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Background: Neoadjuvant therapy (NAT) for breast cancer requires effective monitoring to assess the
treatment response. To optimize treatment strategies, the early prediction of the therapeutic response
is crucial. This study evaluated the predictive performance of three ultrasound models—the longest axis
model (LAM), the dual axes model (DAM), and the manual segment model (MSM)—with a focus on early
treatment cycles, and the relationship between tumor shrinkage and the probability of a pathologic complete
response (pCR).

Methods: In total, 121 breast cancer patients (with 942 ultrasound images) at the Renmin Hospital of
Wuhan University from December 2020 to July 2023 were enrolled in this prospective study. The ability of
the three ultrasound models to predict the pCR across 6-8 NAT cycles was compared. Tumor response was
measured as the tumor shrinkage ratio (TSR) relative to the baseline and the preceding cycle. Area under
the curve (AUC) values were calculated for each model and cycle, and statistical significance was determined
using the DelLong test. A logistic regression model based on the first-cycle MSM was used to quantify the
relationship between the TSR and the probability of a pCR.

Results: The models had the highest AUC values in the first cycle of NAT, indicating their superior early
predictive performance (P<0.05). Tumor shrinkage was significantly greater in the pCR group than in the
non-pCR group. The logistic regression analysis based on the first-cycle MSM revealed a strong correlation
between tumor shrinkage and the probability of a pCR, such that patients with >50% shrinkage had a higher
likelihood of achieving a pCR.

Conclusions: Early cycle ultrasound assessments, particularly those that used the MSM, have strong
predictive value for the pCR. Integrating a tumor shrinkage-based probability analysis enhances the
predictive accuracy of the models. These findings support the use of early ultrasound evaluation in clinical

practice to optimize NAT strategies and patient outcomes.
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Introduction

Breast cancer continues to be one of the most prevalent
oncological challenges worldwide, and represents a
significant threat to women’s health and mortality (1). Thus,
sophisticated therapeutic strategies and robust evaluative
methodologies need to be developed. Neoadjuvant therapy
(NAT), which includes systemic chemotherapy and targeted
therapy before surgical intervention, is the established
protocol for the management of locally advanced breast
cancer (2,3). This regimen is designed to downgrade
the tumor stage, convert initially inoperable tumors into
operable tumors, and augment the likelihood of breast-
conserving procedures (4,5). The efficacy of NAT is
typically gauged by monitoring dimensional reductions in
the tumor across multiple treatment cycles (6-8).

The pathologic complete response (pCR), which is
defined as the absence of invasive or non-invasive cancer
remnants in breast and axillary pathology post-treatment (9),
is a prognostic marker associated with improved survival
outcomes (10,11). However, the accurate prediction of the
pCR during NAT remains a clinical challenge. Traditional
imaging techniques, such as mammography, magnetic
resonance imaging (MRI), and breast ultrasound, are
routinely used to assess patients undergoing NAT (12-14).
Contrast-enhanced MRI is considered the most accurate
method for detecting tumor responses to NAT (15,16);
however, its high costs and relatively long examination
time limit its frequent use. Mammography is particularly
sensitive to calcifications; however, the relationship between
calcific responses and therapeutic efficacy remains unclear,
and some studies have reported that its performance in
monitoring chemotherapeutic responses is suboptimal
(17,18). Advanced breast examination technologies, such
as digital breast tomosynthesis (19), automated whole-
breast ultrasound (20), molecular breast imaging (21),
and artificial intelligence—assisted diagnostic systems, are
currently under investigation but are not yet widely used in
clinical practice. Due to its real-time imaging capabilities
and cost effectiveness, ultrasound stands out as a promising
tool for monitoring the treatment response (22-25).
By enabling the early prediction of the pCR through
ultrasound, clinicians can customize treatment regimens
to minimize the adverse effects of ineffective therapies and
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support more personalized therapeutic decision making.
However, research on the optimal timing and frequency for
ultrasound examinations during NAT is limited.

