complete
response by breast cancer molecular subtype following neoadjuvant chemotherapy. Breast Cancer Res Treat 170:559–567
29. Liu Z, Li Z, Qu J et al (2019) Radiomics of multiparametric MRI
for pretreatment prediction of pathologic complete response to
neoadjuvant chemotherapy in breast cancer: a multicenter study.
Clin Cancer Res 25:3538–3547
30. Rauch GM, Adrada BE, Kuerer HM, van la Parra RF, Leung JW,
Yang WT, (2017) Multimodality imaging for evaluating response
to neoadjuvant chemotherapy in breast cancer. AJR Am J Roentgenol 208:290–299
31. Choi JH, Kim HA, Kim W et al (2020) Early prediction of neoadjuvant chemotherapy response for advanced breast cancer using
PET/MRI image deep learning. Sci Rep 10:21149
32. Kim C, Han SA, Won KY, Hong IK, Kim DY (2020) Early prediction of tumor response to neoadjuvant chemotherapy and clinical
outcome in breast cancer using a novel FDG-PET parameter for
cancer stem cell metabolism. J Pers Med 10(3):132
33. Reig B, Heacock L, Lewin A, Cho N, Moy L (2020) Role of
MRI to assess response to neoadjuvant therapy for breast cancer.
J Magn Reson Imaging 52
34. Goetz MP, Gradishar WJ, Anderson BO et al (2019) NCCN guidelines insights: breast cancer, Version 3.2018. J Natl Compr Canc
Netw 17:118–126
Publisher's note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

13