This study was designed to explore the optimal timing
for ultrasound use in predicting the pCR in breast cancer
patients undergoing NAT. Specifically, it investigated the
ability of early treatment cycle ultrasound examinations
to reliably predict treatment outcomes. A prospective
study involving continuous ultrasound assessments of
breast cancer patients undergoing NAT was conducted
to collect clinical data to evaluate the effectiveness of
various ultrasound measurement techniques. By assessing
the predictive accuracy of ultrasound at different stages of
NAT, this research aimed to strengthen clinical decision-
making processes, ultimately enhancing patient prognoses
and optimizing therapeutic outcomes. We present this
article in accordance with the TRIPOD + Al reporting
checklist (available at https://qims.amegroups.com/article/
view/10.21037/qims-24-1444/rc).

Methods
Patients

This study prospectively collected 2,040 ultrasound images
from 278 breast cancer patients at the Renmin Hospital of
Wauhan University from December 2020 to July 2023. After
a standardized selection process, 121 breast cancer patients
with 942 ultrasound images were ultimately enrolled in
the study. All the patients underwent pre-treatment breast
core needle biopsy and were confirmed to have malignant
breast tumors. All the patients completed the entire course
of treatment, and underwent periodic breast ultrasound
examinations, and surgical excision and pathological
examination after treatment completion. Complete
pathology reports were available for all the patients. Figure
1 provides a schematic of the patient selection process. The
study was conducted in accordance with the Declaration
of Helsinki (as revised in 2013). The study was approved
by the Ethics Committee of the Renmin Hospital of
Wuhan University (approval No. WDRY2022-K217).
All participants provided written informed consent for
ultrasound examinations, surgical treatment, and the use of
their data.
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278 breast cancer patients receiving NAT
at Renmin Hospital of Wuhan University

Y

Ultrasound examinations were performed
at these points:

() Before NAT

(Il) After per-NAT treatment

Y

Receive complete NAT treatment and
surgery

157 patients excluded:

() Incomplete clinical information
(I) Irregular ultrasound examinations
(I} Unclear ultrasound images

(IV) Change in NAT regimen

Y

121 breast cancer patients with 942
ultrasound images

Figure 1 Patient selection and study flowchart. This chart displays
the selection process for breast cancer patients undergoing
NAT at the Renmin Hospital of Wuhan University. Ultrasound
examinations were conducted before NAT and after each treatment
cycle. In total, 278 patients were initially identified for inclusion
in the study; however, 157 patients were excluded for reasons
including incomplete clinical data, irregular ultrasound schedules,
poor image quality, or changes in the NAT protocol. Ultimately,
121 patients (with 942 ultrasound images) who received complete
NAT and surgery were included in the study. NAT, neoadjuvant
therapy.

Inclusion criteria

To be eligible for inclusion in the study, the patients
had to meet the following inclusion criteria: (I) have a
pathologically confirmed diagnosis of primary invasive
breast cancer via biopsy; (II) have not received breast cancer
treatment, and have the following indications: a tumor size
>5 cm; human epidermal growth factor receptor 2 (HER2)-
positive status; and estrogen receptor (ER)-, progesterone
receptor (PR)-, and HER2-negative status; axillary lymph
node metastasis, or a strong intent for breast conservation;
(III) have completed 6-8 cycles of NAT; (IV) have
undergone breast ultrasound examinations before NAT and
after each treatment cycle; and (V) have undergone surgical
excision after the completion of NAT and a subsequent

pathological examination.

© AME Publishing Company.

Exclusion criteria

Patients were excluded from the study if they met any
of the following exclusion criteria: (I) had changed their
chemotherapy regimen partway through treatment; (II) had
undergone surgical intervention before completing the full
course of NAT; (III) had breast tumor ultrasound images
that were not of sufficient quality for accurate assessment;
and/or (IV) had incomplete pathological results following
surgical excision.

Acquisition of ultrasound images and clinical information

The study implemented several measures to minimize
operator dependency and ensure the consistency of the
ultrasound measurements. First, patient examinations
were conducted using the same ESAOTE MEGAS GPX
FD570A (Esaote S.p.A., Genoa, Italy) ultrasound diagnostic
device, with the probe set to a linear array and the frequency
range adjusted to 5-13 MHz. All patients were placed in
the supine or semi-lateral position (with a pillow of suitable
height placed under the posterior axillary line for those with
larger breasts), with their arms abducted to fully expose the
breast. Second, the examinations followed a standardized
imaging protocol based on the American College of
Radiology’s Breast Imaging Reporting and Data System,
which included patient positioning, probe orientation, and
measurement methods. All scans were performed by two
experienced sonographers with 5-10 years of experience in
breast ultrasound imaging each, and standardized workflows
were adopted for image acquisition and reporting. For each
patient, the two sonographers independently conducted the
examinations, and only consistent findings were reported.
Additionally, all measurement results were reviewed and
verified by a specialist with over 10 years of experience
in breast ultrasound diagnostics. The clinical data of the
patients were collected from the institution’s electronic
health records system, including patient age, date of
diagnosis, menopausal status, pathological type, ER status,
PR status, HER2 status, Ki-67 index, and Residual Cancer
Burden (RCB) index after surgery.

Neoadjuvant treatment regimen and efficacy evaluation

All patients underwent 6-8 complete cycles of NAT. The
treatment protocols were based on the 2020-2023 National
Comprehensive Cancer Network guidelines and the
Chinese Society of Clinical Oncology guidelines for the
diagnosis and treatment of breast cancer (26-29).
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The most common treatment regimen for patients
with triple-negative breast cancer is epirubicin,
cyclophosphamide, and taxol, while the most common
regimen for patients with HER2-positive tumors is taxol,
carboplatin, trastuzumab, and pertuzumab, which are
administered every 21 days. Following NAT; the surgically
excised breast tumor tissues were sent to the Pathology
Department where specialist pathologists examined the
specimens. The RCB index (30) was used as the standard for
evaluating the residual tumor after NAT in breast cancer.
The pCR was defined as the complete absence of invasive
cancer in the breast and axillary lymph nodes (31). The
pathological evaluation and ultrasound assessment were
conducted independently.

Measurement of tumor shrinkage

According to the Response Evaluation Criteria in Solid
Tumors (RECIST, version 1.1) (32), tumor size was assessed
by ultrasound after each cycle of NAT. For patients with
multifocal disease, the tumor size was defined as the sum of
the size of each tumor. The following three measurement
methods were used to evaluate tumor shrinkage: the
longest axis model (LAM), which takes the maximum value
provided by the ultrasound report for the current cycle; the
dual axes model (DAM), which is the product of the longest
diameter and the perpendicular short diameter as reported
in the ultrasound for that cycle; and the manual segment
model (MSM), where experienced sonographers use 3D
slicer (version 5.4.0) to annotate the tumor boundaries and
area, and the area is automatically output by the software.
Figure 2 shows these measurement methods applied across
multiple cycles, providing representative examples from
both a pCR patient and a non-pCR patient.

Receiver operating characteristic (ROC) analysis and
tumor shrinkage modeling

To evaluate the predictive performance of the three
ultrasound-based tumor measurement models in predicting
the pCR, ROC curves were constructed using the tumor
shrinkage ratio (T'SR) as the variable, and the area under
the curve (AUC) values were calculated. ROC curves were
generated for each NAT treatment cycle to assess the
temporal predictive accuracy of each model. Pairwise AUC
comparisons across cycles and models were conducted
using the DeLong test. To further assess the longitudinal
performance of these models, combined ROC curves were
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constructed by aggregating cycle-specific AUC values and
visualized as step plots. In addition, a logistic regression
model was used to analyze the relationship between the
TSR in the first cycle measured by the MSM and the
probability of achieving a pCR, and the results were
presented as a predictive probability curve. All statistical
analyses were performed using the “pROC” and “ggplot2”
packages in R (version 4.3.2). The TSR was calculated using
the following formula:

75k =L =T L 100% (1]

c-1
where 7, is the tumor size at the previous cycle, and 7 is
the tumor size at the current cycle.

Statistical analysis

The statistical analyses were conducted using R (version
4.3.2). Data following a normal distribution are presented as
mean + standard deviation. Normality was tested using the
Shapiro-Wilk test. For comparisons between two groups,
the normally distributed data were analyzed using the #-test,
while the non-normally distributed data were assessed using
the Wilcoxon rank-sum test. For the categorical variables,
differences between groups were determined using the Chi-
squared test. Multiple group comparisons were conducted
using the Kruskal-Wallis test. A P value <0.05 was
considered statistically significant.

Results
Patient information

In this study, the data of 121 breast cancer patients
undergoing NAT were analyzed to compare the
characteristics of those who did not achieve a pCR (non-
pCR) with those who did (pCR) (Table I). The average age
of the patients in the non-pCR group (47.26+9.79 years)
was significantly lower than that of the patients in the
pCR group (52.07£10.94 years), and the difference was
statistically significant (P=0.012). Statistically significant
differences were also observed between the two groups in
terms of histological grading (P=0.001) and receptor status,
including ER (P<0.001), PR (P<0.001), and HER2 (P<0.001)
status. No significant differences were found between the
two groups in terms of menopausal state (P=0.065), tumor
type (P=0.222), N stage (P>0.999), T stage (P=0.785), and
Ki-67 status (P=0.082).
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Original
images

DAM

Pre-treatment

B Measurement of a pCR case

Original
images

DAM

MSM

Pre-treatment C1 C6

Figure 2 Representative tumor shrinkage across treatment cycles for non-pCR and pCR cases. This figure presents a series of representative
ultrasound images from different cycles of NAT in breast cancer patients. It displays original images, followed by analyses using the LAM,
DAM, and MSM. These sections illustrate changes in tumor measurements and segmentation across treatment cycles, demonstrating tumor
shrinkage over time. (A) A non-pCR case: this panel displays a series of ultrasound images illustrating tumor shrinkage in a patient who did
not achieve a pCR. (B) A pCR case: this panel displays a series of ultrasound images illustrating tumor shrinkage in a patient who achieved a
pCR. C, treatment cycle; DAM, dual axes model; LAM, longest axis model; MSM, manual segment model; NAT, neoadjuvant therapy; pCR,
pathologic complete response.

© AME Publishing Company. Quant Imaging Med Surg 2025;15(4):3616-3630 | https://dx.doi.org/10.21037/qims-24-1444



Quantitative Imaging in Medicine and Surgery, Vol 15, No 4 April 2025

Table 1 Basic information

3621

Patients (n=121)

Characteristic P value
Non-pCR (n=65) pCR (n=56)

Age (years) 47.26+9.79 52.07+10.94 0.012~

Menopausal state 0.065
Pre-menopausal 41 (63.08) 25 (44.64)
Post-menopausal 24 (36.92) 31 (55.36)

Tumor type 0.222
Invasive ductal carcinoma 35 (53.85) 23 (41.07)
Other 30 (46.15) 33 (58.93)

Histological grading 0.001*
Low-grade invasive breast cancer (WHO I, II) 28 (43.08) 8 (14.29)
High-grade invasive breast cancer (WHO lIl) 37 (56.92) 48 (85.71)

N stage >0.999
0 23 (35.38) 20 (35.71)
1-3 42 (64.62) 36 (64.29)

T stage 0.785
1 12 (18.46) 8 (14.29)
2 46 (70.77) 42 (75.00)
3 7 (10.77) 6 (10.71)

ER status <0.001*
Positive 44 (67.69) 16 (28.57)
Negative 21 (32.31) 40 (71.43)

PR status <0.001*
Positive 40 (61.54) 9 (16.07)
Negative 25 (38.46) 47 (83.93)

HER2 status <0.001*
Positive 15 (23.08) 42 (75.00)
Negative 50 (76.92) 14 (25.00)

Ki-67 status 0.082
<20% 16 (24.62) 6 (10.71)
>20% 49 (75.38) 50 (89.29)

Data were presented as mean + standard deviation or n (%). *, P<0.05 was considered statistically significant. ER, estrogen receptor;
HER2, human epidermal growth factor receptor 2; pCR, pathologic complete response; PR, progesterone receptor; WHO, World Health

Organization.

Tumor shrinkage trends

Patients underwent breast ultrasound to assess tumor

shrinkage after each cycle of NAT, and received surgical

treatment after completing 6-8 cycles of NAT (21 days per
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cycle). Figure 3 displays the tumor shrinkage trends and
the distribution of individual patient NAT data using the
three measurement methods; that is, the MSM (Figure 34),
LAM (Figure 3B), and DAM (Figure 3C). Each line graph
differentiates between the pCR and non-pCR patients.
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Figure 3 Comparative analysis of tumor shrinkage by ultrasound models and pathological response across NAT cycles. This figure illustrates

the progression of residual tumor percentages as assessed by the three different ultrasound models. Each panel is divided into two parts:

the left graph shows trend lines representing the average residual tumor percentage across 8 cycles of NAT for both the pCR and non-pCR

groups; the right graph displays the distribution of individual patient residual tumor percentages for each cycle, categorized by pCR and

non-pCR, with bars indicating median values, and error bars showing interquartile ranges. (A) Shrinkage trends and patient data assessed by
the MSM. (B) Shrinkage trends and patient data assessed by the LAM. (C) Shrinkage trends and patient data assessed by the DAM. DAM,
dual axes model; LAM, longest axis model; MSM, manual segment model; NAT, neoadjuvant therapy; pCR, pathologic complete response.

As the graphs show, while tumor shrinkage occurred in
both groups, the reduction was more pronounced in the
pCR group, which had a residual tumor size decrease to
less than 50% of the original size after the first two cycles,
compared to the non-pCR group, which maintained a
residual tumor size greater than 50%. Notably, the MSM
showed a more distinct early separation between the
groups, highlighting its enhanced sensitivity in tracking
early tumor shrinkage changes.

Ultrasound assessment of NAT efficacy across different
cycles

"To assess whether ultrasound could differentially predict the
likelihood of achieving a pCR after completing NAT across
different cycles, ROC curves for the three models were
established (Figure 4). In the first cycle of NAT, the AUC
values for the LAM, DAM, and MSM were the highest
among all cycles at 0.764 [95% confidence interval (CI):
0.679-0.849], 0.756 (95% CI: 0.667-0.846), and 0.744 (95%
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Figure 4 ROC curves for ultrasound models predicting the pCR across the NAT cycles, and the enhanced first-cycle analysis results.
This figure displays the ROC curves that were used to evaluate the predictive performance of the three ultrasound models across all cycles
of NAT. The AUC values for each cycle are annotated, and provide a measure of each model’s diagnostic accuracy at different stages of
treatment. (A) ROC curve and cycle-specific AUC values for the MSM. (B) ROC curve and cycle-specific AUC values for the DAM. (C)
ROC curve and cycle-specific AUC values for the LAM. (D) The first-cycle ROC curves for all models after incorporating clinical and
pathological features. AUC, area under the curve; CI, confidence interval; DAM, dual axes model; LAM, longest axis model; MSM, manual

segment model; NAT, neoadjuvant therapy; ROC, receiver operating characteristic.

CI: 0.653-0.835), respectively. The AUCs were compared
using the DeLong test (Tubles 2-4), and differed significantly
compared to other cycles (LAM: C1 vs. C2, C4, C5, C6,
P<0.05; DAM: C1 wvs. C3, C4, C6, P<0.05; MSM: C1 ws. C2,
C3, C4, C6, C7, P<0.05). This indicates that the predictive
efficacy of the DAM, MSM, and LAM was superior in the
first cycle of NAT; thus, the first cycle is the most effective
period for prediction. In addition, after incorporating
common clinical and pathological indicators (i.e., age,
menopausal status, pathological type, ER status, PR status,
HER?2 status, and the Ki-67 index), the ROC curves for the
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first cycle had significantly higher AUC values. Figure 4D
compares these models in the first cycle after including
clinical and pathological features, and shows an increase in
AUC values (LAM from 0.764 to 0.910, DAM from 0.756
to 0.905, and MSM from 0.744 to 0.915), demonstrating
an improvement in predictive ability. Thus, the ultrasound
models achieved better predictive accuracy early on when
integrated with clinical data.

Subsequently, we evaluated the effectiveness of the three
tumor measurement models over eight cycles of NAT, using
AUC values to gauge their discriminative ability (Figure 5).
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Table 2 P values for all cycles of NAT using the LAM

Cycle

Cycle

1 2 3 4 5 6 7 8
1 - 0.008* 0.134 0.001* 0.006* 0.004* 0.134 0.577
2 0.008* - 0.258 0.833 0.903 0.449 0.453 0.345
3 0.134 0.258 - 0.112 0.097 0.185 0.320 0.382
4 0.001* 0.833 0.112 - 0.948 0.998 0.844 0.913
5 0.006* 0.903 0.097 0.948 - 0.937 0.891 0.793
6 0.004* 0.449 0.185 0.998 0.937 - 0.991 0.854
7 0.134 0.453 0.320 0.844 0.891 0.991 - 0.669
8 0.577 0.345 0.382 0.913 0.793 0.854 0.669 -

*, P<0.05 was considered statistically significant. LAM, longest axis model; NAT, neoadjuvant therapy.

Table 3 P values for all cycles of NAT using the DAM

Cycle

Cycle

1 2 3 4 5 6 7 8
1 - 0.065 0.024* 0.001* 0.072 0.003* 0.247 0.879
2 0.065 - 0.921 0.358 0.701 0.888 0.884 0.483
3 0.024* 0.921 - 0.357 0.725 0.163 0.206 0.886
4 0.001* 0.358 0.357 - 0.474 0.989 0.951 0.650
5 0.072 0.701 0.725 0.474 - 0.376 0.879 0.435
6 0.003* 0.888 0.163 0.989 0.376 - 0.757 0.456
7 0.260 0.888 0.208 0.951 0.883 0.754 - 0.304
8 0.879 0.483 0.886 0.650 0.435 0.456 0.296 -

*, P<0.05 was considered statistically significant. DAM, dual axes model; NAT, neoadjuvant therapy.

Table 4 P values for all cycles of NAT using the MSM

Cycle

Cycle

1 2 3 4 5 6 7 8
1 - 0.049* 0.013* 0.029* 0.062 0.027* 0.035* 0.758
2 0.049* - 0.779 0.777 0.787 0.650 0.186 0.880
3 0.013* 0.779 - 0.971 0.743 0.814 0.590 0.161
4 0.029* 0.777 0.971 - 0.417 0.690 0.749 0.714
5 0.062 0.787 0.743 0.417 - 0.927 0.698 0.167
6 0.027* 0.650 0.814 0.690 0.927 - 0.868 0.746
7 0.035* 0.186 0.590 0.749 0.698 0.868 - 0.251
8 0.758 0.880 0.161 0.714 0.167 0.746 0.251 -

*, P<0.05 was considered statistically significant. MSM, manual segment model; NAT, neoadjuvant therapy.
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As Figure 5 shows, the predictive ability of the three models
across all NAT cycles was directly compared without adding
additional factors to explicitly assess their diagnostic efficacy
in a standardized setting. The AUC values and 95% ClIs
revealed that the performance of the models was closely
matched in the early treatment cycles, but slight variations
appeared as the therapy progressed. Notably, the statistical
comparisons revealed few significant differences between
the models (P>0.05), except in cycle 8 where a significant
difference was observed between the LAM and MSM
(P=0.046). Overall, the data suggest that all the models
performed comparably in measuring tumor shrinkage.

After evaluating the ROC curve performance of specific
cycles and models, the longitudinal predictive trends of
the three ultrasound-based models were further examined
by aggregating the AUC values across all NAT cycles
(Figure 6A4-6C). The step plots illustrate the temporal
variations in predictive accuracy. Notably, the MSM
exhibited a stable upward trend across cycles, with AUC
values increasing from 0.744 to 0.909. Conversely, the
DAM and LAM showed more pronounced fluctuations.
The early cycle AUC values were consistently gradually
increased across all models; however, later cycles exhibited
greater variability, particularly in the LAM.

To quantitatively evaluate the relationship between
tumor shrinkage and the likelihood of achieving a pCR,
a logistic regression model was constructed using MSM-
measured tumor shrinkage after the first NAT cycle
(Figure 6D). The curve revealed a positive correlation
between tumor shrinkage and the probability of achieving
a pCR. Specifically, patients with 50% tumor shrinkage
had a predicted probability of achieving a pCR of 51.9%.
For patients with more than 70% tumor shrinkage (defined
as a partial response by the RECIST), the probability of
achieving a pCR reached 65.9% or higher. The calculation
formula was expressed as follows:

! x100% 2]
1+exp(1.372-0.029x TSR)

P(pCR):

Discussion

In this study, three ultrasound models (i.e., the LAM, DAM,
and MSM) were used to assess the scale of tumor shrinkage
during NAT, and their predictive efficacy was compared across
different treatment cycles. As a primary imaging modality,
ultrasound offers significant advantages in monitoring tumor
size and morphology dynamically. It is particularly effective
in assessing residual size, detecting concentric shrinkage,

© AME Publishing Company.

and observing changes in internal echogenicity, all of which
contribute to predicting the pCR (33). Among these, tumor
size reduction is the most direct and reliable indicator of the
treatment response (34).

The key finding of this study was that all three
ultrasound models showed the highest predictive efficacy for
the pCR in the first cycle of NAT. In the first cycle, tumor
shrinkage was significantly greater in the pCR group than
the non-pCR group (Figure 3), and the AUC values for all
three models peaked (Figure 44-4C). This suggests that the
tumor response in the initial phase of treatment could serve
as an early indicator of therapeutic efficacy. The predictive
advantage of early cycle ultrasound assessments was further
confirmed by the DeLong test, which revealed that the
AUC values were significantly higher in the first cycle
than most later cycles (P<0.05). Conversely, as treatment
progressed, the predictive power of the ultrasound models
decreased, with greater variability observed in later cycles,
particularly for the LAM. The LAM, which relies on a
single-axis measurement, may fail to capture complex tumor
shrinkage patterns, particularly in cases of non-concentric
shrinkage or irregular morphology.

"To further quantify the relationship between early tumor
shrinkage and the likelihood of pCR, we developed a logistic
regression model based on first-cycle MSM tumor shrinkage
(Figure 6D). The model revealed a strong positive correlation
between tumor shrinkage and the probability of a pCR.
Patients with significant shrinkage (>50%) in the first cycle
were more likely to achieve a pCR (>50%). These findings
provide a quantitative framework for early response—based
patient stratification, reinforcing the clinical utility of first-
cycle ultrasound in guiding treatment decisions.

Our findings align with those of previous studies
emphasizing the role of ultrasound in NAT response
monitoring. Lim ez 4/. (23) showed that ultrasound-based
changes in the longest tumor diameter significantly predict
the RCB and pCR, with early reductions serving as strong
indicators of the treatment response. Sabeti er a/. (25)
showed the value of early cycle ultrasound assessments,
and found that incorporating quantitative high-definition
microvasculature imaging enhanced monitoring precision
in predicting the neoadjuvant chemotherapy response.
Similarly, Duan ez al. (35) developed a predictive model that
integrated shear wave elastography and core needle biopsy
pathology, and found significant associations between tumor
elasticity parameters and Miller-Payne grading, as well as
RCB classification (AUC: 0.855). Wen ez al. (36) expanded
on this by incorporating ultrasound morphological features
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Figure 5 Comparative ROC curves for three ultrasound models across the NAT cycles. This figure shows the ROC curves for the three
ultrasound models. Each curve shows the performance of the models in predicting pCR for each cycle of NAT. The AUC value for each
curve quantifies the predictive accuracy of the model across the treatment cycles. AUC, area under the curve; CI, confidence interval;

DAM, dual axes model; LAM, longest axis model; MSM, manual segment model; NAT, neoadjuvant therapy; ROC, receiver operating

characteristic.
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Figure 6 Combined ROC curves and the tumor shrinkage-based pCR prediction curve. (A-C) Combined ROC curves for the MSM, DAM,

and LAM across all NAT cycles. The AUC values represent the average predictive performance of each model over time, with confidence

intervals displayed. (D) Logistic regression model depicting the relationship between the tumor shrinkage ratio and the probability of

achieving a pCR. AUC, area under the curve; DAM, dual axes model; LAM, longest axis model; MSM, manual segment model; NAT,

neoadjuvant therapy; pCR, pathologic complete response; ROC, receiver operating characteristic.

and clinicopathological data into a model, and found
that tumor diameter reduction after the first cycle of
NAT, HER? status, and posterior acoustic features were
independent predictors of the pCR (AUC: 0.912). Unlike
previous studies, our research not only confirmed the
predictive value of an early response but also introduced
a quantitative approach for pCR probability estimation,
offering a more objective tool for clinical decision making.
Comparisons across models revealed no statistically
significant differences in the AUC values (P>0.05),
suggesting that the LAM, DAM, and MSM perform similarly
in pCR prediction. Compared to our earlier studies (37),
this research expanded the sample size and optimized the
calculation methods. However, the MSM showed a more
stable predictive performance over multiple treatment cycles
(Figure 64-6C), particularly in later cycles when tumor
shrinkage patterns became more complex. Conversely, the
DAM revealed an unexpected increase in tumor size for non-
pCR patients after cycle 4, which might be due to its reliance

© AME Publishing Company.

on the product of two diameters. This approach amplifies
small measurement variations, making it particularly sensitive
to irregular tumor shrinkage patterns (32). Additionally,
non-pCR tumors often develop heterogeneous structures,
including necrotic cores or fragmented regions, which could
affect measurement consistency (38). Moreover, inflammatory
responses or treatment-induced edema could temporarily
alter tumor morphology, creating an apparent increase in
size despite ongoing shrinkage (39). Similarly, the LAM
showed a diminishing ability to differentiate between the
pCR and non-pCR groups in later cycles (Figure 3B). This is
likely due to its reliance on a single-axis measurement, which
might not accurately reflect true tumor size and shrinkage
patterns. Tumors with non-concentric shrinkage, such as
those transitioning from a spherical to an elliptical shape or
fragmenting into smaller nodules, may not exhibit significant
changes in the longest diameter, even when substantial
shrinkage has occurred (23). Therefore, the MSM, which

considers the tumor’s total area, not only better maintained
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differentiation between the two groups throughout treatment
but also was shown to be a more reliable predictor in
early cycles, when clinical decisions regarding treatment
adjustments are most impactful (37,40). These findings
highlight the importance of using more comprehensive
measurement models, particularly in capturing complex
tumor responses during later stages of NAT (37).

The limitations of this study include its single-center
design and the homogeneity of the patient cohort.
Additionally, variations in ultrasound operator experience
might have introduced variability in predictive accuracy.
Future research should focus on multi-center studies
involving more diverse patient populations, and explore
integrating ultrasound with other imaging modalities,
such as MRI, to potentially enhance the accuracy of
pCR predictions. Incorporating additional biomarkers
or functional imaging parameters could also enhance the
clinical applicability of shrinkage-based predictive models.

Conclusions

This study showed the clinical utility of early cycle
ultrasound in predicting the pCR in breast cancer patients
undergoing NAT. The ability to quantify tumor shrinkage
and estimate the probability of pCR using first-cycle
ultrasound measurements provides an objective approach for
guiding treatment decisions. For patients exhibiting a poor
initial tumor response, early intervention strategies (e.g.,
treatment regimen adjustments, MRI supplementation, or
alternative therapies) may improve outcomes. By optimizing
NAT strategies based on the early treatment response,
unnecessary toxicity could be minimized, therapeutic
efficacy enhanced, and overall patient outcomes improved.
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